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Machine learning (ML) technologies have experienced unprecedented advancements, catalyzing theoretical

breakthroughs and enabling wide-ranging applications across various domains. However, as these systems

become more complex and are expected to perform a wider range of tasks, the challenges associated with

efficient training, fine-tuning, and deployment become increasingly prominent. One key strategy to address

these challenges is parameter efficiency, which involves minimizing the number of parameters that need

adjustment during training or inference, thus reducing computational resources while maintaining or im-

proving performance. This dissertation examines various approaches to enhance parameter efficiency in ML

models through exploring novel architectures and unconventional computing paradigms. We present three

main contributions aimed at enhancing parameter efficiency in ML models while maintaining or improving

performance. The first contribution introduces MTLoRA, a fine-tuning framework that leverages low-rank

adaptation matrices for parameter-efficient training of MTL models. By effectively disentangling the param-

eter space for diverse tasks, MTLoRA minimizes the number of parameters that need to be adjusted, training

only a small fraction of the model while maintaining high adaptability and performance. Building on the prin-

ciples of parameter-efficient architectures, the second contribution, CRLoMTL, addresses the challenges of

multi-objective optimization in MTL related to sharing parameters between different tasks. CRLoMTL em-

ploys parameter-efficient methods to tackle the issue of conflicting gradients across the shared backbone. By

utilizing low-rank matrix adaptations to handle gradient conflicts, CRLoMTL integrates a multi-pass training

strategy to effectively capture task interactions and systematically minimize inter-task conflicts in the shared

parameters, leading to improved convergence and overall model performance. We further extend these ideas

by improving the parameter-efficiency of MTL models through an adaptive framework for input-dependent

dynamic sparsification in multi-task learning. Our framework employs a lightweight policy network to rec-

ognize unnecessary computations based on input complexity, further optimizing model adaptability and ef-

ficiency. Moving beyond traditional silicon-based systems, the third contribution explores unconventional

platforms to build parameter-efficient systems. Unconventional computing, such as chemical computing, of-

fers unique computational paradigms with potential inherent parameter efficiency through analog encoding,

parallelism, and bio-compatibility. We present a molecular computation system that uses acid-base reactions

to perform calculations, efficiently encoding information in analog chemical form. By leveraging the nat-

ural complementarity of acids and bases, our approach demonstrates the feasibility of constructing neural

network classifiers in a chemical medium. Our approach efficiently encodes information in analog chemical

form, relying on the natural complementarity of acids and bases, demonstrating the feasibility of constructing

neural network classifiers in a chemical medium. The model is distinguished by two key advantages: inherent

parallelism and signal encoding efficiency. The model leverages simultaneous chemical reactions to model

the parallel processing of the neural network computation. Furthermore, our model achieves parameter effi-

ciency through analog encoding of signals as acid-base concentration levels, providing a more granular and

expansive range of values for each computational unit compared to traditional binary encoding. Furthermore,
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we extend our chemical computation platform to leverage enzymatic reactions to model neural networks and

digital gates through pH modulation, showcasing the potential for diversifying the computational strategies

for building parameter-efficient architectures.
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Chapter 1

Introduction

1.1 Motivation and Context

In recent years, machine learning has experienced substantial growth and innovation, influencing numerous

domains and contributing to advancements in technology and research. ML models have demonstrated ca-

pabilities in problem-solving, pattern recognition in data, and enhancing decision-making processes across

sectors such as healthcare, finance, autonomous systems, and natural language processing. This progression

has been facilitated by factors including increased data availability, advancements in computational power,

and the development of more sophisticated algorithms and architectures. As the capabilities of ML systems

expand, the expectations placed upon them also increase. Modern ML models are increasingly required to

perform a diverse range of tasks, often simultaneously, and to adapt to new domains and challenges. This

trend towards more versatile AI systems has led to the development of larger and more complex models. Re-

cent iterations of language and vision models, for example, contain a large number of parameters, allowing

them to address a wide range of tasks. However, the growth in model size and complexity has introduced

significant challenges. State-of-the-art models often require substantial computational resources for training

and inference. This increase in scale has implications for the cost and time associated with model develop-

ment, as well as the environmental impact of AI research and deployment [140]. For example, training large

models can result in significant carbon emissions, raising concerns about the sustainability of AI development

and highlighting the need for more efficient approaches [117]. Furthermore, the deployment of large models

on resource-constrained devices, such as smartphones or IoT devices, presents a considerable challenge [92].

The disparity between the computational requirements of state-of-the-art models and the capabilities of edge

devices has limited the widespread adoption of advanced ML technologies in many real-world scenarios. This

limitation is particularly relevant in applications where real-time processing, privacy, or offline functionality

is crucial. In response to these challenges, the ML research community has focused on developing more

efficient architectures and training methodologies. The concept of parameter efficiency has emerged as an

important area of study, aiming to reduce the number of parameters that require adjustment during training

1
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or inference while maintaining or improving model performance [46, 69]. This approach addresses computa-

tional and resource constraints and has the potential to improve model generalization and reduce overfitting

[17]. Techniques such as pruning, quantization, and knowledge distillation have shown the potential to reduce

the model size and computational requirements while maintaining performance. Pruning involves removing

unnecessary connections or neurons from a neural network. Quantization reduces the precision of the model’s

weights, allowing for more efficient computation and storage. Knowledge distillation transfers information

from a larger model to a smaller, more efficient model, enabling the creation of compact models that retain

much of the performance of their larger counterparts. Multi-task learning (MTL) has gained attention as a

paradigm suited to addressing these efficiency challenges. By training a single model to perform multiple

related tasks simultaneously, MTL leverages shared representations and knowledge transfer between tasks,

potentially improving both efficiency and performance. This approach aligns with the goal of creating more

versatile AI systems that can adapt to various tasks and domains without requiring separate models for each

application. However, MTL also introduces its own set of challenges, particularly in balancing the learning

objectives of different tasks and managing potential conflicts between them. The optimization of multi-task

models is complex, as different tasks may have conflicting gradients or require different levels of attention

to various parts of the shared model architecture. Addressing these challenges is necessary for realizing the

potential of MTL in creating efficient and versatile ML systems. In parallel with these developments in tra-

ditional ML architectures, there is interest in exploring unconventional computing platforms that may offer

advantages in terms of efficiency and scalability. Chemical and biological computing systems, for instance,

have the potential to perform certain computations with lower energy requirements than traditional electronic

systems. These alternative platforms could provide new avenues for building efficient AI systems. Biolog-

ical computing, inspired by the information processing capabilities of living organisms, offers possibilities

for creating energy-efficient and highly parallel computing systems [1]. Neural networks implemented using

DNA molecules or protein interactions could potentially perform parallel computations with reduced energy

consumption [122]. Similarly, quantum computing, while still in the early stages of development, suggests

potential speedups for certain types of calculations that are relevant to machine learning tasks. Ongoing

investigations explore approaches to enhance the efficiency and adaptability of machine learning models.

This includes research into parameter-efficient architectures that can reduce the computational requirements

of ML models while maintaining performance. Additionally, studies examine optimization techniques for

multi-task learning, aiming to improve the balance between task-specific performance and shared knowledge

representation. Finally, exploration of unconventional computing platforms, particularly chemical comput-

ing, is underway as a means to achieve efficiency in AI systems. The insights and methodologies emerging

from these studies may inform the design of future ML systems, potentially enabling more efficient deploy-

ment in resource-constrained environments and facilitating more widespread adoption of AI across various

domains.

1.1.1 Challenges in Machine Learning Optimization

As machine learning models evolve to tackle increasingly complex tasks, optimization challenges related to

parameter efficiency have become more pronounced. These challenges encompass various aspects of model
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design, training, and deployment, and their resolution is crucial for developing efficient and scalable machine

learning systems. A fundamental optimization challenge is balancing model capacity with computational

resource requirements. While larger models with more parameters often excel in complex tasks [80], they

also demand substantial computational resources for training and inference. This tension is particularly evi-

dent in scenarios with limited computational resources, such as edge devices or real-time applications [56].

Hence, researchers are actively exploring methods to optimize model architectures, aiming to achieve high

performance with fewer parameters through approaches like neural architecture search [42] and efficient net-

work design [144]. The optimization of training procedures for parameter-efficient models introduces its

own set of complexities because of the limited representation capacity. Related areas such as transfer learn-

ing and fine-tuning aim to leverage knowledge from pre-trained models to new tasks with limited data [165].

This led to significant advancements in parameter-efficient fine-tuning techniques. Methods such as adapter

modules [68, 70, 49], sparse fine-tuning [12, 173], and Low-Rank Adaptation (LoRA) [69, 39] aim to adapt

pre-trained models to new tasks by updating only a small subset of parameters or introducing a small num-

ber of new parameters. While these approaches show promise, optimizing them for both performance and

efficiency remains an active area of research. Model compression techniques, including pruning [57] and

quantization [74], offer potential solutions for reducing parameter count or precision. However, these meth-

ods often necessitate careful fine-tuning to maintain performance. The development of optimization strategies

that can effectively identify and remove redundant parameters while preserving model accuracy continues to

challenge researchers in the field. Multi-task learning scenarios amplify the complexity of optimizing for

parameter efficiency. The essence of the issue lies in identifying shared representations that benefit multiple

tasks while minimizing task-specific parameters [131]. Optimization algorithms must navigate the balance

of potentially conflicting gradients from different tasks, a problem that grows increasingly intricate as the

number of tasks expands [29]. Dynamic or conditional computation models, where only a subset of model

parameters are active for any given input, introduce a distinct set of optimization hurdles [20]. While these

models offer the potential for significant parameter efficiency, optimizing the routing or gating mechanisms

that determine which parameters are active, as well as ensuring comprehensive training of all parameters,

remains a complex task. Addressing these multifaceted optimization challenges is essential for improving

parameter-efficiency in machine learning. Progress in this area demands interdisciplinary approaches, draw-

ing from optimization theory, statistics, and domain-specific knowledge. As the need for more efficient and

scalable machine learning models continues to grow, particularly for deployment in resource-constrained

environments, these optimization challenges will likely remain at the forefront of machine learning research.

1.2 Thesis Contributions

This dissertation presents several contributions focusing on enhancing the efficiency and adaptability of mod-

els through architectural innovations and exploration of unconventional computing paradigms. The key con-

tributions are as follows:

1. Parameter-efficient multi-task learning architecture through low-rank adaptation and dynamic
sparsification:
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Chapter 3 introduces MTLoRA (Multi-Task Low-Rank Adaptation), a fine-tuning framework designed

to address parameter efficiency in multi-task learning (MTL) models. MTLoRA extends the concept

of low-rank adaptations to the multi-task domain. The framework uses task-specific low-rank adap-

tation matrices to capture task-specific information while aiming to minimize interference between

tasks. MTLoRA is designed to adapt pre-trained models to multiple tasks simultaneously, with a focus

on minimizing the increase in overall parameter count. The chapter also explores the integration of

input-dependent trainable policy networks for dynamic model sparsification. This mechanism aims to

allocate computational resources based on the specific input and task. An empirical evaluation of MT-

LoRA is provided, examining its performance across various multi-task learning scenarios. The results

are analyzed in terms of the framework’s ability to balance performance with parameter efficiency.

2. Leveraging low-rank matrices for parameter-efficient conflict resolution in multi-task learning:

Chapter 4 presents CRLoMTL (Conflict Resolution through Low-rank Multi-Task Learning), a frame-

work that addresses the management of conflicts across shared parameters in multi-task learning. CR-

LoMTL employs low-rank matrix adaptations to handle gradient conflicts within the shared parameter

space. The framework incorporates a multi-pass training strategy, which iteratively refines the model’s

handling of task interactions. Experimental results are presented to evaluate the effectiveness of CR-

LoMTL across different multi-task learning scenarios. The chapter discusses the implications of using

low-rank matrix techniques in multi-task learning, considering both the advantages and limitations of

this approach.

3. Input-dependent dynamic sparsification for parameter-efficient multi-task learning:

Chapter 5 introduces AdaMTL, an adaptive framework that enhances parameter efficiency in multi-task

learning models through input-dependent dynamic sparsification. AdaMTL builds upon the concepts

of efficient multi-task learning by introducing a mechanism to dynamically adjust model complexity

based on input characteristics. The framework incorporates a lightweight, task-aware policy network

that learns to recognize unnecessary computations in the multi-task model. This policy network gen-

erates execution strategies at runtime, deciding which parts of the model to activate based on the input

complexity and target computational budget. AdaMTL introduces a multi-grained decision-making

process, consisting of both block-level and token-level policy networks. This approach allows for

fine-grained control over model activation, optimizing both accuracy and efficiency across multiple

tasks. The chapter also presents a new training recipe for co-training the policy network alongside the

multi-task learning model, including a task-aware alternating training strategy to effectively balance

the needs of multiple tasks. We present extensive experimental results demonstrating the effectiveness

of AdaMTL in reducing computational complexity while maintaining or improving accuracy compared

to static multi-task models and single-task baselines.

4. Designing unconventional analog computing platform for neural networks based on acid-base
chemistry:

Chapter 6 explores the potential of acid-base chemistry as a substrate for implementing parameter-

efficient neural networks and digital circuits. This approach investigates the use of chemical reactions
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as computational primitives for constructing neural network classifiers with high parameter density.

The research examines how the complementarity of acids and bases can be used to encode informa-

tion in a continuous, analog manner. This analog representation allows for a more efficient encoding

of parameters compared to traditional discrete digital systems. By leveraging the continuous nature

of chemical concentrations, this approach potentially enables the representation of a wider range of

values within a single parameter, effectively increasing the information density per parameter. The

chapter provides an analysis of how basic neural network operations can be implemented using acid-

base reactions, with a focus on achieving higher parameter efficiency. It demonstrates how the analog

nature of chemical reactions can be exploited to perform computations with fewer discrete components

compared to traditional digital implementations. This approach potentially allows for more compact

and parameter-efficient representations of neural network architectures. The chapter also discusses

the challenges and limitations of this approach, including issues of precision, scalability, and practi-

cal implementation in the context of parameter efficiency. By leveraging the inherent parallelism and

continuous value representation of chemical systems, this unconventional computing approach offers a

new perspective on designing novel parameter-efficient neural network architectures.

5. Designing enzymatic analog computing framework for neural networks and digital circuits through
pH modulation:

Chapter 7 extends the exploration of chemical computing for parameter-efficient models by investi-

gating a framework for implementing neural networks and digital circuits using enzymatic reactions

controlled through pH modulation. The research examines how enzymatic reactions sensitive to pH

changes can be used to perform both analog (neural network) and digital (logic gate) computations

through the use of pH as a control mechanism for activating or inhibiting specific enzymatic reac-

tions. The chapter provides a demonstration and analysis for neural network operations and digital

logic operations implemented using enzymatic reactions while discussing the challenges of scalability

and precision in enzymatic computing. This work showcases the potential implications of enzymatic

computing for designing a novel parameter-efficient paradigm.

These contributions examine various approaches to parameter-efficient machine learning, multi-task op-

timization, and unconventional computing platforms. They explore potential methods for designing efficient

and adaptable artificial intelligence systems, considering both traditional and biologically-inspired computing

paradigms.



Chapter 2

Background

2.1 Parameter Efficiency in Machine Learning

Parameter efficiency has emerged as a critical area of focus in machine learning research, driven by the need

to develop models that are computationally efficient, scalable, and deployable across a wide range of de-

vices and scenarios. As machine learning models have grown in size and complexity, particularly in deep

learning, the number of parameters in state-of-the-art models has increased dramatically. While this increase

has led to significant improvements in performance across various tasks, it has also introduced challenges

related to computational resources, memory requirements, and energy consumption. The concept of pa-

rameter efficiency in machine learning refers to the ability of a model to achieve high performance with

a minimal number of parameters. This efficiency is crucial for several reasons. First, models with fewer

parameters generally require less computational power for both training and inference, making them more

suitable for deployment on resource-constrained devices such as mobile phones or edge computing systems.

Second, parameter-efficient models often exhibit better generalization capabilities, as they are less prone to

overfitting. Third, reducing the number of parameters can lead to faster training times and lower memory

requirements, enabling more rapid iteration in model development and easier deployment in production en-

vironments. Several approaches have been developed to improve parameter efficiency in machine learning

models. One fundamental technique is pruning, which involves removing unnecessary connections or neu-

rons from a neural network [57]. Pruning can be performed during training (dynamic pruning [94]]) or after

training (static pruning[56]). Magnitude-based pruning [57], for example, removes connections with the

smallest absolute weight values, assuming these contribute least to the model’s output. More sophisticated

pruning techniques consider the impact of removing connections on the overall network performance, leading

to more optimal pruning decisions. Another approach to parameter efficiency is quantization, which reduces

the precision of the model’s weights and activations [74]. Instead of using 32-bit floating-point numbers,

quantized models might use 8-bit integers or even binary values. This reduction in precision decreases the

model size and leads to faster computation, especially on hardware optimized for low-precision arithmetic.

While quantization can introduce some loss in accuracy, modern implementation techniques and fine-tuning

6
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can often mitigate these effects. Low-rank factorization has emerged as a powerful technique for reducing the

number of parameters in neural networks [69, 75]. This approach decomposes weight matrices into products

of lower-rank matrices, effectively reducing the total number of parameters while preserving much of the

model’s expressive power. Techniques like Low-Rank Adaptation (LoRA) have shown particular promise in

the context of fine-tuning large language models, allowing for efficient adaptation to new tasks with minimal

additional parameters. Knowledge distillation is another method for achieving parameter efficiency, where

a smaller "student" model is trained to mimic the behavior of a larger "teacher" model [63]. This approach

allows the smaller model to benefit from the knowledge encoded in the larger model, often achieving compa-

rable performance with significantly fewer parameters. Distillation has been particularly successful in areas

like natural language processing, where very large pre-trained models can be distilled into more compact and

efficient versions. Recent research has also explored the concept of conditional computation, where only a

subset of a model’s parameters are active for any given input [20]. This approach allows for the creation

of large, expressive models that use a small fraction of their parameters for each inference, effectively com-

bining the benefits of large model capacity with efficient computation. Techniques like mixture-of-experts

and sparse transformers fall into this category. Parameter-efficient architectures have also been a focus of re-

search, with models like EfficientNet [144] for computer vision and ALBERT for natural language processing

[90] demonstrating how careful design choices can lead to models that achieve state-of-the-art performance

with fewer parameters than their predecessors. The pursuit of parameter efficiency in machine learning is

not just about reducing model size or computational requirements. It also intersects with other important

areas of research, such as interpretability and robustness. Smaller, more efficient models are often easier

to interpret and analyze, which is crucial for applications in sensitive domains like healthcare or finance.

Moreover, parameter-efficient models may exhibit improved robustness to adversarial attacks and better gen-

eralization to out-of-distribution data. Parameter efficiency remains a key consideration in the development of

new models and techniques. The challenge lies in balancing the trade-offs between model capacity, compu-

tational efficiency, and task performance. Future advancements in this area are likely to focus on developing

more sophisticated pruning and quantization techniques, exploring novel parameter-efficient architectures,

and leveraging insights from neuroscience and information theory to create models that more closely mimic

the efficiency of biological neural networks.

2.1.1 Parameter Efficiency Through Multi-Task Learning and Its Challenges

As introduced earlier in this dissertation, Multi-Task Learning (MTL) has emerged as a promising approach

in machine learning, offering a way to improve model efficiency and performance by leveraging shared in-

formation across related tasks [148, 172, 33]. Building upon this concept, we now explore in greater depth

how MTL contributes to parameter efficiency and the unique challenges it presents. In contrast to traditional

single-task learning, MTL involves training a single model to perform multiple related tasks simultaneously,

potentially leading to more parameter-efficient architectures. The core principle of MTL aligns well with

the goal of parameter efficiency. By sharing representations between related tasks, MTL allows models to

use parameters more effectively, potentially reducing the overall number of parameters required compared
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to separate models for each task. This shared learning can be particularly beneficial when computational re-

sources are limited or when deploying models on resource-constrained devices. MTL offers several potential

advantages in the context of parameter efficiency. Shared representations allow the model to make better use

of available training data across all tasks, potentially reducing the amount of data needed for each individual

task. This improved data efficiency can lead to more compact models. Additionally, MTL can act as a reg-

ularizer, reducing the risk of overfitting on individual tasks by forcing the model to find representations that

are useful for multiple objectives. This can lead to more robust and generalizable models without increasing

parameter count. In scenarios where computational resources or model size are constrained, MTL allows

for more efficient use of model capacity by sharing parameters across tasks. Despite these advantages, MTL

also presents several significant challenges, particularly in the context of maintaining parameter efficiency

[148, 172, 33]. One primary challenge is task interference. While the goal is to achieve positive transfer

between tasks, negative transfer can occur when learning on one task interferes with or degrades performance

on another. This challenge is particularly relevant to parameter efficiency, as it may necessitate additional

parameters or more complex architectures to mitigate interference. Balancing task importance presents an-

other crucial challenge. In many MTL scenarios, not all tasks are equally important or equally difficult.

Determining how to balance the contribution of each task to the overall learning objective is complex, espe-

cially when trying to maintain a compact, efficient model [83]. This balance is critical for ensuring that the

shared parameters are utilized effectively across all tasks. Architectural design remains an ongoing area of

research in MTL [148, 172]. Designing MTL architectures that effectively share information between tasks

while allowing for task-specific specialization is challenging. The trade-off between shared and task-specific

parameters is crucial for maintaining efficiency while ensuring good performance across all tasks. This chal-

lenge becomes more pronounced as the number of tasks increases, requiring careful consideration of how

to structure the model to maximize parameter efficiency. Training MTL models can be more challenging

than single-task models from an optimization perspective. Different tasks may have conflicting gradients,

leading to difficulties in finding a set of parameters that performs well across all tasks. This can result in

slower convergence or suboptimal solutions [29], potentially requiring more complex optimization strategies

that may impact parameter efficiency. As the number of tasks increases, the complexity of MTL systems

can grow significantly. Managing this complexity while maintaining parameter efficiency becomes increas-

ingly challenging with large numbers of tasks. This scalability issue is particularly relevant when considering

the deployment of MTL models in resource-constrained environments. In scenarios where tasks are learned

sequentially or where new tasks are added to an existing MTL model, there is a risk of catastrophic forget-

ting. Addressing this challenge while maintaining a compact model is crucial for developing truly adaptive,

parameter-efficient MTL systems. Recent advances in MTL have sought to address these challenges through

various approaches, many of which focus on maintaining or improving parameter efficiency. Adaptive loss

balancing techniques have been proposed to dynamically adjust the importance of different tasks during train-

ing [83], potentially allowing for more efficient use of shared parameters. Novel architectural designs, such as

task-specific attention mechanisms [97] or adaptive parameter-sharing schemes [106], have shown promise in

managing task interference and improving overall performance while maintaining parameter efficiency. Gra-

dient manipulation techniques, like gradient normalization [29], have been explored to address optimization
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difficulties in MTL without significantly increasing model complexity. The intersection of MTL with other

areas of machine learning research, such as meta-learning and continual learning, has opened up new avenues

for addressing challenges like task relatedness and catastrophic forgetting [45, 67, 115]. These approaches

often focus on learning efficient, adaptable representations that can be quickly fine-tuned for new tasks with

minimal additional parameters. MTL remains an important area of research with the potential to significantly

impact the development of more efficient, versatile, and robust AI systems. The ongoing challenges in MTL

drive innovation in model architecture and training techniques for building parameter-efficient ML models.

2.2 Unconventional Computing for Parameter-Efficient Encoding

Researchers are increasingly exploring unconventional computing platforms as potential solutions for compu-

tational efficiency and scalability challenges. These alternative approaches to computation offer the promise

of overcoming some of the limitations inherent in traditional silicon-based electronic systems, particularly in

terms of parameter encoding efficiency through analog encoding, information density, and novel forms of par-

allel information processing. Unconventional computing platforms [2, 1, 19, 3, 52] encompass a wide range

of technologies and approaches that diverge from the standard von Neumann architecture prevalent in modern

computers. These platforms often draw inspiration from biological systems, physical phenomena, or theoreti-

cal models of computation that offer unique advantages for efficient parameter representation and processing.

For example, neuromorphic computing is category of unconventional computing, which aims to mimic the

structure and function of biological neural networks in hardware. Neuromorphic systems typically use ana-

log or mixed-signal circuits to emulate the behavior of neurons and synapses, potentially offering significant

improvements in energy efficiency for neural network computations. Examples of neuromorphic hardware

include IBM’s TrueNorth chip [104] and Intel’s Loihi processor [35]. These systems have shown promise

in tasks such as pattern recognition and sensory processing, with potential applications in edge computing

and IoT devices where energy efficiency is paramount. Quantum computing represents another frontier in

unconventional computing platforms [134, 89, 127]. Quantum computers leverage the principles of quantum

mechanics, such as superposition and entanglement, to perform certain types of calculations exponentially

faster than classical computers. While large-scale, fault-tolerant quantum computers are still in development,

current noisy intermediate-scale quantum (NISQ) devices [118] have shown potential in areas such as opti-

mization, simulation of quantum systems, and certain machine learning tasks. Quantum machine learning,

an emerging field at the intersection of quantum computing and machine learning, explores how quantum al-

gorithms and hardware can enhance or accelerate machine learning processes. Optical computing is another

area of active research in unconventional platforms [105]. By using light instead of electricity to perform

computations, optical systems offer the potential for high-speed, low-power operation and massive paral-

lelism. Recent advancements in photonic integrated circuits and optical neural networks have demonstrated

the feasibility of implementing machine learning algorithms directly in the optical domain, potentially offer-

ing significant speedups for certain types of computations [137]. DNA computing and molecular computing

represent a radically different approach to information processing, using biological molecules as computa-

tional elements [162, 23, 119]. These approaches leverage the massive parallelism inherent in molecular
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interactions and the information density of DNA to perform computations. While still largely in the theoret-

ical and experimental stages, DNA computing has shown potential for solving certain classes of problems,

such as the traveling salesman problem, and could offer unique advantages in areas like medical diagnostics

and drug discovery. Chemical computing systems, which use chemical reactions to perform computations,

offer another avenue for unconventional information processing [4, 65]. These systems can leverage the in-

herent parallelism of chemical reactions and the ability to encode information in molecular structures. Recent

work has explored the use of chemical systems for implementing neural network-like computations, offering

potential advantages in terms of energy efficiency and novel forms of information encoding. Chemical com-

puting systems, which use chemical reactions to perform computations, offer a particularly promising avenue

for parameter-efficient information processing [4, 65]. These systems leverage the inherent parallelism of

chemical reactions and the ability to encode information in molecular structures, potentially allowing for

highly efficient parameter representations. The continuous nature of chemical concentrations enables analog

encoding of information, which can lead to significantly higher parameter density compared to traditional

digital systems. In chemical computing, a single parameter, represented by a chemical concentration, can en-

code a wide range of values, potentially reducing the total number of parameters needed to represent complex

functions or neural networks. This analog encoding in chemical systems offers several advantages for param-

eter efficiency. The continuous value representation allows chemical concentrations to represent a continuum

of values, potentially encoding more information per parameter than binary digital systems. Furthermore,

multiple chemical species can interact in solution, allowing for the encoding of high-dimensional informa-

tion in a compact space. The parallel nature of chemical reactions, occurring simultaneously throughout the

solution, enables parallel computation and potentially more efficient use of parameters. Additionally, cer-

tain mathematical operations, like addition or multiplication, can be implemented naturally through chemical

mixing or reaction kinetics, potentially reducing the number of parameters needed to perform these operations

compared to digital implementations. The exploration of unconventional computing platforms for machine

learning is driven by the need for more parameter-efficient and scalable systems. As traditional electronic

systems approach physical limits in terms of miniaturization and parameter density, alternative computing

paradigms offer potential pathways for continued improvement in the efficiency of machine learning models.

While the development and adoption of unconventional computing platforms for machine learning face chal-

lenges such as scalability, integration with existing systems, and reliability, the potential benefits in terms of

parameter efficiency and computational density make them an important area of research. As these technolo-

gies mature, they may offer new avenues for improving the efficiency and capabilities of machine learning

systems, potentially enabling new applications through more parameter-efficient computational platforms.



Chapter 3

Low-Rank Adaptation for
Parameter-Efficient Multi-Task
Learning

3.1 Introduction

Building upon the foundations of MTL and the motivation for parameter efficiency discussed in the previous

chapters, we now present our first major contribution to address the challenges of efficiently fine-tuning MTL

models. General-purpose vision and language models, particularly those trained on large-scale datasets, show

remarkable adaptability to a wide range of downstream tasks [100, 146]. However, individually fine-tuning

all parameters of these models for every downstream task poses significant efficiency challenges. This ap-

proach becomes increasingly inefficient as the number of tasks grows, especially in environments constrained

by computational resources. Therefore, there is a need to develop resource-efficient fine-tuning techniques

[69, 101, 99, 70]. These methods aim to optimize training efficiency by limiting the number of trainable

parameters, all while attempting to preserve or enhance task-specific fine-tuning. Most existing parameter-

efficient adaptation methods are primarily tailored for single-task adaptation, and they may lose their effec-

tiveness when applied to MTL scenarios. This is attributed to the inherent complexity of MTL, where the

goal is to optimize the performance of a single model across a spectrum of tasks, introducing an additional

layer of complexity. Moreover, focusing solely on individual task adaptation overlooks the potential benefits

of cross-task knowledge sharing. Such knowledge sharing in an MTL context can significantly enhance the

performance of each task [33, 172].

To realize multi-task adaptation using existing methods [99, 101], individual modules specific to the

different tasks have to be added and adapted to one downstream task at a time as shown in Figure 3.2a.

This approach enables customization and improvement for each task’s unique needs, especially useful when

tasks have unique characteristics or require specialized knowledge [132, 106]. However, this strategy incurs

11
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Figure 3.1: MTLoRA versus state-of-the-art parameter-efficient training approaches using Swin-Tiny vision
transformer as a backbone. r represents the different ranks for the low-rank decomposition modules inside
MTLoRA.

a significant drawback in terms of efficiency during both training and inference. Due to the task-specific

nature of the fine-tuning, the model must be trained and inferred separately for each task. This results in a

proportional increase in computational cost and time with the number of tasks. For instance, adapting a model

to five distinct tasks would require five separate training passes. Similarly, during inference, the backbone

needs to be executed five times, once for each task, leading to a linear escalation in inference and training

duration as the task count increases.

Our research diverges from conventional parameter-efficient adaptation methods by concentrating on

parameter-efficient training specifically for multi-task learning (MTL) architectures. In MTL models, a sin-

gle shared backbone is trained to simultaneously extract feature representations for various downstream tasks

[34, 97, 161]. MTL offers significant efficiency advantages since the shared backbone is executed only once,

as shown in Figure 3.2b, leading to more resource-efficient training and inference processes where latency

does not increase linearly with the number of tasks. Despite these advantages, the aspect of parameter-

efficient training in MTL architectures remains largely unexplored.

The primary challenge in fine-tuning MTL models efficiently lies in addressing task conflicts during fine-

tuning. These conflicts arise when different tasks have competing demands or induce divergent updates in the

model. Hence, the focal point for many MTL architectures [77, 96] is to balance these conflicting updates.

Consequently, a pivotal question emerges: How can we efficiently adapt a single shared backbone to serve

multiple tasks without sacrificing the individual performance of each task?

In pursuit of this objective, we introduce MTLoRA - a novel framework designed for parameter-efficient

fine-tuning of MTL models. MTLoRA addresses the challenges of fine-tuning a shared backbone to effec-

tively serve multiple downstream tasks, particularly under the constraints of conflicting task requirements.
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Figure 3.2: (a) Individual Task Adaptation results in parallel execution paths for each task, resulting in
inference and training time that scales linearly with the number of tasks. On the other hand, (b) Shared Multi-
Task Adaptation maintains inference and training time close to the single task model since only the decoders
are executed separately.

This is accomplished through a strategic combination of Task-Agnostic and Task-Specific low-rank decompo-

sition modules. By fine-tuning these modules, MTLoRA successfully untangles the parameter space involved

in MTL fine-tuning, enabling the model to balance between learning shared features and those specific to

individual tasks. Remarkably, MTLoRA demonstrates superior accuracy in downstream tasks compared to

fully fine-tuning the entire MTL model while requiring the training of significantly fewer parameters. This

enhanced performance is attributed to MTLoRA’s ability to facilitate positive knowledge sharing during fine-

tuning, thereby improving the effectiveness of learning each downstream task. Our contributions can be

summarized as follows:

• To the best of our knowledge, MTLoRA is the first to address the problem of parameter-efficient training

of multi-task learning models. MTLoRA effectively balances between learning both shared and task-

specific features during parameter-efficient fine-tuning.

• We design novel Task-Agnostic and Task-Specific low-rank adaptation modules leveraging them to

adapt a shared vision-transformer backbone to multiple downstream dense prediction tasks.

• We observe that adding low-rank adaptation to the patch-merging layers in vision transformers, a prac-

tice not previously explored, significantly improves the accuracy-efficiency trade-off during fine-tuning

MTL models. We highlight that observation by introducing MTLoRA+.

• We apply MTLoRA and MTLoRA+ to a hierarchical-transformer-based MTL architecture. MTLoRA

demonstrates superior accuracy in downstream tasks compared to fully fine-tuning the entire MTL

model while training significantly less number of parameters. In addition, MTLoRA dominates state-

of-the-art parameter-efficient training approaches, as shown in Figure 3.1.

The rest of the chapter is organized as follows. We review the related work in Section 3.2. Then, we

introduce our MTLoRA framework in Section 5.3. Next, we show the setup and evaluation of MTLoRA in

Section 4.4. Finally, we conclude in Section 5.5.
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3.2 Related Work

Multi-task Learning: Multi-task learning is commonly used to learn various related tasks simultaneously

[106, 102, 112]. The typical design of a multi-task architecture includes an encoder to distill feature rep-

resentations from input frames and a set of task-specific decoders for generating predictions unique to each

downstream task [172]. An important aspect to consider within these multi-task architectures is the mech-

anism of information sharing. The two main strategies are soft sharing and hard sharing. Soft parameter

sharing involves each task having its own set of backbone parameters, with the primary objective of facil-

itating cross-task information exchange. On the other hand, hard parameter sharing employs a shared set

of parameters within the backbone, with each task employing independent decoders for output generation

[83, 135, 18]. Further classification of these architectures takes into account the stage at which task inter-

actions occur - leading to the categorization into encoder-focused and decoder-focused frameworks [161].

Encoder-focused architectures centralize information exchange within the encoder stage [149, 98], whereas,

in decoder-focused architectures, tasks exchange information during the decoding stage. Notably, some mod-

els adopt a more integrative approach, allowing for cross-task information sharing to occur at encoder and

decoder stages [106].

Parameter-Efficient Training for Single-Task Models: Parameter-efficient training (PEFT) has become

increasingly important, especially when dealing with large-scale pre-trained models [69, 170, 49, 70] since

traditional fine-tuning methods, which involve adjusting a significant portion of a model’s parameters for

specific tasks, can be resource-intensive. Two common techniques in this domain are adapters [170, 49] and

Low-Rank Adaptation (LoRA) [69, 39]. Adapters are lightweight modules inserted between the layers of

a pre-trained model, which allows for targeted modifications to the model’s behavior without altering the

original pre-trained weights. This approach is beneficial as it reduces the number of parameters that need

to be fine-tuned, thus lowering the computational burden. Adapters have shown effectiveness in various

tasks, providing a flexible and efficient way to adapt large models to specific tasks or datasets. However, one

limitation of adapters is the additional parameters they introduce, which can lead to increased computational

requirements during inference. On the other hand, LoRA offers a different approach to PEFT. LoRA involves

modifying the weight matrices of a pre-trained model using low-rank decomposition. This method allows

for fine-tuning the model’s behavior while maintaining the original structure and size of the weight matrices.

The key advantage of LoRA is that it does not introduce additional parameters during the model’s runtime.

Instead, it updates the pre-existing weights to enhance the model’s performance on new tasks with minimal

increase in computational requirements. LoRA has been successfully applied in various fields, including

NLP [69, 39, 26, 28] and computer vision [62], demonstrating its versatility and effectiveness. However,

these methods, while efficient, only focus on single-task models.

Parameter-Efficient Training for Multi-Task Models: In a multi-task setting, PEFT is more chal-

lenging as the model must cater to the needs of multiple tasks simultaneously, often leading to increased

complexity and potential for task interference. Consequently, some recent studies have proposed new so-

lutions to extend the benefits of PEFT for multi-task adaptation. One such approach is the Hypernetworks

[101], which uses shared networks to generate adapter parameters for all layers conditioned on the task, thus

allowing for the sharing of information across different tasks while enabling task-specific adaptation through
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task-specific adapters. Building on top of it, Polyhistor [99] explores PEFT in the domain of dense vision

tasks, specifically on hierarchical vision transformers. Polyhistor proposes two ideas: decomposing hyper-

networks into low-rank matrices and using custom kernels to scale fine-tuning parameters to the different

transformer blocks. However, these two approaches rely on separate execution of the model for each task to

apply its adapter, which does not benefit from the MTL’s potential for efficient training or inference.

3.3 Methodology

Problem Setting: Given a general-purpose transformer-based backbone pre-trained on large-scale image

datasets (e.g., ImageNet [36]), our goal is to efficiently adapt it to several downstream tasks in a Multi-

Task Learning (MTL) architecture setting. We are considering the common MTL architecture with one

shared encoder and multiple task-specific decoders, as shown in Figure 3.2b. Following the existing works in

parameter-efficient training, the criteria of parameter-efficient MTL training include the accuracy of down-

stream tasks and the number of training parameters.

Method Overview: Our approach for efficiently adapting MTL models to various downstream tasks consists

of two novel aspects: (1) efficiently share homogeneous information across tasks via a pool of task-agnostic

and task-specific low-rank matrices and (2) efficiently allow multi-scale task-specific feature sharing between

the shared-encoder and task-specific decoders of the MTL architecture.

This section is organized as follows. We start with an overview of the used MTL architecture in Sub-

section 3.3.1. Then, we propose our parameter-efficient task-specific adaptation method in Subsection 3.3.2.

In Subsection 3.3.3, we propose our multi-scale task-specific efficient feature-sharing method. Finally, we

explore the effect of fine-tuning the non-attention modules in Subsection 3.3.4.

3.3.1 MTL Architecture Overview

We first establish a Multi-Task Learning (MTL) framework designed for experimentation with parameter-

efficient adaptation in MTL contexts. Aligning with established MTL methodologies [163, 149], our model

comprises three main components: a shared hierarchical encoder, task-specific inter-scale fusion modules,

and a pool of task-specific decoders. We adopt an off-the-shelf hierarchical vision transformer as the shared

encoder [100], which extracts visual features from input frames for all downstream tasks. The hierarchical

structure of the encoder allows for capturing visual features at various scales, providing a comprehensive rep-

resentation of the input data. The extracted multi-scale visual features are then fused and processed by various

task-specific decoders to execute the downstream tasks. Our MTL framework is designed to accommodate

different vision transformer and decoder architectures, which makes our parameter-efficient adaptation ap-

proach suitable for a wide range of MTL architectures.

To effectively adapt the MTL architecture to various downstream tasks, we draw inspiration from the

low-rank adaptation (LoRA) technique commonly employed in Language Models [69], traditionally used

for single-task adaptation. Our primary inquiry is: ’How does fine-tuning low-rank matrices perform when

optimizing for multiple visual downstream tasks?’. Previous studies in low-rank adaptation mainly aim to

identify a unique set of low-rank matrices for adapting the encoder to an individual downstream task [78,
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Figure 3.3: MTLoRA framework overview. Task-Agnostic LoRA modules (TA-LoRA) are placed at each
transformer block, excluding the last ones in each stage where our Task-Specific LoRA (TS-LoRA) modules
are placed to capture task-specific fine-tuning at different scales.

143, 101], as illustrated in Figure 3.2a. This approach requires running the entire model separately for each

of the tasks, which is inefficient for real-time applications. In contrast, our research seeks to develop a single

set of low-rank adaptation matrices that are applicable across multiple downstream tasks, as depicted in Figure

3.2b. This methodology enables a single execution of the backbone for all tasks. Multi-task learning often

presents challenges, such as the “conflicting gradients problem” [77]. This issue becomes more pronounced

in low-rank adaptation due to the limited number of trainable parameters.

3.3.2 Low-Rank Adaptation for MTL Architectures

Low-rank decomposition modules are increasingly used to adapt pre-trained models for various tasks [69].

These modules, incorporated into layers that involve matrix multiplication, are notably used in the attention

layers of transformer-based models. The function of these modules can be mathematically described as

follows:

OutputLayeri = Wix+ bi + αBiAix (3.1)

Here, Wi and bi are the original weights and biases of the layer. A and B are the rank decomposition matrices,

and x is the input to the layer i. α is the adaptation scale which controls the deviation of the tuned model

from the original model. During training, only parameters of A, B, and potentially bi are trained, significantly

reducing the memory footprint and leading to faster training. During inference, the A and B matrices can

be merged into Wi, ensuring that the introduction of low-rank decomposition does not add any extra latency

to the inference process. For Hierarchical Vision transformers, several locations within the architecture are

identified as suitable for the application of low-rank matrices, enhancing task adaptability as shown in Figure
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3.3a.

• QKV Computation in Attention Layers: The Query, Key, Value (QKV) computation, the main com-

ponents of the attention mechanism, represents a prime candidate for low-rank adaptation. Fine-tuning

this computation allows for modifications to the attention mechanism, making it more suited for spe-

cific downstream tasks, which can improve the model’s ability to process visual inputs in a task-specific

manner.

• Projection Layer: The projection layer in transformers is responsible for projecting the attention

layer’s output back to the original feature space. Fine-tuning the projection layer allows the attention

output to be projected into the task’s feature space, yielding better performance on downstream tasks.

• Feed Forward Layers in the MLP block: These layers, consisting of two dense layers (FC1 and FC2)

with nonlinear activation in-between, transform the attention output into the final feature representation.

Fine-tuning these layers dictates the model’s capacity to effectively generate task-specific final feature

representations to be processed by subsequent stages or task-specific decoders.

Adopting low-rank decomposition modules in these layers provides controllable knobs to trade-off fine-

tuning efficiency (i.e., Number of trained parameters) and adaptation quality (i.e., Performance on the down-

stream tasks). We consider two variants of low-rank decomposition modules as shown in Figure 3.3: (1)

Task-Agnostic Low-Rank Adaptation module to capture shared features among the various tasks, and (2)

Task-Specific Low-Rank Adaptation module that can learn task-specific features.

Task-Agnostic Low-Rank Adaptation (TA-LoRA): In our framework, we utilize task-agnostic low-rank

adaptation modules, which employ low-rank decomposition to adjust the corresponding weights, as detailed

in Equation 3.1. The TA-LoRA modules are designed to identify and leverage shared features across multiple

downstream tasks, thereby facilitating knowledge sharing. We have integrated TA-LoRA modules into the

transformer blocks of the Hierarchical Vision Transformer backbone, with the exception of the final block in

each stage, as illustrated in Figure 3.3a. Specifically, these TA-LoRA modules are applied to adapt key com-

putational layers within the transformer blocks, namely the QKV Layer, the Projection Layer, and the MLP

block. The inclusion of TA-LoRA modules aims to promote a balanced and synergistic learning process. This

approach ensures fine-tuning that is unbiased towards any specific task, preventing overfitting. Additionally,

to address the challenge of conflicting gradients in MTLoRA, the final block of each stage incorporates our

novel Task-Specific Low-Rank Adaptation modules, which aim to capture task-specific features as explained

in the following paragraph.

Task-Specific Low-Rank Adaptation (TS-LoRA): One of the main challenges in multi-task low-rank adap-

tation is to disentangle the feature learning space in order to solve the conflicts between the various down-

stream tasks. To achieve that, we propose our novel TS-LoRA modules. TS-LoRA incorporates separate

task-specific low-rank matrices in addition to the shared low-rank matrices as shown in Figure 3.3c. These

modules are designed to operate in two distinct modes. First, when a TS-LoRA module follows a layer with

a TA-LoRA module (for instance, in the projection layer), it processes the shared input to derive task-specific

representations. Conversely, in scenarios where a layer with a TS-LoRA module succeeds another with a
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similar module (as observed in MLP feed-forward layers), it processes task-specific inputs to produce corre-

sponding task-specific outputs as follows:

Outputlayeri/taskj
= Wix+ bi + αiBtaskj

Ataskj
x (3.2)

Here, Outputlayeri/taskj
represents the taskj’s specialized output at layer i. Wi and bi are the original

weights and biases of the layer. x is input to layeri. Btaskj
and Ataskj

are the TS-LoRA matrices for task j.

These modules fine-tune the model according to the specific needs of each task. The outputs of the TS-LoRA

modules are directed toward the corresponding task-specific fusion modules and decoders, as shown in Figure

3.3. This allows the encoder to generate task-specific feature representations at various scales. Since these

TS-LoRA matrices are only connected to their corresponding task-specific decoders in the computation graph,

the backward propagation only updates those matrices according to their corresponding task’s loss.

In MTLoRA, the usage of both TA-LoRA and TS-LoRA modules is key to achieving an optimal balance

between generalization and specialization within the MTL model. The TA-LoRA modules are designed to

capture generalized information throughout the model, ensuring that a fundamental level of generality is

maintained across various tasks. In contrast, the TS-LoRA modules are used to encapsulate unique updates

that are tailored to each specific task. This dual-module approach ensures that while the model efficiently

processes shared features relevant across multiple tasks, it also possesses the capacity to cater to the specific

demands of individual tasks.

3.3.3 Multi-Scale Task-Specific Feature Sharing in Encoder-Decoder MTL Archi-
tecture

Multi-scale feature propagation within the encoder-decoder architecture has been shown to enhance perfor-

mance in vision tasks [174, 149] where the input data is captured at various scales, providing various levels of

abstractions. Typically, a hierarchical vision transformer processes input through multiple stages, with each

stage generating features at a different scale. Merging features from these different scales results in a more

comprehensive feature representation. In conventional setups, features at various scales are often fused to-

gether to create a unified, shared multi-scale feature set applicable to all tasks. However, our TS-LoRA module

allows for a unique specialization at each scale for every task since it generates task-specific features at the

end of every transformer stage as shown in Figure 3.3a. This enables the creation of task-specific multi-scale

features which pushes the model to fine-tune the features at each scale according to the requirements of each

task. Our learnable task-specific multi-scale fusion layers use a residual blocks-based architecture to combine

the features at different scales (i.e., receptive fields) in an informative way for every downstream task.

3.3.4 Fine-tuning Non-Attention Modules

Several studies in the domain of parameter-efficient training have highlighted the benefits of unfreezing some

low training-cost modules [49], such as layer normalization, which can positively impact the model’s per-

formance without significantly increasing the number of trainable parameters. Hence, we explore the effect
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of unfreezing different modules within MTLoRA. In addition to training the shared TA-LoRA and the task-

specific TS-LoRA modules, we unfreeze the patch embedding layer, the patch merging layer, the layer nor-

malization, and the position bias in the attention layer. We provide insights about the effect of freezing each

of those layers on the accuracy-efficiency trade-off in Subsection 3.4.4. Additionally, we explore adding low-

rank decomposition modules to the patch merging module instead of completely unfreezing it. This allows

for further reduction in training parameters; we denote this lighter version as MTLoRA+ referring to those

extra low-rank decomposition modules added outside the transformer blocks.

3.4 Experimental Results

3.4.1 Implementation Details

Dataset: We evaluate our method on the PASCAL MTL dataset [43]. Following other papers in MTL litera-

ture [163, 149, 161], we use the PASCAL-Context split that has annotations for various dense prediction tasks

such as semantic segmentation, human part detection, surface normals estimation, and saliency distillation.

It has 4,998 images in the training split and 5,105 in the validation split.

Evaluation metrics: Following common multi-task learning evaluation practices [149], the semantic seg-

mentation, saliency estimation, and human part segmentation tasks are evaluated using mean intersection

over union (mIoU). We use the root mean square error (rmse) in the predicted angles to evaluate the surface

normals task. We also measure the overall performance ∆m as the average per-task reduction in performance

compared to the single-task baseline st:

∆m =
1

T

T∑
i=1

(−1)li(Mi −Mst,i)/Mst,i (3.3)

where li = 1 if a lower value means better for performance measure Mi of task i, and 0 otherwise. The

single-task performance is measured for a fully converged model that uses the same backbone network only

for that task.

Implementation: MTLoRA is implemented using PyTorch, and the code is publicly available on GitHub.

Our main artifact is an easily pluggable MTLoRALinear layer that encapsulates our TS-LoRA and TA-LoRA

modules, enabling the model to adapt to different tasks by using task-specific low-rank matrices. We use

rank 4 for the task-specific matrices while we explore different ranks for the shared matrices. We adopt the

publicly available Swin Transformer backbone [100], which was pre-trained on the ImageNet dataset [36]

as our shared encoder. Then, we attach simple task-specific decoders for different dense tasks. Specifically,

we use a simple decoder similar to the one in HR-Net [152], which includes linear and bilinear upsampling

layers to efficiently perform dense vision tasks, and we adapt the number of output dimensions to different

tasks. The number of decoder parameters is only 6% of the overall MTL model’s parameters when using

Swin-Tiny as a backbone. We run each experiment on a single NVIDIA V100 GPU.

Training: To train our multi-task learning model, we use a loss function equal to the weighted sum of the



20

Table 3.1: Results - MTLoRA versus SOTA parameter efficient training methods. The table summarizes the
number of trainable parameters in each method. It also includes the accuracy of the downstream tasks as well
as the average MTL model’s accuracy (∆m). The last column indicates whether or not the model allows all
the tasks to be executed simultaneously. The symbols ↑ and ↓ indicate higher and lower is better, respectively.
bold numbers highlights how MTLoRA dominates the full finetuning while training 3.6× less parameters.

Method SemSeg Human Parts Saliency Normals
∆m(%)

Trainable Single Inference
(mIoU ↑) (mIoU ↑) (mIoU ↑) (rmse ↓) Parameters (M) For All Tasks

Single Task 67.21 61.93 62.35 17.97 0 112.62 ×
MTL - Tuning Decoders Only 65.09 53.48 57.46 20.69 -9.95 1.94 ✓

MTL - Full Fine Tuning 67.56 60.24 65.21 16.64 +2.23 30.06 ✓

Adapter [60] 69.21 57.38 61.28 18.83 -2.71 11.24 ×
Bitfit [168] 68.57 55.99 60.64 19.42 -4.60 2.85 ×

VPT-shallow [78] 62.96 52.27 58.31 20.90 -11.18 2.57 ×
VPT-deep [78] 64.35 52.54 58.15 21.07 -10.85 3.43 ×
Compactor [81] 68.08 56.41 60.08 19.22 -4.55 2.78 ×

Compactor++ [81] 67.26 55.69 59.47 19.54 -5.84 2.66 ×
LoRA [69] 70.12 57.73 61.90 18.96 -2.17 2.87 ×

VL-Adapter [143] 70.21 59.15 62.29 19.26 -1.83 4.74 ×
HyperFormer [101] 71.43 60.73 65.54 17.77 +2.64 72.77 ×

Polyhistor [99] 70.87 59.15 65.54 17.77 +2.34 8.96 ×

MTLoRA (r = 16) 68.19 58.99 64.48 17.03 +1.35 4.95 ✓
MTLoRA (r = 32) 67.74 59.46 64.90 16.59 +2.16 6.08 ✓
MTLoRA (r = 64) 67.9 59.84 65.40 16.60 +2.55 8.34 ✓

MTLoRA+ (r = 4) 68.12 57.77 63.14 17.60 -0.52 2.57 ✓
MTLoRA+ (r = 8) 68.54 58.30 63.57 17.41 +0.29 3.15 ✓

MTLoRA+ (r = 16) 68.28 58.70 64.323 17.034 +1.19 4.29 ✓

losses of the various downstream tasks as follows:

LossMTL =

T∑
i

ωtask_i × Ltask_i (3.4)

where ωtask_i and Ltask_i are the weight and the loss of the various tasks in the MTL model, respectively.

Specifically, we use the standard per-pixel cross-entropy for semantic segmentation and human part segmen-

tation, L1 loss for surface normals estimation, and balanced cross-entropy for saliency detection. We also

adopt the task weights used by Vandenhende et. al. [149].

3.4.2 Baselines

To evaluate the performance of MTLoRA, we compare its accuracy and the number of training parameters

to other parameter-efficient training methods. We first compare to Single task baselines where each task has

a separate model and all parameters are fine-tuned to minimize the loss on the corresponding task. We also

build a multi-task learning model with a shared encoder and task-specific decoders and evaluate the post-

training accuracy when only decoders are fine-tuned (MTL - Tuning Decoders Only) and when the full model

is fine-tuned (MTL - Full Fine-Tuning) to reduce the overall tasks losses as shown in equation 3.4.

As mentioned earlier, MTLoRA is the first to achieve parameter-efficient training for multi-task learning

models. Therefore, to evaluate our method against state-of-the-art methods, we compare MTLoRA to other

single-task parameter-efficient training methods where a task-wise module is added for each task using the
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setup provided by Liu et al. [99]. Specifically, we compare to the following baselines: (1) Adapter [60] where

task-specific bottleneck modules are placed into transformer layers (2) Bitfit [168] where only biases, patch

merging layers, and patch projection layers are fine-tuned. (3) VPT [78] where tunable embeddings (i.e.,

50 embeddings per layer) are inserted in the first input layer (VPT-shallow) and all layers (VPT-deep). (4)

Compacter [81], which decomposes the fast matrix into two low-rank vectors, and Compacter++, which only

places modules after MLP layers. (5) LoRA [69], where the low-rank decomposition is applied on attention

layers with rank r = 4 and the adapter output scale (i.e., 4), which matches our MTLoRA hyperparameter. (6)

VL-Adapter [143], which shares an adapter across different tasks. (7) Hyperformer [101], where a hyper-

network is used to produce the weights for adapters for various tasks. (8) Polyhistor [99], where decomposed

hyper-networks are used to share information across different tasks while still necessitating separate training

and inference paths for each task.

3.4.3 Quantitative Analysis

For a fair comparison, MTLoRA, MTLoRA+, as well as all other baselines, are all based on the Swin-Tiny

variant of the Swin Transformers family of models [100]. Table 3.1 shows the per-task accuracy, the over-

all MTL accuracy based on Equation 3.3, the number of trainable parameters of MTLoRA and MTLoRA+

compared to our baselines. The last column indicates whether or not the corresponding parameter-efficient

training method allows all the tasks to be executed simultaneously. As mentioned earlier in Figure 3.2, the

ability to execute all tasks in a single inference path is essential for applications where efficiency and latency

are critical. As shown in Figure 3.1, MTLoRA and MTLoRA+ offer a Pareto for the trade-off between the

number of trainable parameters and the accuracy of the downstream tasks.

3.4.4 Ablation

Effect of task-specific modules in MTLoRA: To show the effectiveness of the task-specific Low-rank-

decomposition modules in MTLoRA, we compare the performance of MTLoRA and MTLoRA+ to a similar

setup with only task-agnostic low-rank decomposition modules. The results of this comparison, as shown

in Figure 3.4, clearly demonstrate the impact of adding task-specific adaptation modules. Notably, the in-

tegration of these modules results in a substantial improvement in the accuracy-efficiency trade-off during

parameter-efficient fine-tuning. This enhancement indicates the ability of the task-specific modules to effec-

tively untangle the parameter space involved in MTL. Consequently, this leads to positive knowledge sharing

during the fine-tuning process, significantly boosting the performance of each downstream task.

Effect of Various Backbone Adaptation Locations: As mentioned in Subsection 3.3.2, we insert low-rank

decomposition modules in four different locations in the Hierarchical Transformer encoder: 1) the feed-

forward layers in the MLP block (FC1 and FC2), 2) the QKV layer, and 3) the projection layer. We analyze

the effect of removing the low-rank decomposition modules from each of those layers to get insights about

the effectiveness of adapting each of those weights. Table 3.2 shows the overall MTL accuracy (∆m) versus

the number of trainable parameters when the low-rank decomposition modules are removed from each of

the four locations. Those results are from MTLoRA applied on a Swin-Tiny backbone where all low-rank
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Figure 3.4: Accuracy versus trainable parameters of MTLoRA with task-agnostic vs task-specific adaptation
modules.

Table 3.2: Effect of removing the various low-rank decomposition matrices in MTLoRA from the different
locations in the backbone vision transformer. None refers to the default of MTLoRA, where all the low-rank
modules are adopted.

None No FC1 No FC2 No Proj No QKV

∆m +2.55 +1.93% +1.65% +1.65% +1.26%
Trainable (M) 8.34 6.81 6.81 7.73 7.21

decomposition modules have a rank of 32. We can see that adapting the QKV weights is the most important

since removing its low-rank modules causes the most accuracy degradation. On the other hand, removing

the adaptation from the first linear layer of the MLP block seems the least effective in comparison. However,

the table shows that each low-rank decomposition module offers a significant improvement in the overall

performance of the multiple downstream tasks. Removing some of them can be used to achieve a different

accuracy efficiency trade-off during training.

Effect of Freezing Non-Attention Modules: As mentioned earlier in SubSection 3.3.4, besides fine-tuning

the low-rank decomposition matrices, we unfreeze the patch embedding layer, the patch merging layer, the

layer normalization, and the position bias in the attention layer. We analyze the effect of freezing these extra

modules to provide insights into the accuracy-efficiency trade-off associated with each component. Table

3.3 shows the overall MTL accuracy (∆m) versus the number of trainable parameters when each of those

modules is frozen. We can notice that unfreezing all those modules yields the highest accuracy.

Results with Larger Backbones and Pre-training Datasets: To analyze the efficacy of MTLoRA scaled

backbone and pre-training datasets. We apply MTLoRA on Swin-Base that was pre-trained on ImageNet22k

dataset. Figure 3.5 shows the improvement in the accuracy of MTLoRA compared to single-task models.

We can see that MTLoRA scales well with a larger backbone, providing significant improvement compared

to the single-task models while training significantly fewer parameters. More analyses are included in the

Appendix.
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Table 3.3: Effect of freezing the different modules outside the transformer block.

Patch Layer Position Patch
Embed Norm Bias Merging

Accuracy (W/ ST) +2.02 +2.06 +1.99 +1.74
Training Parameters (M) 8.34 8.32 8.32 6.80
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Figure 3.5: Performance of MTLoRA on various downstream tasks when applied to a Swin-Base model pre-
trained on ImageNet-22K

3.5 Conclusion

In conclusion, this chapter introduced MTLoRA, an innovative framework designed to enable parameter-

efficient training for Multi-Task Learning (MTL) models. Central to MTLoRA are the Task-Agnostic and

Task-Specific Low-Rank Adaptation modules, which are instrumental in effectively disentangling the param-

eter space during MTL fine-tuning. Those modules allow the fine-tuning to balance both task specialization

and interaction within MTL environments. We have demonstrated the application of MTLoRA in hierarchical-

transformer-based MTL architectures, tailoring them to a variety of downstream dense prediction tasks. Our

experiments show that MTLoRA not only surpasses the accuracy of fully fine-tuned MTL models but also

achieves this with a substantially lower number of trained parameters (3.6× reduction in trainable param-

eters). Additionally, MTLoRA provides Pareto-optimality in the trade-off between the number of trainable

parameters and accuracy compared to existing state-of-the-art parameter-efficient training approaches.



Chapter 4

Parameter-Efficient Gradient Conflict
Resolution in Multi-Task Learning

4.1 Introduction

Based on our previous explorations of parameter-efficient multi-task learning (MTL), this chapter introduces

a new approach to address one of the key challenges in MTL which is task interference and gradient conflicts.

As we have established in earlier chapters, MTL offers significant advantages in terms of model efficiency

and performance. However, the optimization process in MTL introduces unique challenges that require in-

novative solutions. To recap, multi-task learning aims to train a single model capable of handling multiple

tasks simultaneously. By leveraging shared representations and parameters across different tasks, MTL en-

hances learning efficiency and significantly reduces the complexity and size of the model compared to train-

ing individual models for each task. Key benefits of MTL include improved model generalization, reduced

risk of overfitting, and enhanced performance through effective cross-task knowledge transfer. Moreover,

MTL aims to minimize the model’s computational demands while maximizing its generalization capabilities

across diverse tasks by efficiently sharing learned representations [148, 172]. The primary appeal of MTL,

as we’ve discussed, lies in its potential to leverage shared information to improve the model’s performance

and learning efficiency by reducing hardware resources such as memory and FLOPS per task. By training

on multiple tasks, the model is exposed to varied data points and objectives, which can lead to a more robust

and well-rounded model. For instance, a model trained on both image recognition and object detection tasks

could utilize shared features such as edges and textures, thus optimizing resource usage while improving

task-specific performance [148, 172]. Despite these advantages, MTL introduces a unique set of challenges,

particularly in the optimization process. A significant issue is the phenomenon of task interference or negative

transfer, where learning one task can impede the performance of another [157, 166]. This interference often

manifests as conflicts between gradients derived from different tasks, leading to a compromise in learning

where one task’s requirements overshadow another’s [157, 166]. Task interference typically occurs when the

24
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optimal parameter updates for different tasks are incompatible or contradictory. In the context of gradient-

based optimization, this is observed when task gradients point in opposing directions, significantly hindering

the model’s convergence and overall performance. The severity of this issue is further amplified by the di-

verse and sometimes contradictory nature of the tasks that MTL models must learn simultaneously. Current

methodologies to address these gradient conflicts in MTL are primarily centered around gradient manipu-

lation techniques. These include the re-weighting of task losses [83], gradient projection methods to find a

compromise direction [157, 166, 176], or even more complex adaptive methods that adjust learning rates or

optimize task-specific parameters independently [135, 96, 95]. However, these approaches are often compu-

tationally expensive, lack scalability, and may not guarantee convergence to an optimal solution. Low-rank

matrices have emerged as a powerful tool in machine learning, offering a way to represent high-dimensional

data efficiently with fewer parameters [69]. Building on our previous work with low-rank adaptations, we

observe a compelling opportunity to utilize these low-rank matrices to capture task-specific updates. While

existing strategies focus on manipulating gradients to mitigate conflicts, low-rank adaptations provide an

efficient mechanism for directly adapting the parameter space of the model, which simplifies the optimiza-

tion process by reducing dependency on complex gradient manipulations. Hence, we propose CRLoMTL, a

novel framework designed to address task conflicts in MTL using low-rank matrices. Our contributions are

as follows:

• We introduce a new training strategy that alternates between task-specific passes and global passes. In

the task-specific passes, each task constructs and updates its own set of low-rank matrices, capturing

unique task-specific features and gradient information. In the global passes, we learn the optimal lin-

ear combination of these task-specific parameters using trainable coefficients followed by a softmax

function to compute the weighted average of the task matrices, effectively integrating them into a sin-

gle representative matrix that encapsulates task interactions while minimizing conflicts. Additionally,

unlike many existing methods, the final trained model does not include any additional overhead in

memory or computations.

• Unlike previous approaches that focus on gradient manipulation, CRLoMTL utilizes low-rank matrices

to mitigate negative transfer directly in the parameter space. The low-rank matrices capture the task-

specific features while generating a unified backbone for efficient inference.

• We employ feature regularization by using an L2 loss between the task-specific and unified represen-

tations to mitigate overfitting to any single task. This regularization aims to promote generalization

across all tasks.

• We present comprehensive results using the Swin Transformer family[100] as an MTL backbone,

demonstrating significant performance improvements on the PASCAL-Context dataset [43]. Our em-

pirical evaluation shows an enhancement of 2.82% over single-task models while training less than 4%

of the parameters. Additionally, we evaluate CRLoMTL against multiple SOTA techniques where it

dominates in terms of accuracy and number of trainable parameters.

CRLoMTL attempts to balance task-specific needs with global model optimization. Our approach provides

substantial improvements over existing MTL methods, particularly in terms of computational efficiency and
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model performance across diverse tasks. The rest of the chapter is organized as follows. We discuss the

preliminary background and related work in Section 4.2. Then, we introduce CRLoMTL in Section 4.3.

Section4.4 shows the setup and evaluation of CRLoMTL. Finally, we conclude in Section 5.5.

4.2 Background & Related Work

4.2.1 Multi-task Learning & Challenges

MTL is a machine learning paradigm that aims to leverage shared representations to learn multiple related

tasks simultaneously. By training a single model to perform various tasks, MTL offers several advantages

over traditional single-task learning through shared representations and faster learning through auxiliary in-

formation [148, 172]. MTL is particularly valuable in scenarios where data for individual tasks is limited, as

it allows the model to benefit from the collective knowledge across all tasks [148, 172].

In a typical MTL setup, a model f(x; θ) with parameters θ is trained on a set of T tasks, each with its

own loss function Lt. The overall objective is to minimize a weighted sum of task-specific losses:

L(θ) =

T∑
t=1

wtLt(f(x; θ)), (4.1)

where wt represents the weight assigned to each task, the choice of these weights is crucial and can sig-

nificantly impact the model’s performance across tasks. MTL has found applications in various domains,

including computer vision [87], natural language processing [31], and healthcare [108]. In computer vi-

sion, for instance, a single model might be trained to perform object detection, semantic segmentation, and

depth estimation simultaneously. In NLP, a model could be trained to perform named entity recognition,

part-of-speech tagging, and sentiment analysis on the same input text. Despite its potential benefits, MTL

faces several challenges that can hinder its effectiveness. A significant challenge in MTL is negative transfer,

where forcing tasks to share representations can hinder the performance of one or more tasks [156]. This

is particularly problematic when tasks are not sufficiently related or when the shared representation is not

expressive enough to capture task-specific nuances. Task imbalance is also a significant concern, especially

when tasks have different levels of difficulty or dataset sizes. In such cases, the model may prioritize easier

tasks or those with more data, leading to suboptimal performance on more challenging or data-scarce tasks

[29]. Conflicting gradients is a closely related issue to negative transfer. This occurs when the gradients of

different tasks point in opposing directions, leading to a situation where optimizing for one task may degrade

the performance of another [166]. Mathematically, gradient conflict can be identified when the inner product

of gradients from different tasks is negative:

⟨∇θLi(θ),∇θLj(θ)⟩ < 0, (4.2)

where∇θLi(θ) and∇θLj(θ) are gradients from tasks i and j respectively. The presence of conflicting gradi-

ents can lead to several adverse effects in MTL. The model may take longer to converge as it struggles to find

a direction that improves all tasks simultaneously. Some tasks may suffer from reduced performance as the
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model attempts to balance conflicting objectives. The learning process may become unstable, with perfor-

mance fluctuating wildly across epochs. Additionally, the model may prematurely converge to a suboptimal

solution that represents a compromise between tasks rather than excelling at all of them. The architecture de-

sign for MTL models presents its own set of challenges. Determining the optimal structure, including which

layers to share across tasks and where to introduce task-specific components, can significantly impact per-

formance [131]. Furthermore, MTL introduces additional complexity to the optimization process. Balancing

the learning of multiple tasks simultaneously can lead to difficulties in convergence and stability [135].

4.2.2 Gradient-Based Methodologies

To address these challenges, researchers have proposed various approaches, with a particular focus on gradient-

based methods. These methods aim to find the update directions that balance the needs of all tasks, often by

manipulating gradients directly. PCGrad [166] addresses conflicting gradients by modifying each task’s gra-

dient with respect to all other tasks’ gradients. Each task sequentially considers the gradients of all other

tasks. If the current task’s gradient conflicts with another task’s gradient (i.e., their dot product is negative), it

projects the current task’s gradient onto the plane orthogonal to the conflicting task’s gradient, removing the

conflicting component. CAGrad [96] approaches MTL as a multi-objective optimization problem that aims

to find an update direction that improves all tasks while staying close to their individual gradient directions.

It formulates this as a min-max optimization problem, seeking a direction that maximizes the improvement

of the worst-performing task. GradNorm [29] focuses on adaptive task weighting by adjusting the weights

of different tasks during training based on the rate of loss reduction for each task. Multiple Gradient Descent

Algorithm (MGDA) [38] is another approach that formulates MTL as multi-objective optimization. MGDA

seeks a descent direction that improves all tasks simultaneously by solving a quadratic programming prob-

lem aiming to provide Pareto optimal solutions, where no task can be improved without degrading another.

While these gradient-based methods address MTL challenges, they often introduce additional computational

complexity. The trade-off between computational efficiency and performance improvement remains a con-

sideration in the development of MTL methods.

4.2.3 Architectural Approaches

In addition to gradient-based methods, researchers have explored architectural solutions to address MTL chal-

lenges. These approaches focus on designing network structures that can effectively share information across

tasks while maintaining task-specific representations. PAD-Net [161] introduces a MTL architecture for si-

multaneous depth estimation and scene parsing. It first predicts intermediate auxiliary tasks and then uses

these predictions as multi-modal input for the final tasks. Building upon similar principles, Vandenhende et al.

[149] introduced MTI-Net, extending the feature-sharing concept by incorporating multi-scale feature fusion

and task-specific feature refinement. It uses a multi-scale feature extractor and introduces interaction mod-

ules that allow for bidirectional information flow between tasks at different scales. Other approaches, such

as AdaShare[142], focus on building adaptive parameter-sharing policies. More recently, vision-transformers
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Figure 4.1: Overview of the CRLoMTL architecture and training modes. The model alternates between
task-specific passes, where each task updates its own set of low-rank matrices and a global pass to generate
a unified representation, where trainable coefficients are used to compute a weighted average of the task
matrices.

became more popular as backbones for MTL models [163, 164]. For instance, InvPT [163] adapts the in-

verted bottleneck structure, commonly used in computer vision models, to the MTL setting. It employs a

shared backbone followed by task-specific inverted bottleneck modules. MTLoRA is another transformer-

based architecture that leverages low-rank matrices to model task interactions [8]. These architectural ap-

proaches offer different strategies for balancing shared representations with task-specific adaptations. While

they can potentially capture complex inter-task relationships, they often require careful design choices and

may increase the overall model complexity compared to single-task alternatives. Additionally, many exist-

ing approaches [149, 161, 8] require adding more parameters to the trained model or inducing branching in

the inference flow, which adds performance overhead. Furthermore, the theoretical foundations of MTL are

still being developed. Questions about the conditions under which MTL is beneficial, how to measure and

maximize positive transfer between tasks, and how to quantify the relatedness of tasks remain active areas of

research [169].

4.2.4 Parameter-Efficient Fine-Tuning (PEFT) and Low-Rank Adaptation (LoRA)

Recent advancements in PEFT techniques have shown promise in adapting large pre-trained models to spe-

cific tasks with minimal computational overhead. Among these techniques, LoRA [69, 39] has gained sig-

nificant attention due to its simplicity and effectiveness. LoRA introduces task-specific low-rank matrices

to adapt pre-trained model weights. For a pre-trained weight matrix W ∈ Rd×k, LoRA defines the adapted

weight as:

W ′ = W +BA, (4.3)
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where B ∈ Rd×r and A ∈ Rr×k are low-rank matrices (typically r ≪ min(d, k)). During fine-tuning,

only A and B are updated, significantly reducing the number of trainable parameters. PEFT methods like

LoRA offer several advantages in terms of efficiency and flexibility. They require much less memory than

full fine-tuning, as most of the model parameters remain frozen. Training is faster due to the reduced number

of trainable parameters. Additionally, multiple task-specific adaptations can be stored and switched easily

without modifying the base model. These characteristics make PEFT techniques particularly attractive for

MTL scenarios, where they can potentially capture task-specific information efficiently while maintaining a

shared base model.

4.2.5 Problem Formulation

In this section, we formally define the MTL problem and introduce the notation used throughout the chapter.

Let D = {(xi, y
1
i , ..., y

T
i )}Ni=1 be a dataset of N samples, where xi ∈ X represents the input features and

yti ∈ Yt is the corresponding label for task t ∈ {1, ..., T}. We consider a shared model fθ : X → Y1×...×YT

with parameters θ, which aims to learn T tasks simultaneously.

For each task t, we define a task-specific loss function Lt : Yt × Yt → R that measures the discrepancy

between the predicted output and the ground truth. The MTL objective can then be formulated as:

min
θ

T∑
t=1

wt
1

N

N∑
i=1

Lt(f
t
θ(xi), y

t
i), (4.4)

where wt > 0 is the weight assigned to task t, and f t
θ(x) denotes the output of the model for task t given

input x. The gradient of the overall loss with respect to the model parameters θ is given by:

∇θL(θ) =
T∑

t=1

wt∇θLt(θ), (4.5)

where ∇θLt(θ) is the gradient of the loss for task t. As discussed earlier, gradient conflicts occur when

the gradients from different tasks point in opposing directions, as described in Equation 4.2. The primary

challenge in MTL is finding a set of parameters θ that performs well across all tasks, even in the presence

of conflicting gradients. This involves balancing the potentially competing objectives of different tasks and

finding a compromise that leads to good overall performance. Hence, our proposed framework attempts to

leverage task-specific low-rank matrices to adapt the model parameters for each task and find an optimal

shared representation for all the tasks.

4.3 Methodology

CRLoMTL leverages low-rank matrix adaptations to address the challenges of MTL. Our approach operates

directly on the model’s parameter space, enabling task-specific adaptations while maintaining a shared rep-

resentation. Figure 7.1b provides an overview of the CRLoMTL architecture. The framework alternates be-

tween two modes of operation during training: task-specific passes and global passes. In task-specific passes,

each task independently updates its own set of low-rank matrices, capturing unique task-specific features. In
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global passes, the model learns to combine these task-specific adaptations into a unified representation using

trainable coefficients. The key components of CRLoMTL and described below.

4.3.1 Low-Rank Matrices for Task-Specific Learning

For each task t, we introduce task-specific low-rank matrices. These matrices allow us to model task-specific

adaptations efficiently:

θt = θ +AtBt, (4.6)

where θ represents the shared model parameters and θt represents the task-specific adapted parameters. These

task-specific low-rank matrices are deployed across the different parts of the model to be updated in their

corresponding training passes.

4.3.2 Multi-Pass Training & Trainable Coefficients

CRLoMTL employs a novel training strategy that alternates between task-specific passes and global passes:

Task-Specific Passes

During task-specific passes, shown in Figure 7.1b, each task t independently updates its own set of low-rank

matrices At and Bt. In these passes, the inference for each task goes through both the frozen backbone and

its task-specific parameters. Specifically, for a given task t, the model uses θt = θ + AtBt in the forward

pass, where θ represents the frozen backbone parameters. In the backward pass, only At and Bt for the

current task t are updated. Importantly, both the backbone parameters θ and the low-rank matrices of all

other tasks (Aj , Bj) for j ̸= t remain completely unaffected during this process. They are neither used in

the computation nor updated. This design ensures that the computation graph for each task-specific pass

naturally affects only the low-rank parameters of the given task while still leveraging the shared knowledge

in the backbone. It enables the model to capture unique task-specific features and gradient information for

each task without any interference or gradient conflicts from other tasks or the shared backbone.

Global Passes

In the global passes, shown in Figure 7.1b, we learn an optimal linear combination of the task-specific param-

eters. This is achieved using trainable coefficients ct followed by a softmax function to compute the weighted

average of the task matrices:

θunified = θ +

T∑
t=1

ect∑T
i=1 e

ci
AtBt, (4.7)

The intuition behind using the softmax is to effectively combine different matrices. By applying softmax

to the trainable coefficients, we ensure that their sum is always 1 to preserve the scale of the unified matrix,

which guarantees that the final output matrix remains within the same activation range as the individual
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task-specific matrices, eliminating the need for additional normalization steps and helping to maintain the

stability of the network during training and inference. Moreover, the softmax function provides a natural way

to interpret the relative importance of each task’s contribution to the unified representation. The resulting

coefficients can be viewed as probabilities, offering insights into how the model prioritizes different tasks in

the combined representation. The coefficients ct are learned seamlessly within the same training flow since

the linear combination of task-specific matrices becomes part of the computational graph. This approach

allows the model to dynamically adjust each task’s contribution to the unified representation enabling the

model to find an optimal balance between tasks. The coefficients ct are updated through backpropagation

along with the other model parameters, allowing the model to learn the most effective combination of task-

specific adaptations. By learning this optimal combination, the model can effectively integrate task-specific

adaptations into a single representative matrix that encapsulates task interactions. In the final trained model,

the unified matrix is merged seamlessly with the original model weight to maintain the same parameter count

and inference efficiency as the original model, unlike many existing methods.
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Figure 4.2: Feature Regularization process in CRLoMTL. The L2 loss between task-specific output features
and unified output features encourages similarity between task-specific and shared representations, promoting
generalization across tasks and preventing overfitting to any single task.
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4.3.3 Feature Regularization Loss

To prevent overfitting to any single task and encourage a balanced learning process, we incorporate feature

regularization between the task-specific and unified representations, as shown in Figure 4.2. This is imple-

mented as an L2 loss added to the overall loss function:

Lreg =

T∑
t=1

|fθt(x)− fθu(x)|22, (4.8)

where fθt(x) represents the feature outputs from the task-specific passes, fθu(x) represents the feature out-

puts from the unified model. This regularization term encourages similarity between task-specific and unified

representations, promoting knowledge sharing across tasks while allowing for task-specific specialization.

Overall Loss Function and Optimization The overall loss function for CRLoMTL is thus:

Ltotal =

T∑
t=1

wtLt(θt) + λLreg, (4.9)

where Lt(θt) is the task-specific loss for task t, wt is the corresponding task weight, and λ is a hyperparameter

controlling the strength of the regularization. By combining these components, CRLoMTL can effectively

balance task-specific adaptations with shared representations while addressing the challenges of conflicting

gradients and negative transfer. The flow of CRLoMTL training is summarized in Algorithm 1.

Algorithm 1 CRLoMTL Training Algorithm

Require: dataloader, model, tasks, optimizer, λ
1: for each epoch in range(epochs) do
2: for each (input, targets) in dataloader do

# Task-specific passes:
3: for each task in tasks do
4: optimizer.zero_grad()
5: task_output[task] = model(input, task)
6: loss = task_losstask(task_output[task], targets[task])
7: loss.backward()
8: optimizer.step()
9: end for

10: optimizer.zero_grad()
# Combined pass:
# The next step generates the learnable shared representation internally.

11: unified_output = model(input)
12: unified_loss = mtl_loss(unified_output, targets)
13: reg_loss = reg_loss(unified_output, task_output)
14: total_loss = unified_loss + λ· reg_loss
15: total_loss.backward()
16: optimizer.step()
17: end for
18: end for
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4.4 Experimental Results

4.4.1 Setup

Table 4.1: Evaluating CRLoMTL versus SOTA methods on PASCAL-Context dataset using Swin-Tiny back-
bone. ∆m represents the relative improvement of the MTL model compared to the single-task models.

Method SemSeg Human Parts Saliency Normals Trainable ∆m(%)
(mIoU ↑) (mIoU ↑) (mIoU ↑) (rmse ↓) Parameters (M)

Single Task 67.21 61.93 62.35 17.97 112.62 0
MTL 67.56 60.24 65.21 16.64 29.47 +2.23
MTI-Net 66.93 59.66 64.76 16.23 31.47 +2.37
MTLoRA 67.90 59.84 65.40 16.60 8.34 +2.55
PCGrad 67.19 60.50 64.90 16.52 29.47 +2.46
CAGrad 67.53 60.59 64.87 16.58 29.47 +2.51
NashMTL 67.25 60.60 64.82 16.68 29.47 +2.26
MGDA 66.21 60.12 64.92 16.31 29.47 +2.22
CRLoMTL (base) 67.11 60.50 65.00 16.33 4.39 +2.73
CRLoMTL (+ft. reg.) 67.05 60.58 65.06 16.29 4.39 +2.82

Table 4.2: Evaluating CRLoMTL Using Swin-Small backbone.

Method SemSeg Human Parts Saliency Normals Trainable ∆m(%)
(mIoU ↑) (mIoU ↑) (mIoU ↑) (rmse ↓) Parameters (M)

MTL 70.20 63.30 66.09 16.17 50.78 +5.66
CRLoMTL (base) 70.83 63.60 66.32 16.20 6.75 +6.06
CRLoMTL (+ft. reg.) 71.16 63.63 66.30 16.26 6.75 +6.12

We implement CRLoMTL using PyTorch. The code and model weights will be made publicly available

on GitHub. We adopt the publicly available Swin Transformer backbone [100], pre-trained on the ImageNet-

1K dataset [36], as our shared encoder. We attach simple task-specific decoders for different dense tasks,

similar to the one in HR-Net [153], which includes linear and bilinear upsampling layers. We use rank

8 for the LoRA matrices with the typical LoRA scale of 2.0. We evaluate our method on the PASCAL

dataset [43]. Following the common practice in MTL literature [149, 97], we use the PASCAL-Context split,

which provides annotations for various dense prediction tasks, including semantic segmentation, human part

segmentation, surface normal estimation, and saliency detection. The dataset consists of 4,998 images in the

training split and 5,105 images in the validation split. The number of decoder parameters constitutes only 7%

of the overall MTL model’s parameters when using Swin-Tiny as a backbone. To train our MTL model, we

use a loss function equal to the weighted sum of the losses of the various downstream tasks:

LossMTL =

T∑
i=1

ωtask i × Ltask i, (4.10)

where ωtask i and Ltask i are the weight and the loss of the various tasks in the MTL model, respectively. We

use the standard per-pixel cross-entropy for semantic segmentation and human part segmentation, L1 loss for
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surface normal estimation, and balanced cross-entropy for saliency detection. We adopt the task weights used

by Vandenhende et al. [149]. All experiments are conducted on a single NVIDIA V100 GPU using a batch

size of 32.

4.4.2 Baseline Methods

We compare CRLoMTL against several SOTA MTL methods to evaluate its performance:

MTI-Net

We implement MTI-Net [149], utilizing its multi-scale feature fusion and task-specific feature refinement

capabilities.

CAGrad

We apply CAGrad [96] to the MTL model, leveraging its gradient update strategy to balance task-specific

objectives.

PCGrad

We apply PCGrad [166] employing its gradient projection technique to mitigate negative transfer between

tasks.

NashMTL

We implement NashMTL [111], utilizing its game-theoretic approach to find equilibrium among competing

tasks in our MTL scenario.

MGDA

We apply MGDA [38] to our multi-task setup, using its mechanism for gradient updates.

MTLoRA

We evaluate against MTLoRA [8] that utilizes low-rank matrices to model task interactions.

Each of these methods is implemented within the same experimental framework as CRLoMTL to ensure a

fair comparison. We use the same backbone architecture and dataset across all methods, with the primary

difference being the specific MTL strategy employed by each approach.

4.4.3 Evaluation Results on PASCAL-Context

We use mean intersection over union (mIoU) to evaluate semantic segmentation, saliency estimation, and

human part segmentation. For the surface normal task, we use the root mean square error (RMSE) in the
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predicted angles. To measure overall performance, we use ∆m, which is the average per-task reduction in

performance compared to the single-task baseline:

∆m =
1

T

T∑
i=1

(−1)li (Mi −Mst,i)

Mst,i
, (4.11)

where li = 1 if a lower value means better for performance measure Mi of task i, and 0 otherwise. Single-

task performance is measured for a fully converged model using the same backbone network only for that

task. Tables 4.1 and 4.2 present the results for models using Swin-Tiny and Swin-Small backbones, re-

spectively. The base model indicates using CRLoMTL without the feature regularization loss. We compare

CRLoMTL against existing SOTA MTL methods and single-task baselines. As shown in Table 4.1, CR-

LoMTL achieves a 2.82% improvement over the single-task baseline while using only 4% of the parameters

when using Swin-Tiny backbone, demonstrating how CRLoMTL achieves more optimal trade-offs in bal-

ancing task interactions. In Table 4.2, CRLoMTL shows a 6.12% improvement over the single-task baseline

while maintaining less than 6% of the parameters when using Swin-Small backbone, maintaining its effec-

tiveness with increased model capacity. Additionally, unlike existing methods such as MTI-Net [149] and

MTLoRA [8], CRLoMTL does not incur any additional parameters or branching overhead in the final model.

Moreover, the parameter efficiency from the low-rank matrices provides a competitive advantage on resource-

constrained devices. The results emphasize CRLoMTL’s potential in addressing some of the challenges in

MTL, particularly in balancing task-specific adaptations with shared representations.

4.5 Conclusion

We introduced CRLoMTL, a novel framework designed to address the challenges in training MTL mod-

els. Our approach leverages low-rank matrix adaptations to effectively manage gradient conflicts and task-

specific requirements, operating directly on the model’s parameter space. We demonstrated the effectiveness

of CRLoMTL on the widely used PASCAL-Context[43] dataset for dense prediction. Our experiments, com-

paring against existing MTL methods, showed that CRLoMTL dominates in both performance and number

of trainable parameters. Our work offers a new perspective on balancing task interactions within MTL set-

ting. CRLoMTL’s ability to achieve high performance with reduced parameter counts makes it suitable for

applications with limited computational resources or requiring rapid task adaptation. Future work could ex-

plore CRLoMTL’s application to other domains beyond computer vision and further analyze the principles

underlying task conflicts and knowledge sharing in MTL models.



Chapter 5

Input-Dependent Dynamic
Sparsification for Parameter-Efficient
Multi-Task Learning

5.1 Introduction

Modern computer-vision-based applications require solving multiple tasks simultaneously in order to form

a complete perception of the surrounding visual environment. For example, a simple augmented reality ap-

plication might need to determine the surface normals, estimate the depths, detect an object of interest, and

track it. Similarly, an autonomous vehicle should be able to detect both static and dynamic objects in the

scene, determine their proximity and track them [73, 109]. Moreover, all that complex processing needs to

be performed on every input frame in real-time, which is extremely challenging, especially since those appli-

cations usually run on resource-constrained devices with strict compute, memory, and energy budgets. That

is why enabling efficient computation models where these tasks can be performed simultaneously is crucial

to make those applications practical. As we discussed the foundations of multi-task learning (MTL) in ear-

lier chapters, this chapter addresses the challenges of optimizing MTL models for these real-world computer

vision applications. As previously established, MTL offers significant advantages in terms of efficiency and

performance. However, the complexity of MTL models, particularly in the context of resource-constrained

devices, presents unique challenges that require innovative solutions. That is why enabling efficient compu-

tation models where these tasks can be performed simultaneously is crucial to make those applications prac-

tical. In recent years, Multi-task learning (MTL) has been used to learn related vision tasks simultaneously

[139, 97, 169]. On the one hand, MTL models leverage shared representations and inter-task interactions to

improve performance on each task, potentially outperforming single-task models. On the other hand, com-

pared to single-task models, MTL models can reduce both the memory footprint, the energy consumption,

and the latency during inference since they avoid recomputing the features in the shared layers. Different

36
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Figure 5.1: Accuracy-Efficiency trade-off by AdaMTL compared to SOTA MTL techniques. The x-axis
shows the FLOPS, while the y-axis represents the average accuracy of the tasks compared to the single-task
model.

approaches have been proposed to determine which layers should be shared across tasks and which layers

should be task-specific in MTL models [106, 161, 142].

One common MTL approach is to have a shared encoder that extracts the critical features from the input

scene, followed by some task-specific decoders that predict the output of the corresponding task [148, 149,

161]. Generally, the shared encoder in MTL models needs to have a large representational capacity in order

to generalize well to various tasks and input data from different complexities. Vision Transformers have

proven to be a powerful tool for extracting strong feature representations from the inputs, improving the

performance of the downstream tasks [100, 53, 145]. Hence, few recent works have explored using them

as a shared encoder for feature extraction in MTL models [22, 163]. Although these approaches achieve

impressive performance outcomes, their computational complexity and memory footprint are usually huge,

making them impractical for real-time processing. That’s why, in this work, we focus our efforts on improving

the computational complexity of transformer-based Multi-task Learning models.

Real-world visual scenes have large variations in complexity. For example, a scene with a single object

and an open background would be easier to process than one with an occluded object and a cluttered back-

ground. We argue that treating all input frames equally regarding processing complexity can be wasteful.

Therefore, we propose using an adaptive inference policy to reduce the computational complexity of MTL

models based on the input complexity. Dynamic Input-dependent inference policies have only been explored

for single-task image classification problems [167, 103]. However, MTL models are more complex due to

inter-task dependencies and complex architectures.

To this end, we propose an adaptive MTL framework that recognizes the unnecessary computations in the
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Figure 5.2: Overview of our proposed AdaMTL framework integrating our AdaMTL Block Policy Network
and our AdaMTL Tokens Policy Network. The AdaMTL Block policy network decides on which blocks to
activate during runtime. If the decision is to activate a certain block, our AdaMTL Tokens policy network
runs to decide which tokens to process through that block. Our policy network achieves a task-aware behavior
that improves the quality of the generated policies for multi-task learning models.

model depending on the input complexity. We achieve this by learning an adaptive task-aware policy network

that ultimately decides on which parts of the MTL model to activate during runtime. Our contributions can

be summarized as follows:

• We propose an adaptive Multi-task Learning framework that optimizes Transformer-based MTL mod-

els depending on the input complexity.

• We introduce a task-aware policy network, and we show that it is more effective in recognizing the

unnecessary computations in MTL models compared to task-agnostic policy networks.

• To prove that our policy network can be easily plugged to improve MTL models’ efficiency, we com-

bine AdaMTL with a SOTA MTL model [149] and show that AdaMTL boosts the accuracy by 7.8%

while improving the efficiency by 3.1×.

• We deploy AdaMTL on the Vuzix M4000 AR glasses [151], reducing the inference latency and the

energy consumption by up to 21.8% and 37.5%, respectively, compared to the static MTL model.

The rest of the chapter is organized as follows. We review the related work in Section 5.2. Then, we

introduce our adaptive input-dependent MTL framework in Section 5.3. Next, we show the qualitative and

quantitative analysis of our methodology as well as the ablation study in Section 5.4. Finally, we conclude in

Section 5.5.
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5.2 Background and Related Work

Deep Multi-task Architectures For dense prediction tasks, deep multi-task architectures usually consist of

an encoder that extracts a feature representation from the input frame, followed by task-specific decoders

that generate predictions for each of the downstream tasks [161, 106, 149]. Researchers categorize multi-

task architectures based on the location of task interactions into encoder- and decoder-focused architectures

[148]. Encoder-focused architectures share the information between tasks in the encoder stage [106, 98],

while the decoder-focused architectures exchange information between tasks in the decoding stage [149, 161].

Moreover, some approaches share the information across tasks in both encoder and decoder stages [142, 22].

In this chapter, our baseline MTL model follows an encoder-focused architecture where a shared encoder is

used to extract visual features from the input frame, followed by task-specific decoders. Moreover, our MTL

framework can easily adopt other decoder-based task-interaction techniques, as we will show in Subsection

5.4.3.

Vision Transformer Models Transformers [150] have achieved impressive performance improvements

in various domains such as language understanding [40], speech recognition [55], and computer vision

[41, 145]. The self-attention modules in transformers have proved to be capable of extracting strong fea-

ture representations from the inputs, improving the performance of the downstream tasks. To preserve local

visual context, Vision Transformers (ViTs) split the input image into patches which are embedded as to-

kens [41]. Those tokens pass through successive ViT blocks. Each ViT block has a multi-head attention

module followed by a multi-layer perceptron module to extract the global relationship among input tokens.

Improvements have been made to ViTs enabling data-efficient training [145] as well as efficient inference

[53]. Inspired by ResNets [61], Swin Transformers [100] use a hierarchical ViT block architecture as well

as shifted window attention to serve as a general-purpose backbone for computer vision tasks. That is why,

ViTs started replacing CNNs as a backbone for different computer vision tasks such as image classification

[145, 53], object detection [25], and segmentation [141]. Moreover, several works proposed using them for

multi-task learning [22, 163].

Sparsely-Activated Vision Models As computer vision models become increasingly complex, researchers

have started sparsifying the models to prevent redundant computations. For example, DSelect-k [59] and

M3ViT [93] proposed Mixture-of-Experts (MoE) architectures that use trainable sparse gates to activate a

subset of experts depending on the given input. Other methods employ early-exiting strategies to adaptively

allocate computations depending on input complexity [175, 71]. Other dynamic models skip redundant lay-

ers [155], while others use a bottleneck layer to direct the computations in an input-dependent manner [113].

More recent approaches use lightweight policy networks to generate execution strategies based on the input

complexity [167, 103]. Despite the effectiveness of these approaches for image classification problems, adap-

tive policies have not yet been explored for MTL scenarios. Sparsifying MTL models is more challenging;

the multi-objective nature of those models complicates the overall objective of optimizing the performance

of the different tasks in addition to the policy networks. Therefore, there is a need to explore and develop

techniques that can adaptively sparsify MTL models based on input complexity while being aware of the

multi-objective nature of those models.
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5.3 Methodology

In this section, we propose AdaMTL – an adaptive end-to-end Multi-task Learning framework. We start by

presenting our transformer-based MTL architecture in Subsection 5.3.1. In Subsection 5.3.2, we introduce

our task-aware policy network that dynamically recognizes the unnecessary computations in the MTL model

depending on the input complexity. Finally, we explain our proposed multi-staged task-aware training recipe

in Subsection 5.3.3.

5.3.1 Overview

Figure 5.2 illustrates an overview of our proposed adaptive end-to-end Multi-task Learning framework -

AdaMTL. AdaMTL consists of two main components: a static MTL model and a lightweight policy net-

work. Our MTL model has three parts: a Shared Hierarchical Encoder, a learnable task-specific multi-scale

fusing layer, and a pool of task-specific decoders. We adopt an off-the-shelf hierarchical Vision Transformer

Swin [100] as our shared encoder to extract visual features from the input frames. Vision Transformers (ViTs)

usually split the input image into patches which are embedded as tokens. Those tokens pass through succes-

sive ViT blocks. Each ViT block has a multi-head attention module followed by a multi-layer perceptron

module to extract the global relationship among input tokens. Our learnable multi-scale fusing layers use a

residual blocks-based architecture [61]. They are added to combine the features at different scales (i.e., recep-

tive fields) in an informative way for every downstream task. Finally, we use simple task-specific decoders

consisting of two convolutional layers. Each decoder takes the output from the corresponding multi-scale

fusing layer to generate the corresponding task predictions.

On top of our static MTL model, AdaMTL adds a lightweight policy network that runs alongside the

original model to decide which parts of the model to activate, adapting to the complexity of the input frame.

Our policy network works as a multi-grained decision maker; it consists of an AdaMTL Block policy network

and an AdaMTL Tokens policy network. The AdaMTL Block policy network decides on which blocks to

activate during runtime. If the decision is to activate a certain block, our AdaMTL Tokens policy network runs

to decide which tokens to process through that block. Our intuition behind AdaMTL is that not all patches

in the input frame are equally informative; for example, a patch of an input frame from the background is

less informative than a patch with a person for a task such as human-parts detection. Moreover, the receptive

field at which different patches should be processed differs depending on the scale of the objects in the

input frame. For example, an image with multiple smaller objects might benefit from being processed by

the first few layers of the models where the receptive field is small. However, the later layers with larger

receptive fields are essential for an accurate output on a zoomed-in frame with one object. In other words,

our AdaMTL Policy Network decides which patches are needed to accurately perform the downstream tasks

and the receptive field at which those patches should be processed.

5.3.2 AdaMTL Policy Network

Our policy network works as a multi-grained decision maker; the Block Policy Network decides on which

blocks to activate, while the Tokens Policy Network decides on which tokens (i.e., patches) to process through
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the activated blocks. Our Block Policy Network generates a learnable binary mask for each block in the shared

encoder. We use this binary mask to recognize the necessary blocks needed by the MTL model in order to

perform well on the downstream tasks. Similarly, for each block, we attach a Tokens Policy Network that

generates a learnable policy to determine the tokens that need to be processed through the activated block.

Intuitively, the policy network should learn to recognize the most informative patches in every input frame

as well as the receptive field at which it needs to be processed. Each policy network has two simple fully-

connected layers, followed by a Gumbel Softmax activation to generate binary masks [76]. We devise two

different settings for the policy network: a task-agnostic policy network and a task-aware policy network.

Task-agnostic Policy: In the task-agnostic setting, the policy network is unaware of the number of down-

stream tasks. We achieve this by co-training the whole policy network alongside the MTL model. We mainly

experiment with this setting to show the necessity of task awareness while creating an effective policy network

for multi-task scenarios.

Task-aware Policy: In the task-aware setting, we want our policy network to capture task-specific computa-

tional needs. We achieve this by dividing the policy network into sub-networks, where each sub-network is

responsible for recognizing the necessary blocks/tokens for the corresponding task. As shown in Figure 5.2,

the AdaMTL Tokens Policy Network consists of a sub-network for each task (i.e., Normals Controller, Seman-

tic Segmentation Controller, Saliency Controller, etc.). Each sub-network makes a decision that is plausible

to its respective task. Finally, to get a unified policy, we make a decision to activate a token if at least one of

the tasks needs to process it. The intuitive way to combine the masks would be to apply the logical ORing

operation on all the generated task-specific masks. However, to make it more learnable, we combine the

masks using addition and clamping. As shown in the example output from the Tokens Policy Network in

Figure 5.2, the policy network only activates a token if at least one task-specific policy sub-network decides

to activate it.

5.3.3 AdaMTL Training Recipe

For our adaptive MTL framework to work effectively, we need to learn the MTL model weights as well as the

execution policy (i.e., policy network’s binary masks) that achieves the target efficiency without compromis-

ing the accuracy of the various tasks in our MTL model. Our end-to-end training recipe consists of 3 stages:

Stage 1: Static MTL Model Training
First, we train a static MTL model. We adopt a shared encoder along with task-specific decoders to perform

multi-task learning as explained in Subsection 5.3.1. For our shared encoder, we use the publicly-available

pre-trained Swin Transformer backbones [100]. Then, we attach the multi-scale fusing layer as well as task-

specific decoders, and we fine-tune the end-to-end MTL model to get our static baseline. In this stage, our

loss function is the weighted sum of the losses of the various downstream tasks as follows.

Lstage1 =

m∑
i

ωtask_i × Ltask_i (5.1)

where ωtask_i and Ltask_i are the weight and the loss of the various tasks in the MTL model, respectively, and
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m is the number of downstream tasks in the MTL model. We adopt the task weights used by Vandenhende

et. al. [149].

Stage-2 Policy Network Initialization
We aim to co-train both the policy network as well as the MTL model. Randomly initializing the policy

network while co-training can lead to degrading the model accuracy since the policy network would make

random decisions in the earlier epochs. That’s why we choose initialization weights for the policy network

that activates all the blocks and the tokens. To achieve this, we freeze the static MTL model and pre-train our

AdaMTL policy network with the following loss function:

Lstage2 =

blocks∑
k

(1−Mb/k) +

blocks∑
k

(1−Mt/k) (5.2)

Where Mb/k and Mt/k are the output masks generated by the Block Policy Network and the Tokens

Policy Network attached to the Encoder block k, respectively. This results in an adaptive model that behaves

exactly like the static model, where all blocks and tokens are activated. This acts as a good initialization point

to start co-training the policy network and the MTL model.

Stage 3: Policy Network/MTL Model Co-training
In this stage, we co-train the policy network along with the MTL model. Our goal is to learn the binary

masks that our policy network should generate in order to meet the target computational budget (i.e., the target

percentage of the MTL model components to be activated) while maintaining the accuracy of the downstream

tasks. Thus, we use a multi-objective loss as shown in Equation 5.3. Our loss function incorporates the various

task losses Ltasks as well as the efficiency loss Leff multiplied by a factor α. α represents the efficiency

weight which controls the trade-off between accuracy and efficiency. In our experiments, we set α to unity;

however, different values can be used to control the trade-off depending on the application requirements.

Lstage3 = Ltasks + αLeff (5.3)

The efficiency loss incorporates the efficiency of the decisions made by the blocks as well as the tokens

controller, as shown in Equation 5.4. In order to minimize the number of activated blocks, we set Lblocks as

mean squared error (MSE) between the actual percentage of the activated blocks and the target percentage

of activated blocks as shown in Equation 5.5. Similarly, we set Ltokens as the MSE between the actual

percentage of the activated tokens and the target percentage of activated tokens. However, it is common for

hierarchical ViTs to have more tokens in the earlier layers compared to the later layers (i.e., the earlier layers

have smaller receptive fields, thus more patches, while later layers have larger receptive fields, thus fewer

patches). This means that the number of tokens does not linearly reflect the computational complexity since

layers with more tokens have smaller embedding dimensions per token, while layers with fewer tokens have

larger embedding dimensions. That’s why we multiply the percentage of tokens in each layer by a weight ωd

equivalent to the embedding dimension in this layer as shown in Equation 5.6.

Leff = Lblocks + Ltokens (5.4)

Lblocks = MSE(
Bactiv

Btotal
,
Btarget

Btotal
) (5.5)
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Ltokens = MSE(
ωd × Tactiv

Ttotal
,
ωd × Ttarget

Ttotal
) (5.6)

Algorithm 2 AdaMTL - Alternating Task Training (ATT)

Require: model: Model with initialized policy network
Require: Tasks: Task names in MTL model
Require: m: Number of tasks in MTL model
Require: epochsatt: Number of epochs for ATT
Require: Li: Loss for the epoch i

for i = 0 to epochsatt do
current_task ← Tasks[i mod m]
Li ← Lcurrent_task + αLeff

for all task ∈ Tasks do
if task = current_task then

model.unfreeze_decoder(task)
model.enable_policy_network(task)

else
model.freeze_decoder(task)
model.disable_policy_network(task)

end if
end for
train_one_epoch(model, Li)

end for

To make our policy network task-aware, we co-train each task-specific policy sub-network independently

with the end-to-end model. Sequentially co-training the policy sub-networks along with the end-to-end model

suffers from catastrophic forgetting (i.e., the model gets biased towards behaving well on the last task, and

the performance deteriorates on the earlier tasks). That’s why we propose an Alternating Task Training

(ATT) where we shift the focus between the tasks every one epoch. Algorithm 2 shows the steps of our ATT

technique. For each epoch, we choose a task to focus on, and we set the loss accordingly, as shown in lines

2 and 3, respectively. Then, we only activate the decoder and the policy sub-network corresponding to the

chosen task, as shown in lines 4-13. We train the MTL model for one epoch using that setting. Then, we move

on to co-training the decoders and the policy sub-networks of the other tasks. Finally, we perform end-to-end

fine-tuning to improve the overall model accuracy. The training loss remains the same as in Equation 5.3, and

we unfreeze all the model’s components. This results in an adaptive MTL model that generates task-aware

inference policies depending on the complexity of the input.

5.4 Experiments

5.4.1 Setup

Dataset: We evaluate our method on the PASCAL dataset [43]. Following other papers in MTL literature

[163, 149, 161], we use the PASCAL-Context split that has annotations for various dense prediction tasks
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Table 5.1: Quantitative analysis of AdaMTL on PASCAL dataset. The table shows the accuracy-efficiency
trade-off by our adaptive MTL model compared to the single-task model as well as static MTL models. H
and L represent high and low computational complexity targets for AdaMTL, respectively. ∆ m (ST) and ∆
FLOPS (ST) show the change in the average accuracy of the tasks and percentage of FLOPS compared to the
single-task model, respectively. ↓ means the lower the better, while ↑ means the higher the better. Bolded
values represent the Pareto-frontier of the accuracy-efficiency trade-off.

Policy Backbone Image Sal Human Parts Sem Seg Normals ∆ m (ST) GFLOPS ∆ FLOPS (ST) Params
Size maxF ↑ mIoU ↑ mIoU ↑ mERR ↓ (%) ↑ ↓ (%) ↓ (M) ↓

Single-Task Swin-T 224 71.93 48.63 60.35 18.45 0.00 18.33 1 × 111.42

Static MTL
Swin-T

224 74.15 47.62 59.08 19.20 -1.20 5.79 0.32 × 34.77
AdaMTL (H) 224 73.72 47.64 57.13 19.16 -2.18 5.34 0.29 × 34.87
AdaMTL (L) 224 73.01 46.85 55.9 19.54 -3.86 4.82 0.26 × 34.87

Static MTL
Swin-S

224 75.00 50.66 61.84 18.71 +2.35 12.5 0.68 × 67.02
AdaMTL (H) 224 75.23 51.22 61.88 18.79 +2.65 12.51 0.66 × 67.12
AdaMTL (L) 224 74.75 50.07 59.91 18.61 +1.31 10.35 0.57 × 67.12

Static MTL
Swin-B

384 73.93 56.68 67.47 17.69 +8.81 59.39 3.24× 108.66
AdaMTL (H) 384 76.55 56.28 65.04 17.74 +8.43 51.29 2.80× 108.88
AdaMTL (L) 384 76.23 55.04 62.63 17.92 +6.46 41.229 2.25× 108.88

such as semantic segmentation, human part detection, surface normals estimation, and saliency distillation.

It has 4,998 images in the training split and 5,105 in the validation split.

Implementation and Training details: We implemented AdaMTL using PyTorch. As mentioned in Sub-

section 5.3.1, we adopt the publicly available pre-trained Swin Transformer backbone [100] as our shared

encoder. To get our adaptive MTL model, we employ a three-stage training recipe as explained in Subsection

5.3.3. In Stage 1, we fine-tune the Swin Transformer backbone along with our task-specific decoders for 1000

epochs. Then in stage 2, we freeze the MTL model and initialize the policy network by training it to activate

the whole MTL model. We run this stage for another 80 epochs. Finally, in stage 3, we use our proposed

Alternating Task Training technique to co-train the policy network along with the MTL model for another 150

epochs, followed by fine-tuning the end-to-end AdaMTL model for another 150 epochs. Our method does not

only increase the model efficiency during inference, but it also reduces the carbon emission since we avoid

retraining complex ViTs from scratch by reusing off-the-shelf pre-trained backbones; AdaMTL needs only

1 V100 GPU for around 24-48 hours (i.e., depending on the used backbone) in order to run our end-to-end

training recipe.

5.4.2 Quantitative Analysis

Accuracy-Efficiency Trade-off: We apply AdaMTL on three SOTA ViTs from the Swin Transformer family

[100]. We include Swin-Tiny, Swin-Small, and Swin-Base, representing three different scales of ViTs in

terms of computational complexity. We include two different computational complexity targets: H and L.

H represents a higher computational budget where the target percentage of activated tokens and blocks are

60% and 90%, respectively. L represents a lower computational budget where both the target percentage of

activated tokens and blocks are set to 50%. In both settings, the accuracy-efficiency trade-off weight (i.e., α

in Equation 5.3) is set to unity. To evaluate the accuracy-efficiency trade-off by AdaMTL, we compare it to
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Table 5.2: Comparison with SOTA MTL models.

Method Backbone ∆ m (ST) ∆ FLOPS (ST)
↑ (%) ↓ (%)

PAD-Net [161] HRNet-18 +4.98 23.21×
AdaMTL (Ours) Swin-B +6.46 2.25 ×

ASTMT [102] R26-DLv3 +8.38 5.66 ×
AdaMTL (Ours) Swin-B +8.81 3.24 ×

MTI-Net [149] ResNet-50 +13.49 9.6 ×
InvPT [163] ViT-B +27.20 21.35 ×

(a) 55% FLOPS (b) 65% FLOPS (c) 75% FLOPS (d) 85% FLOPS
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Figure 5.3: Qualitative insights on the computational budget allocated by AdaMTL to process input frames
of different complexity. We can notice that AdaMTL assigns fewer computations for simpler scenes, as in (a)
and (b), while it justly assigns more computations to process more complex and cluttered scenes as in (c) and
(d).

two baselines: (1) Single-Task models and (2) Static MTL models (i.e., our base MTL model before attaching

our task-aware policy network). Table 5.1 shows the accuracy, the computational complexity (i.e., FLOPS)

as well as the model size (i.e., Params) of AdaMTL compared to the single-task model and the static MTL

models. ∆ m (ST) and ∆ FLOPS (ST) show the change in the average accuracy of the tasks and percentage

of FLOPS compared to the single-task model, respectively. Results show how our method enhances the

accuracy-efficiency trade-off for MTL models. For example, by applying AdaMTL to Swin-S backbone, we

can get an MTL model with 43% less FLOPS and 1.31% more accuracy compared to the single-task model.

Similarly, by applying AdaMTL to Swin-T backbone, we can get an MTL model with 71% less FLOPS and

only 2.18% drop in accuracy compared to the single-task model. Therefore, given any target computational

complexity, AdaMTL can meet it while potentially improving the accuracy.

Comparison to SOTA MTL models: We also compare the accuracy-efficiency trade-off of AdaMTL to

four SOTA MTL models that vary in computational complexity and accuracy. Figure 5.1 shows the accu-

racy and the computational complexity of AdaMTL compared to those of PAD-Net [161], ASTMT [102],

MTI-Net [149], and InvPT [163]. We can notice that AdaMTL dominates both PAD-Net and ASTMT. More-

over, AdaMTL achieves a more efficient trade-off compared to MTI-Net and InvPT. As shown in Table 5.2,

AdaMTL has 3× less FLOPS than MTI-Net and 7× less FLOPS than InvPT. It is important to note that our

effort in AdaMTL is directed specifically toward enabling efficient Multi-Task learning. That is why we argue
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Table 5.3: Combining AdaMTL with SOTA MTL components.

Method Backbone ∆ m ∆ FLOPS Params
% ↓ (M)

Single-Task Swin-T +0.00 18.33 G 111.42
AdaMTL Swin-B +8.81 1.1× 108.66

MTI-Net [149] ResNet-50 +13.49 9.6× 91.00
AdaMTL + MTI-Net Swin-B +20.29 3.1× 101.14

that while the performance of MTI-Net and InvPT is impressive, their demanding computational complexity

might not be suitable for real-time processing on resource-constrained devices.

5.4.3 Combining with SOTA MTL components

Our adaptive MTL framework can easily adopt other SOTA MTL components to further enhance the accuracy-

efficiency trade-off. In this section, we show a case study where we integrate AdaMTL with the SOTA MTL

concepts in MTI-Net [149] in order to improve both its efficiency and accuracy. MTI-Net has two main mod-

ules: (1) A multi-scale multi-modal distillation unit to model task interactions at different scales and (2) A

feature propagation module that propagates distilled task information from lower to higher scales. In this

experiment, we attach those two modules between the shared hierarchical encoder and the task-specific de-

coders in our AdaMTL framework. Following the exact same training recipe introduced in Subsection 5.3.3,

the results in Table 5.3 show that AdaMTL can be integrated with other MTL modules from MTI-Net to boost

MTI-Net’s accuracy by 7.8% while improving its efficiency by 3.1×.

5.4.4 Qualitative Analysis

Figure 5.3 shows some insights about the allocated amount of computations by AdaMTL for input frames

of different visual complexity. Figures 5.3a, 5.3b, 5.3c, and 5.3d shows examples where AdaMTL allocated

55%, 65%, 75%, and 85% of the static model FLOPS respectively. We can see that AdaMTL allocates fewer

computations to simple frames with fewer objects as compared to complex scenes with multiple objects and

cluttered backgrounds. Figure 5.3e shows a histogram of AdaMTL’s computational complexity per example

for all the images in PASCAL validation set. The red line represents the average number of FLOPS needed

to process all the images. We can notice that AdaMTL adapts to the large variation in the computational

complexity requirement by various images in the dataset.

To gain more insights into the decisions made by our policy network, we visualize a sample of the gen-

erated tokens masks in Figure 5.4. Column 5.4a represents the input frames, while columns 5.4b, 5.4c, and

5.4d represent the generated tokens masks by our policy network at different layers, such that the white areas

represent activated tokens. We can notice that the policy network tends to activate more tokens in the earlier

layers to understand the global features of the input frame. Then, it narrows down its scope in the later layers,

focusing on the most informative patches (i.e., patches with the main objects) in the input frame.
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(a) Input Frame (b) Layer 1 (c) Layers 12-15 (d) Layer 18

Figure 5.4: Sample of the generated masks by AdaMTL tokens policy network. The white areas in (b)-(d)
represent activated tokens.

Table 5.4: Performance Analysis on Vuzix Augmented Reality Glasses [151]. We analyze the percentage
of the inference latency and the energy consumption by our AdaMTL model compared to its corresponding
static model.

Method Backbone Inference Energy
Latency (%) Consumption (%)

AdaMTL Swin-T -20.6% -35.3%
AdaMTL Swin-S -21.8% -37.5%

5.4.5 Deployment on Vuzix M4000 AR glasses

We compile our AdaMTL model using PyTorch for Android [121], and we deploy it on the Vuzix M4000 AR

glasses [151]. The Vuzix glasses have an 8 Core 2.52Ghz Qualcomm XR1 board with 6GB RAM. It operates

using Android 11.0. Using the Battery Historian tool [64] to profile the energy consumption on the device,

we record the average latency and energy consumption across random samples from the PASCAL validation

dataset. Table 5.4 shows that AdaMTL reduces the inference latency and the energy consumption by up to

21.8% and 37.5%, respectively, compared to its corresponding static MTL model.

5.4.6 Ablation Study

Quality of the learnt inference policies: To analyze the quality of the learned inference policies by our task-

aware policy network. Table 5.5 compares the accuracy-efficiency trade-off achieved by our task-aware policy

network (i.e., referred to as Task-Aware) to three other baselines: (1) Random where we activate random

blocks and tokens from the static MTL model, (2) Random+ where we again activate random blocks and
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Table 5.5: Comparison between the quality of our task-aware policy, the task-agnostic, and the random
execution policy.

Policy Backbone ∆ m (ST) ∆ FLOPS (ST)
(%) ↑ ↓

Random

Swin-T

-34.53 0.24×
Random+ -8.64 0.24×

Task-Agnostic -5.68 0.24×
Task-Aware -3.86 0.26×

Random

Swin-B

-34.86 0.82×
Random+ -8.57 0.82×

Task-Agnostic +0.77 0.84×
Task-Aware +1.12 0.83×

Table 5.6: The contribution of different adaptive dimensions to AdaMTL. ∆ m is measured relative to the
static MTL model.

Adaptive Adaptive ∆ m FLOPS
Blocks Tokens % (G)

× × -0.00 5.8
✓ × -1.66 5.23
× ✓ -1.46 5.08
✓ ✓ -0.85 5.37

tokens from the static MTL model but after performing our adaptive training pipeline, and (3) Task-Agnostic

policy network explained in Subsection 5.3.2. The results in Table 5.5 show that the policies learned by

our task-aware policy network outperform the other baselines. We can also notice that performing adaptive

training gives the MTL model robustness towards sparsification (i.e., Using a random policy on the static

model reduced the accuracy by 34%, while it only reduced the accuracy by 8% when applied to the adaptively

trained MTL model).

Analysis of the adaptation along each component of our policy network To understand the contribution

of both components of our policy network (i.e., blocks policy network and tokens policy network) to the

accuracy-efficiency trade-off of AdaMTL, we compare the results from four different settings: (1) the static

model where neither component of the policy network is activated, (2) AdaMTL while activating the block

policy network only, (3) AdaMTL while activating the tokens policy network only, and (4) AdaMTL where

both policy networks are activated. Table 5.6 shows that enabling both components enhances the accuracy-

efficiency trade-off of AdaMTL.

Analysis of the behavior of our loss function To analyze the importance of the weight factor ωd in Equation

5.6 of our loss function, we visualize the average percentage of activated tokens across the blocks of Swin-T

encoder with and without ωd in Figure 5.5. We can notice that adding the ωd factor to the loss function leads

to a more distributed FLOPS reduction across different blocks, which is essential for the effectiveness of our

adaptive MTL framework.
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(a) Without weighted tokens (b) With weighted tokens

Figure 5.5: Loss function ablation: The figure illustrates the average percentage of activated tokens over the
12 blocks in Swin-T using (a) non-weighted tokens loss and (b) weighted tokens loss.

5.5 Conclusion

In this chapter, we propose AdaMTL - an adaptive framework that learns task-aware inference policies for

the MTL models in an input-dependent manner. We achieve this by co-training a lightweight policy network

along with our MTL model. During runtime, our policy network recognizes the unnecessary computations

and dynamically chooses an execution strategy depending on the input complexity and the target computa-

tional budget. Our experiments on PASCAL dataset demonstrate that AdaMTL reduces the computational

complexity by 43% while improving the accuracy by 1.32% compared to the single task models. Combined

with SOTA MTL components, AdaMTL boosts the accuracy by 7.8% while improving the SOTA MTL model

efficiency by 3.1×. Finally, we deployed AdaMTL on Vuzix M4000 AR glasses showing up to 21.8% and

37.5% reduction in inference latency and energy consumption, respectively, compared to the static MTL

model.



Chapter 6

Alternative Parameter-Efficient
Platform for Machine Learning through
Acid-base Networks

6.1 Introduction

Semiconductor devices have led the information technology revolution over the past several decades. How-

ever, there are good reasons to explore alternative methodologies for information storage and data processing,

such as their potential for greater power efficiency, greater affordability, biological compatibility, and abil-

ity to adapt to different environmental conditions that may be inhospitable to conventional semiconductor

technologies. One interesting research direction is a molecular computing paradigm [2][24] that relies on

chemical reactions, which can be considerably more space- and energy-efficient than digital approaches [54].

Various methodologies have been proposed for molecular computation. For example, some demonstrations

have leveraged chemical reaction-diffusion processes, often using the Belousov–Zhabotinsky (BZ) reaction

[50] as a chemical oscillator [52]. While these oscillators’ dynamics can be used to perform tasks such

as classification [116], they incorporate complex spatio-temporal signals rather than stable endpoints, and

they are sensitive to factors such as active sample mixing and temperature. Other hybrid approaches uti-

lize electronic actuators to assist in encoding the inputs for reaction initiation [116]. A different approach

is proposed by Arcadia et al. where they model the autocatalytic reactions as an activation function used

in artificial neural networks [13]. They demonstrate an autocatalysis-based digital image recognition model

with the images encoded in the concentration of a catalyst. In this work, we use acid-base concentration

to encode digital information. DNA computing has been the most widely studied form of molecular com-

puting [24][119][122][138]. It relies on DNA strands to carry information and execute different logic and

arithmetic operations. Sequence-specific hybridization among networks of DNA sequences is used to model

the algorithm chosen to solve the given problem. Nevertheless, DNA has limitations such as temperature

50
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sensitivity, long computation times, and the need for large numbers of custom reagents and optimizations to

perform experimental demonstrations of computation. In this chapter, we use a chemical approach that em-

ploys acid-base reactions as a means for universal computations orchestrated by an acoustic liquid handler.

The proposed chemical system is straightforward. A mixture of a strong acid (HX) and a strong base (YOH)

can be summarized as reaching an equilibrium between three reactions:

HX+H2O→ H3O
+ +X− (6.1)

YOH→ Y+ +OH− (6.2)

H3O
+ +OH− ⇄ 2H2O (6.3)

An interesting property of this simple chemical system is provided by the neutralization reaction (Eq. 6.3),

which couples the results of the acid and base reactions, primarily leaving behind only the more abundant

species. Let xi denote the type of droplet i (e.g., acid or base). If we consider a mixture of an odd number of

n droplets with equal volume and concentrations, with m of these droplets being acids, then:

Majority(x1, x2, . . . , xn) =

Acid (= +1) if 2m > n

Base (= −1) if n > 2m,
(6.4)

which is analogous to the majority function in Boolean logic.

Importantly, the majority function combined with the inversion operation form a functionally complete set

[11], which means these operations are sufficient to model any Boolean logic function. However, the inversion

operator is challenging to realize in chemical computation since inversion would require a conditional bistable

chemical network which can be toggled without knowledge of the current state. As best we know, there is

no simple reaction that would both change an acid to a base, and change a base to an acid. To obviate the

need for complex reaction networks, we can take advantage of the symmetry of Equations (1) and (2), and

recognize an opportunity to encode information in the difference between acidic and basic solutions. Thus,

we propose a dual-rail encoding that represents data values as complementary pairs, e.g., (acid, base) or

(base, acid). An encoded value will be represented by a concentration of [H3O+]=x ions (pH = − log x) in

one rail and a concentration of [OH– ]=x ions (pH = 14.0 − log x) in the complementary rail. Differential

encoding supports the inversion operation by simply exchanging the roles of the complementary rails during

computations. Computations performed in the dual-rail form conveniently produce both the output and its

logical complement, similar to some common digital structures like the D Flip-Flop [125]. Figure 7.1b

illustrates some of the fundamental building blocks of our methodology. The concept of complementary

representations, such as dual-rail encoding, has been used to solve relevant problems in other computational

systems [79][123]. For example, Jiang et al. used complementary solutions with different concentrations to

represent bits within their approach [79]. Similarly, Qian et al. used the notion of complementary inputs and

gates to design seesaw gates [123]. Our approach extends the dual-rail information concept to universally-

relevant acid/base chemistry.
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pH Indicator
(X1 - X2 + X3)

Figure 6.1: Method overview. a The dual-rail acid-base encoding for an addition followed by a subtraction
(using the inverted representation). Each “1” is represented by an acidic solution (on the pH rail) and a basic
solution (on the complementary pH rail); a “-1” is represented by the same solutions in reverse order. b Illus-
tration of the mapping of discretized inputs into their corresponding pH values. c Conventional neuron with
its default operations. d Equivalent neuron using an acid-base encoding with analog input values mapped to
the corresponding pH value from the calculated range. Crossing lines indicate multiplying by -1. e Encoding
of a 2x3 binary array of pixels into a well plate of acids (yellow) and bases (blue), where each pixel value is
mapped to two wells.

6.2 Results

Encoding data in a dual-rail, acid-base representation.
As illustrated in Figure 7.1b, our encoding approach represents each bit using a pair of complementary
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solutions where the pair (Acid, Base) represents the value “1” or TRUE, while the pair (Base, Acid) represents

the value “-1” or FALSE. A pair with neutral pH 7 represents the midpoint of the full scale, which is the

boundary between TRUE and FALSE, or the value “0” when applicable. In some applications, we can

further extend the encoding to a larger set of discrete values by controlling the concentration of the encoded

values. For example, to build a 3-bit encoding system with eight possible non-zero values, we can discretize

the data symmetrically into four negative values {-4, -3, -2, -1} and four positive values {1, 2, 3, 4}. The

positive values would be encoded as (Acid, Base), and the negative values would be encoded as (Base, Acid).

For each data value, we dilute the solution by adding an amount of water that is equal to:

added water volume = (initial volume× maximum encoded value
encoded value

)− initial volume (6.5)

We make these solutions experimentally by providing an acoustic liquid handler (Echo 550, Labcyte) with

stocks of acids, bases, and deionized water. Each computational operation involves transporting portions of

the input solutions to an output well plate. The role of the liquid handler is analogous to the wires in an

electronic circuit. As shown in Figure 7.1bc, for each value in the information sequence being encoded, if

the value is positive, we instruct the liquid handler to dispense an acid droplet followed by a base droplet in

the next available slots in the destination grid. Similarly, if the value is negative, the liquid handler dispenses

a base droplet followed by an acid droplet, instead. Finally, if the computation involves more discretized

values, the liquid handler dispenses water droplets into the corresponding wells to dilute the solutions as

described in equation 6.5. Finally, we add a pH indicator to the final outputs of the computation to read the

results. If the indicator measures an (Acid, Base) pair, this signifies that the output is TRUE, while a (Base,

Acid) pair would indicate FALSE.

Modeling digital circuits using acid-base reactions. As discussed in the Introduction, when mixed,

acids and bases naturally execute the majority function and inversion can be realized by exchanging the roles

of the complementary pair. Since the majority and inversion operations are functionally complete [11], they

can be used to represent any logic function. Figure 6.2 depicts primitive AND, OR, INV, NAND, and NOR

logic gates represented in terms of acid-base operations. In order to avoid neutral pH outputs, all of the

building blocks should have an odd number of inputs. To construct two-input logic gates, the third input is a

constant bias. Table 6.1 shows the truth table for the AND gate and the corresponding representation using

acid-base reactions with a dual-rail encoding.
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Figure 6.2: Primitive logic gates represented by acid-base blocks. a AND gate, b OR gate, c INV gate, d
NAND gate, e NOR gate. Each gate with an even number of inputs requires a third biasing value to implement
its function and eliminate neutrality. The + sign indicates that the input solutions are mixed. The crossing
output lines indicate that an inversion has been performed.

Table 6.1: The truth table for the AND gate in digital systems and its corresponding representation in our
dual-rail acid-base method.

Digital AND Gate Dual-Rail Acid-Base Operation
In 1 In 2 Out Input 1 Input 2 Bias Output
0 0 0 Base/Acid Base/Acid Base/Acid Base/Acid
0 1 0 Base/Acid Acid/Base Base/Acid Base/Acid
1 0 0 Acid/Base Base/Acid Base/Acid Base/Acid
1 1 1 Acid/Base Acid/Base Base/Acid Acid/Base

The first two columns correspond to the input permutations. The following fourth and fifth columns
represent the acid-base encoding. The sixth column represents the constant bias input used with the AND
gate. The last columns on either side show the result (output) of mixing the inputs in the acid-base AND

gate.

Figure 6.3 depicts a complete logic circuit for the digital decoder using acid-base blocks. Figure 6.3a

shows the original logic circuit, while Figure 6.3b shows the corresponding circuit using the equivalent

acid-base logic blocks. Finally, Figure 6.4 depicts the implementation of the decoder circuit using the liquid

handler. Figure 6.4a) shows the truth table for the 2-bit decoder circuit, Figure 6.4b) shows the first level of

the circuit that includes the original input and its complements in addition to acid and base stocks to be used

as biases for the AND gates, and Figure 6.4c) shows the final outputs of the circuits after applying the AND

gate according to the circuit design.

One limitation of these acid-base logic gates is that the outputs of successive cascaded logic stages have

progressively more neutral pH because of the neutralization reaction. Conceptually, one way to resolve this

is to simply replace the intermediate results with fresh acid or base solutions. For simplicity this is what we
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assume in logical simulations; however, it implies interrupting the computation. Other future alternatives to

restore the pH logic levels could include incorporating mechanical valves with pH-sensitive materials, which

we highlight in the Discussion.
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Figure 6.3: Digital decoder and its equivalent acid-base implementation. a The decoder circuit using
digital logic blocks. b The equivalent decoder circuit using acid-base blocks.

MNIST digit classifier using acid-base reactions. Neural networks are computing systems that derive

relations from available datasets through weighted sums of input features executed through connected neu-

rons. Classification is a common task for neural networks to classify inputs (e.g., handwritten digit image)

into a set of classes (e.g., the corresponding digit number). Additionally, the network is customized for dif-

ferent conditions, such as 1) The input image format: colored, grayscale, or black and white. We ran our

experiment on black and white, and 3-bit grayscale images. 2) The type of training weights. We chose binary

weights, which are limited to “1” and “-1,” since we can readily represent a “1” as a direct transfer of an input

and a “-1” as an inverted transfer that flips our rails in our encoding. We used softmax [136] as an activation

function for all our models. Finally, the neural network is split into two phases: a training phase and an in-

ference phase. The training phase is a computationally-intensive phase that involves using a prepared dataset

to find optimal weights that generate the desired labels with high accuracy. The inference phase uses the

pre-trained weights to predict labels for new inputs outside of the dataset. Much like previous DNA comput-

ing demonstrations,[122][30] our work focuses on using acid-base chemistry to realize the inference phase

based on pre-trained weights, which is the main phase in most practical applications. The acid-base encoding

presented here computes the weighted sum performed by each neuron by mixing strong acids and bases that

represent the encoded image based on the binary weights of the network. A black pixel is represented by

a (Base, Acid) pair, while a white pixel is represented by an (Acid, Base) pair. Our approach performs the

multiplication by “1” (through a direct liquid transfer without inversion) or by “-1” (through swapping the

order of the encoded dual-pair value during the transfer). The resulting solution is acidic or basic, which

maps to the classification result of the network where (Acid, Base) pairs represent positive outputs, while

(Base, Acid) pairs represent negative outputs. Additionally, the pH indicator serves as a non-linear activation
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layer that computes the neuron’s output based on the pH threshold.
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Figure 6.4: Implementation of the 2-Bit Decoder using the liquid handler. a The truth table for the 2-bit
decoder. b The initial acid (yellow) and base (blue) stocks of the encoded inputs and their complements. c
The final output of the acid-base circuit after applying the AND gate.

We trained a binary neural network consisting of two fully-connected neurons with the softmax activa-

tion function to recognize images that represent hand-written digits. In our experiments, we choose images

corresponding to the hand-written 0 and 1 digits from the MNIST (Modified National Institute of Standards

and Technology) digit classification dataset [37]. The pixels of the input image are flattened sequentially (left

to right, and top to bottom) into a 1D vector. A copy of the 1D vector representation of the image is fed

into each neuron. Figure 6.5 shows the 2-neuron network for the classification of 8 × 8 images into zero or

one. After training the weights, we perform our classification as shown in Figure 6.6. Figure 6.6a) shows an
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example image from the validation dataset. We start by encoding the image into its acid-base representation

shown in Figure 6.6b) using the acid-base stock. We encode the image as many times as the number of

neurons (classes) in our approach (we have two classes/neurons since we are classifying the digits “0” and

“1”). After encoding and applying the weights, we compute the output from each neuron to decide whether

it is a “1” or “-1.” Finally, as shown in Figure 6.6c), for each neuron, we pool (sum) all of the pH rails of the

dual-rail to compute the pH rail of the neuron’s output, and all of the complementary pH rails of the dual-rail

to compute the complementary pH rail of the neuron’s outputs. We add a pH indicator to the neuron outputs

to determine whether the outputs are acidic or basic based on their color. A neuron with an output pair (Acid,

Base) indicates that the input image matches the digit this neuron is supposed to recognize. For instance, the

first neuron is supposed to recognize the digit 0, while the second neuron is supposed to recognize the digit

1. In contrast, a neuron with an output pair of (Base, Acid) indicates that the input image does not match the

digit this neuron is supposed to recognize.
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Figure 6.5: Network architceture. Neural network for the classification of 8× 8 images into the digits zero
or one.

We ran our model in simulation using various parameters (image size, discretization levels, and the num-

ber of classes) across the full validation set and calculated the match percentage between our experimental

reactions and our theoretical pH simulations. Additionally, we picked ten random samples from the valida-

tion dataset to evaluate the model experimentally using the liquid handler. The minor reduction in accuracy

from the acid-base model compared to the in-silico model arises from relying on the pH color indicator for

reading the outputs. We rely on the color to determine the state of each neuron where (Acid, Base) = +1 and

(Base, Acid) = -1; which is sufficient when the in-silico model produces scores that have a positive sign for

the correct label and a negative sign for the wrong label. However, for a few samples, the in-silico model and

the acid-base model will generate matching results, except that all outputs are either (Acid, Base) or (Base,

Acid). However, when we measure the actual pH levels, the output with the highest concentration always

matches the prediction label from the in-silico model. Supplementary Figure B.1 shows an 8 × 8 image

example that cannot be classified correctly with the acid-base network; the pixel values for the image are

shown in Supplementary Table B.1.
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First neuron output: (Base, Acid) = Off

Second neuron output: (Acid, Base) = On

Figure 6.6: Classification of the digit “1” using an acid-base network. a The original 16 × 16 image to
be classified. b The encoding of the image and inversions using acids (yellow) and bases (blue). c The final
classification output image from the lab experiment.

For the first set of results, we ran our experiment using binary pixel values and two classes using dataset

images of sizes 8×8, 12×12, 16×16, and 28×28. As shown in Table 6.2, our chemical-based classifier is

able to match theoretical results from the digital network with 99.61% similarity on average across different

input sizes. The model’s accuracy is calculated over the validation dataset, and it is defined as the ratio of

number of correct classifications to the number of samples in the validation dataset. The match similarity is
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calculated over the validation dataset using pH simulation, and it is defined as the ratio of the number of of

samples where the in-silico and acid-base networks match to the number of samples in the validation dataset.

Table 6.2: Matching accuracy for 2-class, binary image classifier.

Image Size Model Accuracy (%) Acid-Base Network Match (%)
8×8 95.45 99.81
12×12 95.59 99.39
16×16 95.82 99.39
28×28 96.00 99.86
Average 95.72 99.61

Image size, classification accuracy of the digital model, and matching accuracy between the digital model
and the theoretical pH values. Source data are provided as a Source Data file.

For the second evaluation, we extended our experiment to classify 3-bit images (8 grayscale levels) instead

of binary values. We use a network that is similar to the previous experiment but uses 3-bit values instead

of binary ones. We discretized the input pixel values into eight different integers where each pixel value x

is mapped to the integer: round(8 × x
255.0 ) − 4. We then utilized the dilution equation explained before to

represent the given integer. We re-trained the network with the updated representation. The remaining flow

matches the previous experiment. As shown in Table 6.3, our chemical-based classifier is able to match the

theoretical results from the digital network with 98.94% similarity on average across different input sizes.

Table 6.3: Matching accuracy for 2-class, 3-bit image classifier.

Image Size Model Accuracy (%) Acid-Base Network Match (%)
8×8 93.28 97.26
12×12 95.15 99.15
16×16 96.28 99.48
28×28 96.37 99.86
Average 95.27 98.94

Image size, classification accuracy of the digital model, and matching accuracy between the digital model
and the theoretical pH values. Source data are provided as a Source Data file.

For the final set of results, we extended our experiment by using three fully-connected neurons instead

of two to classify binary images belonging to three different classes/digits (“0”, “1”, and “2”). As shown

in Table 6.4, our chemical-based classifier is able to match the theoretical model’s results from the digital

network with 98.3% similarity on average across different input sizes.
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Table 6.4: Matching accuracy for 3-class, binary image classifier.

Image Size Model Accuracy (%) Acid-Base Network Match (%)
8×8 95.68 96.12
12×12 95.86 98.82
16×16 96.00 98.82
28×28 96.05 99.62
Average 95.90 98.35

Image size, classification accuracy of the digital model, and matching accuracy between the digital model
and the theoretical pH values. Source data are provided as a Source Data file.

6.3 Discussion

In this work, we explored the usage of acid-base reactions as a basis for complex computation orchestrated

by a robotic fluid handler to perform the encoded reactions. We introduced a dual-rail encoding method

that suits the natural complementarity of acids and bases and enables our method to support the negation

operation, which is essential for realizing universal computation. We leveraged the fact that the pH of a strong

acid/base system is dominated by whichever species is more concentrated to realize the majority function in

chemistry. Our approach presents a system for modeling various computations without using the complex

spatio-temporal encodings presented in other unconventional computing methods. Furthermore, the reactions

enable rapid computation, given the speed of strong acid/base reactions, without expensive equipment or

intricate handling to execute the operations. Straightforward computation using acid-base chemistry can

provide new ways of interacting with molecular data storage systems, for example, by interacting with pH-

dependent protection/deprotection groups that could be incorporated into DNA [114, 122] or small-molecule

information [14, 84, 128] storage systems. As an illustration of our approach, we implemented an image

classification neural network using a system of acid-base reactions. We utilized binary neural networks and

binary cross-entropy loss functions to generate complementary outputs compatible with our method that can

be distinguished using a pH indicator. As a result, we managed to classify the MNIST digits dataset (for

two and three digits). Simulated experiments based on our approach classified images with a 99% accuracy.

We also extended our encoding and computational approach to work with non-binary inputs. Using the

dynamic range of possible concentrations, we can generate more interesting representations for our data to

support more efficient computations [15]. Looking forward, we are investigating the possibilities of other

nonlinear chemistries. This work presented only strong acids/bases, but incorporating weaker acids and

bases as pH buffers [21] could introduce nonlinearity, thresholds, and plateaus in the pH curves. Introducing

nonlinear pH operators could produce more complex primitives, such as activation functions [13], which

are a critical part of multilayer neural networks. By developing a cascadable chemical nonlinear activation

function, we would be able to extend our method to support deep neural networks with multiple hidden

layers. In addition to neural networks, we also presented an approach for using the acid-base reaction to

represent digital logic circuits. We designed multiple digital logic primitives using the acid-base system while

introducing a third biasing input to the blocks to guarantee a non-neutral output and the desired functionality.

Since acid-base reactions can be diluted when propagated across multiple layers or gates, we proposed solving
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dilution problems by manually replacing the intermediate results with fresh non-diluted stocks of acids or

bases. However, this step can be automated by combining with other existing concepts, such as the usage

of pH-sensitive hydrogel valves [171] to build a restoration mechanism to maintain the computation across a

longer chain of reactions. Additionally, digital logic optimization algorithms can be incorporated to improve

the quality of our approach. For example, we can optimize the computations to reduce the number of logic

layers in the digital circuit to minimize the dilution that results from cascading multiple reactions during

the computation. Furthermore, our procedures can be incorporated into other binary systems of a similar

nature. For example, the Hadamard transform [66] uses operations analogous to those employed in this

work. Our dual-rail representation provides a methodology to solve the challenges of representing negation

in chemistry, that can be extended beyond acid-base reactions. A complementary representation can serve

as a useful alternative for any computational system that can not readily negate values. Furthermore, the

relationship between the two (or more) rails does not have to be inverse but rather any desired relationship

hard to realize in a single rail system. For example, the associated rails can represent such operations as

multiplication by a scalar or a pre-computed trigonometric function.

6.4 Methods

Materials and reagents. Hydrochloric Acid (HCl, 36.5% to 38.0%, Fisher Chemical) and Sodium Hydrox-

ide (NaOH, ≥ 97%, Fisher Chemical) were dissolved using deionized water as a solvent (Millipore Milli-Q)

to a concentration of 100 mM. Bromothymol blue (C27H28Br2O5S, 0.04%, VWR Chemicals) was used as an

indicator for the pH of the solutions. Deionized water was made available to the liquid handler for dilution

of the reagents in the 3-bit image neural network classification experiments.

pH simulator. In order to verify our results on the full dataset, an automated pH simulator was designed

to simulate the reaction outcomes for the full dataset. The simulator predicts the pH by calculating the

hydrogen ion concentration [H+] that results from mixing the two or more aqueous solutions involved in

our computations. The simulator was designed to directly accept the liquid handler’s programming files to

recreate the liquid handler’s transfers and eliminate related human errors.

Data preparation and network training. The MNIST dataset was used for training the acid-base digit

classifier due to its well-understood properties and clear benchmarks. The dataset provides 70,000 grayscale

hand-written digits ("0"-"9") of size 28×28 (784 total values, where each value is between 0-255). Data

points for the digits “0”, “1”, and “2” were used for the network including 5923, 6742, and 5958 points for

training, and 980, 1135, and 1032 points for validation, respectively. The whole dataset was used for training

and simulation in silico, while a random sample from the validation dataset was used for the experimental

verification as described in the next section. Each experiment was evaluated using four different image scales:

8×8, 12×12, 16×16, and 28×28. Two variants were provided for each image: the binary variant where each

pixel was given a value of 1 or -1 based on a threshold of 128 where pixels of intensity less than 128 were

assigned an encoding of (Base, Acid) while pixels of value greater than or equal to 128 were assigned an

encoding of (Acid, Base), and the 3-bit variants where each pixel was discretized to a value from {-4, -3,

-2, -1, 1, 2, 3, 4} representing the pixel intensity ranges {0:32, 33:64, 65:96, 97:128, 129:160, 161:192,
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193:224, 225:256}, respectively. The same processed dataset image files were also used by the pH simulator

to compute the accuracy of the acid-base experiments by computing the resultant pH after running each image

through our acid-base neural network and comparing it to the expected classification. The dataset was split

into training and validation sets according to an 85/15 ratio. The neural network model was trained with

the weight binarization technique by Courbariaux et al. [32] to constraint the weights to “+1” and “-1”, as

explained above. A learning rate of 0.001 and a sigmoid activation function were used to train a neural

network consisting of one classification layer for 30 epochs. In addition, the Binary Cross Entropy was used

as a loss function. After training multiple networks for the different permutations of the image scale and data

scale variants, the weights were exported into text files to be used to guide our acid-base experiments.

Experimental verification of the acid-base neural networks. The experiments were conducted using

the acoustic liquid handler. The handler was provided with an initial stock 384-well polypropylene plate

(minimum volume 10 µL, maximum volume 60 µL) that is manually prepared with rows of acidic solutions

(HCl) followed by rows of basic solutions (NaOH) and then by rows of deionized water. Each well was filled

with 50 µL of the designated solution. The liquid handler has a maximum deviation of 10% from its target

volume. For the first phase, using the image exported from the processed MNIST dataset, the liquid handler

is programmed to encode the image using a series of transfers from the initial stock plate into a 1536-well

low dead volume plate (minimum volume 1 µL, maximum volume 4 µL). The process is repeated according

to the number of neurons in the neural network model. For each pixel in the image, if the value is negative

and the neuron weight is +1 or the value is positive, and the neuron weight is -1, the handler transfers 2.4 µL

of basic solution into the first empty well, followed by 2.4 µL of acidic solution into the next well. Similarly,

if the value is negative and the neuron weight is -1 or the value is positive, and the neuron weight is +1, the

handler transfers 2.4 µL of acidic solution into the first empty well, followed by 2.4 µL of basic solution

into the next well. Afterward, if more values other than “1” and “-1” are supported, the handler dispenses

quantities of the deionized water, as described in equation 6.5, into the corresponding wells in the destination

to dilute the solutions according to their discretized pixel values.

The final phase is computing the output of each neuron by pooling the pH and complementary pH rails

of each dual-rail pair. The summation is carried out from the encoded image in the 1536-well plate back

into the 384-well plate. For each neuron, we transfer 200 nL from the pH rail of each pixel’s dual-pair

(starting from the first well, scanning to the end of the neuron wells, and skipping every second well) into

the well assigned to the pH rail of the output of that neuron. We do the same for the well representing the

complementary pH rail of each pixel’s dual pair. The overall time to pool the neuron outputs was around 5

minutes. Table 6.5 gives the breakdown of the run-time of the two stages of the experiment: image encoding

and result pooling. The shown times are for the three different experiments presented: 2-class classification

of binary images, 3-class classification of binary images, and 2-class classification of 3-bit images. The run-

time of the experiment depends on the number/volume of liquid transfers needed to execute the experiment.

The 2-class binary Image takes the same amount of time as the 3-bit grayscale variant since the transferred

volumes are equivalent (the 3-bit grayscale variant only substitutes some of the transferred acid/base with

water for dilution). On the other hand, the 3-class variant has an extra run-time overhead since it requires

more liquid transfers for the extra neuron (the 3-class network has three neurons, compared to two neurons
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for the 2-class network). Supplementary Figure B.2 shows an illustration of encoding 3-bit grayscale images

using the approach described earlier. The color of each well corresponds to the pH color shown in Figure

7.1bb. All the validation datasets with different scale permutations were verified by running through the pH

simulator for theoretical validation (without noise or experimental errors). We selected ten random images

from the validation dataset for the real experimental evaluation by the Echo liquid handler as follows: one

8× 8 binary image (for the 2-class network), one 8× 8 binary image (for the 3-class network), one 12× 12

binary image (for the 2-class network), one 12× 12 binary image (for the 3-class network), and two 16× 16

binary images (for the 2-class network) two 16 × 16 3-bit images (for the 2-class network). Supplementary

Figure B.3 show a walkthrough of the experiment’s setup. Additionally, we have performed an experiment

of digital networks on a different platform described in the appendix.

Table 6.5: The run-time in minutes for a single input of the three experiments: 2-class classification for binary
images, 3-class classification for binary images, and 2-class classification for 3-bit images.

Image Size 2-Class Binary Image 2-Class 3-Bit Image 3-Class Binary Image
Encoding Pooling Encoding Pooling Encoding Pooling

8× 8 13 min 1 min 13 min 1 min 19 min 2 min
12× 12 29 min 3 min 29 min 3 min 44 min 4 min
16× 16 52 min 5 min 52 min 5 min 78 min 8 min
28× 28 158 min 16 min 158 min 16 min 237 min 24 min

Reading the classification values. The final phase of the experimental validation is reading out the

neuron output. 5 µL of the Bromothymol blue pH indicator were added to the dual-rail output of each neuron;

a blue color indicated a basic solution, while a yellow color indicated an acidic solution. Each neuron’s dual

colors represented its final classification where a neuron’s output of (Acid/Yellow, Base/Blue) indicated it is

a “1” (the predicted classification) while (Base/Blue, Acid/Yellow) indicated it is a “-1.”

6.5 Data availability

Source data are provided with this chapter. The processed MNIST datasets are available at

https://doi.org/10.6084/m9.figshare.21753545.v4[6].

6.6 Code availability

The software is available at https://doi.org/10.6084/m9.figshare.21753551.v4[7].

https://doi.org/10.6084/m9.figshare.21753545.v4
https://doi.org/10.6084/m9.figshare.21753551.v4


Chapter 7

Enzymatic Computing for
Parameter-Efficient Analog Neural
Networks and Digital Circuits

7.1 Introduction

The evolution of computing technology has experienced several paradigm shifts, transitioning from the initial

mechanical systems to the current advancements in electronic computing. These developments have paved the

way for exploring unconventional methods of information processing. Unconventional computing explores

novel computing mechanisms, often inspired by biological, chemical, or physical phenomena [2, 1, 19, 3, 52].

While some advancements, such as DNA computing and quantum computing, utilize the intrinsic capabilities

of DNA molecules for data storage and the principles of quantum mechanics for enhanced computational

power [44, 23, 126, 134, 124], there remains a vast potential in other biological systems. Among these, we

observe that enzymes offer a unique opportunity for developing computational systems due to their inherent

biological properties and behaviors.

In this chapter, we introduce a computational model based on enzymatic reactions. Enzymes are catalysts that

accelerate biochemical reactions and offer a high degree of specificity [47]. They are not only environmen-

tally benign but also demonstrate energy-efficient characteristics [5]. Additionally, their kinetic properties

can be influenced and controlled by external factors such as pH levels, which motivates our approach to

using pH-controlled enzymatic reactions for information processing. Building on this premise, we use the

enzyme fumarase to build our system. Fumarase is an enzyme involved in the citric acid cycle, catalyzing

the hydration of fumarate to L-malate, as shown in Fig. 7.1a. This reaction is a critical step in the metabolic

processes that contribute to energy production within cells. Fumarase’s activity is influenced by the pH of its

environment [48], a feature that allows for the regulation of the reaction’s direction based on pH levels. The

enzyme’s response to pH changes enables a degree of control over its catalytic function, making it a subject

64
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(a) Conversion of fumaric acid to L-malic acid catalyzed by the fumarase enzyme.
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(b) Modeling logic circuits using Enzymatic reactions.

Figure 7.1: (a) Enzymatic reaction for converting fumaric acid to L-malic acid. (b) Overview of modeling
logic circuits using enzymatic reaction showing a traditional circuit for an OR gate comprised of two switches
compared to the same circuits modeled using enzymatic reactions. The enzymatic reaction and the buffer
provide the switching mechanism; the substrate represents the supply signal, the acids and bases are used to
model the input signal, and the reaction product models the output signal. The final readout is done using
UV-Vis spectroscopy to detect the presence or absence of the product of the enzymatic reactions (indicating
an output of 1 or 0, respectively).

of interest for applications extending beyond its biological role. In this study, we utilize the pH-sensitive

nature of fumarase to develop a computational model. In our system, we promote the forward reaction by

elevating the buffer’s pH above 7.2, while lowering the pH results in inhibition or reversal of the reaction.

We use acids and bases for signal encoding to modulate the pH of the reaction medium, ensuring controlled

activation or inhibition of fumarase activities to model computational logic. Building on this foundation,

we propose a new class of digital logic circuits and analog computing. A major advantage of our proposed

method compared to many existing approaches [9, 82] is decoupling the propagated supply signal (modeled

as enzymatic reaction’s substrate) and the input signals (encoded as acids and bases), providing extensibility
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in modeling logic functionalities and cascading computations. Moreover, in computational systems, it is of-

ten preferred to have a non-linear relation between the inputs and the outputs for its ability to enable functions

beyond what is achievable with simple linear operations, such as the mere addition of two inputs or reagents.

In digital circuit design, the ability to incorporate non-linear relationships between inputs and outputs facil-

itates the creation of more complex and adaptable computing architectures [58, 159]. Our model introduces

non-linearity through two components. The first involves chemical buffers that host the enzymatic reactions.

These buffers are characterized by attributes such as buffering capacity and range, which impart a non-linear

relationship with the input that affects the solution’s pH. Additionally, the enzymatic reactions themselves

contribute to the non-linearity of the system. The activity of enzymes, including fumarase, demonstrates a

non-linear relation to the pH of the medium[48]. We provide more details about the non-linearity of our

system in the supplementary material. Our contributions can be summarized as follows:

• We introduce a novel computational paradigm that uses pH-sensitive enzymatic reactions in a chemical

buffer to model digital logic gates. Fig. 7.1b shows that traditional logic circuits are comprised of a

supply signal (e.g., power signal) that gets propagated through electronic switches controlled by the

input signals. Similarly, in our model, the enzymatic reaction models a switching mechanism; the

substrate acts as the supply signal, while the acid/base encoding models the input signal that controls

the pH of the chemical buffers, which regulates the direction of the enzymatic reaction (supply signal).

For the final readout, we apply an established detection method to generate NADH if the forward

enzymatic reaction is successful. We use UV-vis spectroscopy to detect the presence or absence of

NADH (which indicates an output of 1 corresponding to the success of the enzymatic reaction or 0

otherwise).

• We formulate the problem of finding the proper encoding for the input signals (the acids and bases that

are used to represent the signal), and we propose a corresponding optimization approach. Our method

identifies the concentrations of acids and bases to control pH levels in the buffer solution (promoting

or inhibiting enzymatic reactions) to align with the behavior of the digital design.

• We experimentally model different logic circuits as enzymatic computation using our framework. We

also demonstrate examples of cascading logic gates. We implemented and evaluated the different

circuits in the laboratory conducted using chemical reactions.

• We extend our enzymatic computation framework to design and model a machine-learning classifier

that we carry out through chemical reactions conducted in the laboratory. The implemented model

performs binary classification of data points into positive or negative groups based on their respective

coordinates. Our framework translates the traditional weights and inputs of a neural network percep-

tron into concentrations of chemical buffers while the acids and bases are used to encode the input

coordinates.
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7.2 Related Work & Preliminaries

Molecular Computation

Molecular computation extends beyond DNA computing to encompass a broad spectrum of molecular inter-

actions used for computational tasks. This field exploits the specific and affinity-driven interactions of various

molecular substrates, including peptides, proteins, and small molecules like neurotransmitters, to perform

complex computations [133, 72, 147]. While these molecules offer unique computational capabilities due

to their inherent properties, they often lack the robustness or flexibility required for complex computational

architectures.

For instance, peptides and proteins are particularly notable for their structural versatility, which allows

them to fold into specific three-dimensional shapes that can act as molecular computing devices. Researchers

have utilized these properties to develop protein-based logic gates and self-assembling peptide structures,

which respond to external stimuli to execute computational operations [107, 133]. However, these systems

typically face challenges in stability and complexity, which are crucial for computing applications. Intrin-

sically Disordered Proteins (IDPs) showcase another avenue for unconventional computing, offering unique

features due to their conformational heterogeneity. Unlike structured proteins, IDPs lack a rigid 3D struc-

ture and exist as dynamic ensembles capable of sampling a range of conformations. This flexibility allows

IDPs to exhibit context-dependent behavior and physicochemical multiplicity, features that are particularly

suitable for implementing fuzzy sets and processing fuzzy logic [88, 51]. The ability of IDPs to adapt their

conformation in response to environmental factors provides flexibility and adaptability in computing systems,

suggesting a promising direction for further exploration in molecular computing. Another example is small

molecules, including neurotransmitters, which have been used to mimic neural network behaviors in bio-

inspired computing systems [65]. These molecules can participate in signal transduction pathways, serving

as messengers that relay information within and between cells. By harnessing these signaling molecules,

researchers have developed computational models that mimic neural networks, leveraging the natural com-

munication pathways of the brain for information processing. This approach highlights the computational

capacity of small molecules and their potential for creating bio-inspired computing systems that emulate

the efficiency and complexity of biological processes. Nevertheless, the complexity and control of these

molecular interactions remain limited, restricting their application to simple signal-processing tasks. More-

over, the field of molecular computing has been enriched by the integration of synthetic biology techniques,

which enable the design and construction of novel biological circuits with predefined functionalities. This

has led to the development of biosensors, memory storage devices, and even computational systems capa-

ble of decision-making processes based on molecular inputs [85, 158, 120, 129, 14, 13]. Enzymes, such

as Fumarase, provide a promising alternative to other biomolecules due to their specificity and efficiency.

Enzymes are highly specific to their substrates, which reduces the likelihood of side reactions and allows

for precise control over the biochemical reactions necessary for computation [47]. Additionally, enzymes

operate effectively under controlled conditions where parameters such as temperature, pH, and ionic strength

can be regulated to enhance their activity and stability. This specificity and controllability make enzymes
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suitable for constructing logic gates and performing complex computational tasks. However, the use of en-

zymes as practical components in computing devices also presents challenges. Enzymes can be sensitive to

environmental changes, leading to issues with stability and consistency over long periods. However, there are

also techniques to chemically modify enzymes to enhance their stability, which remains a potential avenue

for future research to further improve enzyme stability for practical applications [16]. While there are some

criticisms of molecular computing based on chemical inputs, such as the progressive dilution of solutions

and the difficulty in cascading logic gates, our approach tries to mitigate these issues. The use of buffered

solutions maintains consistent pH levels, minimizing the impact of dilution. Additionally, the non-linearity

in our model makes the threshold values more reliable. By decoupling the supply signal from the input signal

using enzymatic reaction substrates and acids/bases, our method mitigates signal neutralization, facilitating

the construction of more complex binary circuits. For example, existing work [9, 82] demonstrates modeling

a single gate or a decoder circuit (which does not involve cascading computation) since, beyond the first gate,

the acid/base input/supply signals can get neutralized (destroying the propagated signal), and only the biasing

input signal is left to represent the output. However, in our method, we model the supply signal using the

enzymatic reaction’s substrate while the input signals are encoded as variations in acid/base concentrations

that modulate the enzymatic activity by altering the buffer’s pH, which reduces the effect of dilution or neu-

tralization, providing further flexibility and extensibility for the system as we demonstrate cascading more

than one gate.

Enzymatic Reactions

Enzymes serve as biological catalysts, enabling chemical reactions to proceed at rates that would otherwise

be unattainable under mild conditions. Governed by the principles of enzymatic kinetics, these biomolecules

have been widely studied in biochemistry and molecular biology. Their ability to facilitate reactions is con-

trolled by a range of factors, including but not limited to temperature, ionic strength, and pH levels. However,

their potential use in computational systems has been less explored. While enzymes offer the advantage of

highly specific and energy-efficient catalytic actions, their sensitivity to various environmental conditions

presents challenges that need to be carefully managed.

Digital Circuits

Digital circuits serve as the fundamental infrastructure powering all electronic systems. These circuits operate

on the principles of Boolean algebra, employing binary logic where signals are designated as either “0” or “1”.

The elemental components in these circuits are logic gates, such as AND, OR, and NOT gates, which execute

basic Boolean functions. These gates accept binary signals as inputs and produce a binary output based

on predetermined logical operations. Complex digital systems are constructed by assembling these basic

gates into hierarchical arrangements that can perform sophisticated computational tasks. Over the years,

technological advancements have facilitated the miniaturization and increased efficiency of these circuits,

contributing to the development of electronic devices that are both potent and compact. Although traditional

digital circuits predominantly employ silicon-based components, the limitations inherent to these materials
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have spurred interest in alternative computational paradigms [19, 162, 54, 9]. Among these alternatives,

systems modeled on biological or chemical phenomena are subjects of active research, as they offer novel

methods of signal processing and computation.

7.3 Results & Discussion

Modeling Logic Gates using Enzymatic Reactions

As mentioned earlier, our approach utilizes the enzymatic conversion of fumarate to L-malate, catalyzed by

the fumarase enzyme as shown in Equation 7.1, as a biochemical proxy for switches in digital logic gates.

This enzymatic reaction offers a convenient feature: its directionality is modulated by the pH level of the

chemical buffer in which it occurs [48].

Fumarate + H2O
fumarase−−−−⇀↽−−−− L−malate (7.1)

The initial step is to map each switch in a conventional digital logic gate to a chemical buffer. Each buffer,

containing the enzyme and its substrates, acts as a medium for the enzymatic reaction (the supply signal).

Initially, these buffers are prepared with a pH value situated approximately at pH = 6.8, the midpoint of

the ranges that favor forward and reverse reactions. This intermediate pH serves as the starting point, from

which we can shift the reaction’s course by adding either strong acids or bases (the input signals). For the

realization of these enzymatic gates, the concentration levels of strong acids and bases, corresponding to the

binary signals “0” and “1”, are determined through an optimization process that we explain in the following

subsection. The concentrations thus derived serve as the inputs for each chemical buffer. The introduction

of these strong acids or bases drives the enzymatic reaction either forward or backward, in accordance with

the pH-modulated reaction kinetics. Subsequent to this input phase, the reactions are propagated from one

buffer to the next, following the switches’ connections in the original digital design. The enzymatic reactions

mimic the signal flow in digital design, moving from one buffer to the next in a manner analogous to signal

transmission across switches in the conventional circuit. The presence or absence of the malic acid at the

terminal buffer serves as the chemical analog of the binary output signal (“0” or “1”) from the digital circuit.

Computing the Concentrations for the Input Signals

An important aspect of our system is the computation of concentrations necessary for representing the signals

“0” and “1”. The goal is to adjust the input signal, in terms of concentration, to make the buffer fall within a

pH range that either promotes or inhibits the forward enzymatic reaction, corresponding to the desired outputs

of "1" or "0", respectively. To model the buffer’s pH, we employ the Henderson-Hasselbalch equation,

shown in Eq 7.2, which serves to calculate the expected pH of the buffers where pKa represents the acid

dissociation constant of the material forming the buffer, [HA] is the concentration of the acid, [A−]denotes

the concentration of the conjugate base, and pH is the final buffer’s concentration.

pH = pKa + log

(
[A−]

[HA]

)
(7.2)
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Determining the requisite concentrations is approached as a linear programming problem, where the

objective is to identify values that satisfy a series of inequalities that describe the target pH range for each

input pattern. For instance, consider a basic design incorporating a single buffer (switch) for an inverter

circuit, which necessitates that an input of "0" produces an output of "1", and an input of "1" results in an

output of "0". Let pHforward be the minimum pH required for the enzymatic reaction to proceed (so we need

the buffer’s pH to be greater than pHforward to execute the forward reaction), and pHreverse be the pH at which

the reaction reverses. ∆[OH−] represents the change in concentration of [OH−] ions when applying the

concentration of input signal 0, while ∆[H+] represents the change in concentration of [H+] ions when

applying the concentration of input signal 1. The objective is for a "0" signal to set the buffer’s pH within the

pHforward range and conversely for a "1" signal. To find these concentrations, we solve the inequalities 7.3

and 7.4. Realizing the envisioned enzymatic circuit relies on the feasibility of solving these inequalities.

pKa + log

(
[A−] + ∆[OH−]

[HA]−∆[OH−]

)
≥ pHforward (7.3)

pKa + log

(
[A−]−∆[H+]

[HA] + ∆[H+]

)
≤ pHreverse (7.4)

As the design complexity increases with additional buffers, the inequalities are expanded to model the

buffer states in response to varying input patterns. While we can try to find the concentrations experimentally,

we prefer to formulate the problem based on the characterization of the enzyme, making it easier to design

different gates. Using this formulation, the concentrations are determined by solving the given inequalities.

One method to solve these inequalities is through iterative optimization techniques through neural networks

and gradient descent, which are further detailed in the supplementary material.

Signal Readout

The output in our system is defined as the presence or absence of the reaction’s product, which also acts as

a thresholding mechanism. Hence, we measure the system’s state by detecting the presence or absence of

the final output (as a binary state) defined by the absorbance level at 340nm. We use the common method of

detecting L-malic acid by applying assay reactions to generate NADH (which can then be detected through

UV-Vis Spectroscopy). The reaction details are highlighted in the supplementary material. After the reaction,

an increase in absorbance at 340 nm serves as a reliable proxy for the presence of L-malic acid and, by

extension, the binary output of the original logic gate. This readout mechanism provides a quantifiable

method for translating the chemical activity into discernable digital signals. Moreover, alongside qualitative

assessments derived from the absorbance curve, we established a quantitative method to analyze the presence

of NADH. Considering the baseline absorbance at 340nm typically sits at around 0.2, and NADH’s peak

absorbance occurs near 0.4 at 340 nm, our goal is to refine these observations to binary-like values, closely

mapping the presence or absence of NADH to 1 or 0, respectively. To facilitate this, we employ the following

equation for quantifying the output based on the absorbance at 340 nm:

Absorbance Score = |A340nm − 0.2| × 5.0 (7.5)
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In this formula, A340nm represents the measured absorbance at the 340 nm wavelength. Applying a threshold

value of 0.5 allows for a binary interpretation of the data: readings below 0.5 are classified as indicating an

absence of NADH (quantified as 0), and those above 0.5 as indicating its presence (quantified as 1). Thus, an

absorbance measurement at 340 nm close to 0.2 translates to an absorbance score near 0, reflecting minimal or

no NADH presence. Meanwhile, an absorbance measurement at 340 nm around 0.4 results in an absorbance

score close to 1, indicating a significant presence of NADH. This approach enhances the precision of our

model’s output interpretation by quantitatively reflecting the enzymatic reaction outcomes.
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Figure 7.2: UV-vis spectroscopy for the outputs of a switch mechanism modeled using enzymatic reactions.

Modeling Switch Mechanism

The concept of a digital switch is modeled by using a single enzymatic reaction. In this model, the binary

state of the switch is determined by the presence or absence of L-malic acid, with its presence indicating an

“on” state (“1”) and its absence denoting an “off” state (“0”). We use one buffer solution to modulate the

enzymatic reaction, where the application of a strong base or acid determines the switch’s state. Specifically,

the introduction of a strong base into the buffer induces a pH increase, catalyzing the enzymatic reaction to
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State pH Encoding Abs. Abs. Score Normalized
On 14.00 0.427 1.137 1
Off 0.60 0.215 0.077 0

.

Table 7.1: Absorbance score for modeling a switch mechanism using enzymatic reactions. The “State”
column indicates the state of the switch (on or off). The “pH Encoding” column indicates the pH used to
set the switch into the corresponding state. The “Abs.” column lists the measured absorbance at 340 nm
corresponding to NADH presence. The “Abs. Score” is calculated from the absorbance using the provided
equation, and the “Normalized” column presents the final binary output after applying the thresholding value.

produce L-malic acid and effectively turning the switch “on.” Conversely, adding a strong acid decreases the

pH, inhibiting the enzymatic reaction and switching the device “off.” Fig. 7.2 demonstrated the experimental

validation of the model showcasing controlling the switch state, while table 7.1 shows the corresponding

Absorbance Scores.
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Figure 7.3: UV-vis spectroscopy for the outputs of the NAND circuit modeled using enzymatic reactions.

Modeling NAND Gate

The NAND gate, a fundamental two-input logic gate, is designed to output a “1” for all input combinations

except when both inputs are “1”. To model this behavior using our enzymatic reaction framework, the input

signals are configured to inhibit the enzymatic reaction when both are “1”, allowing the reaction to proceed in

all other cases. The encoding of binary signals into chemical concentrations uses a pH of 14.27 for encoding

a signal of value “0” and a pH of 0.62 for encoding a signal of value “1”. This approach ensures that the
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enzymatic reaction is selectively inhibited based on the input combination, mirroring the logical function of

a NAND gate. The reactions were carried out in 2.5mL of phosphate buffer with an initial concentration

of 1.01gm/mL containing 100µL of the Fumarase enzyme and 128µL of the Fumaric acid. The encoded

signal was applied using 10µL of the given concentration; we expect the pH of the buffer to be above 7.2

(promoting the forward reaction) for all cases except for the input signals of all “1s”. Hence, Fig. 7.3

illustrates the absorbance curves for the outputs generated by our enzymatic NAND gate for various input

patterns, demonstrating the gate’s ability to replicate the expected logical outcomes through biochemical

means. Additionally, Table 7.2 shows the absorbance score for the modeled computation and its alignment

with the expected output from the equivalent digital computation. The table shows three entries only for the

two-input function (which should have four input patterns) because the missing fourth entry is symmetric to

the second entry.

In 1 In 2 Input pH Digital Abs. Abs. Score NormalizedEncoding Output
0 0 (14.27, 14.27) 1 0.435 1.177 1
1 0 (14.27, 0.62) 1 0.406 1.030 1
1 1 (0.62, 0.62) 0 0.230 0.148 0

Table 7.2: Quantitative analysis of NAND gate operation using enzymatic reactions. The “Digital Output”
column indicates the expected binary output based on the input combinations “In 1” and “In 2,” while “Input
pH Encoding” represents the pH values used to encode the input signals. The “Abs.” column lists the mea-
sured absorbance at 340 nm, which corresponds to NADH presence. The “Abs. Score” is calculated from the
absorbance using the provided equation, and the “Normalized” column presents the final binary output after
applying the thresholding value.

A

B

C

Output

B C

Output

(a) Digital circuit for AND gate followed by an OR gate

A

(b) Enzymatic circuit for AND gate followed by an OR gate

Figure 7.4: (a) Conventional digital circuit comprised of cascading AND gate with OR gate. (b) Representing
the same circuit using the enzymatic reactions model.
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Figure 7.5: UV-vis spectroscopy for the outputs of the AND-OR circuit modeled using enzymatic reactions.

Modeling NOR Gate

The NOR gate, another essential two-input logic gate, outputs a “1” only when both inputs are “0”. In our

enzymatic model, this principle is applied by configuring the input signals to prevent the enzymatic reaction

from proceeding unless both inputs are “0”. For the chemical encoding of binary signals, we use a pH of 12.87

for encoding a signal of value “0” and a pH of 0.3 for encoding a signal of value 1. This setup is designed

to ensure that the enzymatic reaction is inhibited in the presence of any “1” input, effectively simulating

the NOR gate’s logical operation. Table 7.3 presents the absorbance scores for outputs observed from our

enzymatic NOR gate when subjected to different input patterns. The corresponding UV-vis absorbance curves

are shown in the supplementary material.

In 1 In 2 Input pH Digital Abs. Abs. Score NormalizedEncoding Output
0 0 (12.87, 12.87) 1 0.411 1.057 1
1 0 (12.87, 0.30) 0 0.223 0.116 0
1 1 (0.30, 0.30) 0 0.233 0.163 0

Table 7.3: Quantitative analysis of NOR gate operation using enzymatic reactions. The “Digital Output” col-
umn indicates the expected binary output based on the input combinations “In 1” and “In 2,” while “Input pH
Encoding” represents the pH values used to encode the input signals. The “Abs.” column lists the measured
absorbance at 340 nm corresponding to NADH presence. The “Abs. Score” is calculated from the absorbance
using the provided equation, and the “Normalized” column presents the final binary output after applying the
thresholding value.

Modeling OR Gate

The OR gate, fundamentally the inverse of the NOR gate, outputs a “1” if at least one of its inputs is “1”. To

model this gate effectively within our enzymatic system, we incorporate a third buffer to model the additional

computational stage. This addition necessitates a re-evaluation of the concentration levels for the signals “0”

and “1”, ensuring that the overall system accurately reflects the OR gate’s logic. Hence, we use a pH of 0.6

for encoding a signal of value “0” and a pH of 14.39 for encoding a signal of value “1”, respectively. By ad-

justing these concentrations, we align the enzymatic reactions to mirror the expected behavior of an OR gate.

Table 7.4 presents the absorbance scores for outputs observed from our enzymatic OR gate when subjected
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(a) Conventional Machine Learning Perceptron classifying points into positive and negative classes.
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(b) Enzymatic Machine Learning Perceptron classifying points into positive and negative classes.
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(c) Mapping of input coordinates into pH values.
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(d) Absorbance curves for classifying the point
(1,1) using enzymatic reactions.

Figure 7.6: Enzymatic machine learning perceptron. (a) A conventional machine learning perceptron
classifies points into positive and negative classes. (b) An equivalent enzymatic machine learning perceptron

for point classification. The chemical buffers encode the weights, while the acids/bases encode the inputs.
(c) Mapping of the input coordinates into pH values to be applied to the perceptron. (d) Sample absorbance

curves for classifying the point (1,1) using the enzymatic machine learning perceptron.

to different input patterns. The corresponding UV-vis absorbance curves are shown in the supplementary

material.
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In 1 In 2 Input pH Digital Abs. Abs. Score NormalizedEncoding Output
0 0 (0.60, 0.60) 0 0.235 0.175 0
1 0 (14.39 0.60) 1 0.404 1.018 1
1 1 (14.39, 14.39) 1 0.419 1.094 1

.

Table 7.4: Quantitative analysis of OR gate operation using enzymatic reactions. The “Digital Output” col-
umn indicates the expected binary output based on the input combinations “In 1” and “In 2,” while “Input pH
Encoding” represents the pH values used to encode the input signals. The “Abs.” column lists the measured
absorbance at 340 nm corresponding to NADH presence. The “Abs. Score” is calculated from the absorbance
using the provided equation, and the “Normalized” column presents the final binary output after applying the
thresholding value.

Cascading AND-OR Gates

For the purpose of demonstrating the cascading capability of 2-input gates within our enzymatic system,

we model a 3-input circuit configuration as depicted in Fig. 7.4. This arrangement consists of an AND

gate followed by an OR gate. The AND gate is realized through two buffers, whose output is subsequently

integrated with another input via a third buffer to emulate the OR gate functionality. We used a pH of 0.3

for encoding a signal of value “0” and a pH of 14.6 for encoding a signal of value “1”. Fig. C.5 illustrates

the resulting outputs from our enzymatic cascaded gate system for two sample inputs, additional absorbance

curves are provided in the supplementary material, while Table 7.5 shows Absorbance Scores for different

input points.

A B C Digital Output Abs. Abs. Score Normalized
0 0 0 0 0.224 0.118 0
0 1 0 0 0.239 0.195 0
1 0 0 1 0.391 0.956 1
0 1 1 1 0.396 0.982 1
1 0 1 1 0.411 1.055 1
1 1 1 1 0.420 1.101 1

Table 7.5: Quantitative analysis of the AND-OR circuit gate modeled using enzymatic reactions. The “Digital
Output” column indicates the expected binary output based on the input combinations “A,” “B,” and “C,”
where we use a pH of 14.6 to encode a signal of value “1” and a pH of 0.3 to encode a signal of value “0”.
The “Abs.” column lists the measured absorbance at 340 nm corresponding to NADH presence. The “Abs.
Score” is calculated from the absorbance using the provided equation, and the “Normalized” column presents
the final binary output after applying the thresholding value.

Enzymatic Machine Learning Model

Building upon the foundational principles outlined in preceding sections, we extend the application of en-

zymatic reactions to the realm of machine learning, specifically for the task of binary classification using a

perceptron model. A perceptron is a classification model that can decide whether or not an input vector is a

member of a specific class, as shown in Fig 7.6a. Hence, we propose a model analogous to a neural network
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perceptron, as illustrated in Fig. 7.6b. In this model, what would traditionally be weights of a perceptron

are instead represented by the concentration levels of chemical buffers. Input signals are modeled through

variations in the concentrations of acids and bases within these buffers. The primary objective of this model

is to classify a set of data points (x,y) into either positive or negative categories. For example, if a coordinate

point (1, 1) is represented by the acid/base concentrations (x, y), then the point (2, 3) would be encoded with

concentrations (2x, 3y) to reflect the proportional relationship between the points. Additionally, if we use

concentrations of bases to represent positive coordinates, we choose acids with the same concentrations to

represent their negative counterparts. Fig. 7.6c shows the mapping of different values into their correspond-

ing pH encoding. This transformation allows for a straightforward mapping of input data into the biochemical

domain, enabling the enzymatic network to process the information. Similar to how we compute the concen-

tration for encoding the input signal, we adopt the same logic to calculate the correct buffer concentrations

that mimic the neural network’s weights, where we want to promote the forward reaction for positive sam-

ples and inhibit it for negative samples. Once these concentrations are computed, the model can classify data

points based on the presence or absence of L-malic acid, respectively, wherein the presence of L-malic acid

signifies a positive classification outcome, whereas its absence denotes a negative classification. To model

our perceptron, two buffers were designated to handle the x and y coordinates, with their pH levels adjusted

to 6.6 and 7.0 to model the network’s weights. We validated 100 sample points with in − silico simulation

of the reaction. In addition, we evaluated four distinct points chemically, encompassing two positive samples

and two negative samples. The positive samples were represented by coordinates (1, 1) and encoded with pH

values of (13.0, 13.0) for the first point and (2, 3) encoded as (13.3, 13.48) for the second point, respectively.

Conversely, the negative samples were represented by coordinates (−1,−1) and encoded with pH values of

(1.0, 1.0) for the first point and (1,−3) encoded with pH values of (13.0, 0.52) for the second point. Fig.

7.6d provides a visual representation of the classification outcome of a sample point, while Table 7.6 shows

the absorbance scores for the four points, showcasing the capability of our enzymatic model to distinguish

between positive and negative classes.

Input Input pH Digital Abs. Abs. Score Normalized
Encoding Label Label

(1,1) (13.00, 13.00) 1 0.402 1.012 1
(-1, -1) (1.00, 1.00) 0 0.242 0.210 0
(2,3) (13.30, 13.48) 1 0.425 1.124 1

(1, -3) (13.00, 0.52) 0 0.254 0.269 0

Table 7.6: Absorbance score for classification results of 4 different coordinate points using enzymatic ma-
chine learning classifier. The “Input” column presents the input point coordinates, and the “Abs.” column lists
the measured absorbance at 340 nm, which corresponds to NADH presence. The “Abs. Score” is calculated
from the absorbance using the provided equation, and the “Normalized” column presents the final label after
applying the thresholding value.
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7.4 Conclusion

In this chapter, we introduced our approach to digital computation that utilizes enzymatic reactions to em-

ulate the functionalities of digital logic gates and machine learning neurons. Our method leverages the pH

sensitivity of the enzymatic reaction to encode binary signals through the concentrations of strong acids or

bases. We explained the problem formulation to tune the concentrations of acids and bases to encode the

input signals properly. Our empirical evaluations demonstrated the capability of our framework through

the construction of digital gates and machine learning perceptron in the laboratory setting, illustrating the

practical application of enzymatic reactions in computational tasks. The potential of enzymatic reactions in

computing opens avenues for future research, including refining and exploring the integration of biological

and electronic components to enhance computational performance or improve biomedical devices.

7.5 Methods

All solutions for the experiment were prepared using deionized water as a solvent (Millipore Milli-Q). For the

signal encoding, we used 20 µL (per input) of Hydrochloric Acid (HCl, 36.5% to 38.0%, Fisher Chemical)

and Sodium Hydroxide (NaOH, ≥ 97%, Fisher Chemical). The enzyme utilized was Fumarase, obtained

from a porcine heart (Sigma Aldrich, Natick, MA) dissolved in 0.1% Bovine Serum Albumin solution (Sigma

Aldrich, Natick, MA). The chemical buffers were based on a Phosphate buffer solution (pH 7.00, Fluka). pH

Meter Kit (PH700, Apera) was used to verify the pH across different reactions. Fumaric Acid (>99.0%,

Sigma Aldrich, Natick, MA) was used to prepare the reagent solutions. To detect the enzymatic reaction

outcomes, we employed NAD+ and a glutamate-oxaloacetate suspension (Megazyme, Lansing, MI). The

final measurements were conducted using UV spectroscopy (Varian Cary 50 Bio UV-Vis Spectrophotometer)

to assess the success of the enzymatic processes.



Chapter 8

Summary and Possible Extensions

8.1 Summary of Contributions

This dissertation investigated approaches to enhance the efficiency and adaptability of machine learning

models, focusing on parameter-efficient architectures through multi-task learning optimization and uncon-

ventional computing platforms.

In Chapter 3, we introduced MTLoRA, a framework for parameter-efficient training of multi-task learning

(MTL) models. This chapter presented the our approach to address parameter-efficient training specifically

for MTL models, enabling efficient adaptation of a single shared backbone to multiple tasks. The frame-

work incorporated Task-Agnostic (TA-LoRA) and Task-Specific (TS-LoRA) low-rank adaptation modules,

designed to disentangle the parameter space in MTL fine-tuning. We applied MTLoRA to hierarchical-

transformer-based MTL architectures for multiple downstream dense prediction tasks, achieving higher ac-

curacy compared to fully fine-tuning the entire MTL model while reducing the number of trainable parameters

by 3.6×. Furthermore, the chapter showed that MTLoRA established a Pareto-optimal trade-off between the

number of trainable parameters and downstream task accuracy, outperforming existing parameter-efficient

training methods. The effectiveness of MTLoRA was demonstrated across various backbone architectures,

decoders, and pre-training datasets, indicating its flexibility and potential for wide application in parameter-

efficient multi-task learning scenarios.

In Chapter 5, we introduced AdaMTL, an adaptive framework for input-dependent dynamic sparsification

in multi-task learning models. AdaMTL addresses the challenge of optimizing computational efficiency in

multi-task learning scenarios by dynamically adjusting model complexity based on input characteristics. The

framework incorporates a lightweight, task-aware policy network that learns to recognize and skip unnec-

essary computations in the multi-task model. We designed AdaMTL with a multi-grained decision-making

process, consisting of both block-level and token-level policy networks. This approach allows for fine-grained

control over model activation, optimizing both accuracy and efficiency across multiple tasks. The policy net-

work generates execution strategies at runtime, deciding which parts of the model to activate based on the

input complexity and target computational budget. To effectively train this adaptive system, we developed a

79
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multi-stage training recipe for co-training the policy network alongside the multi-task learning model. This

includes a task-aware alternating training strategy to effectively balance the needs of multiple tasks with-

out suffering from catastrophic forgetting. We evaluated AdaMTL on the PASCAL dataset, demonstrating

its ability to reduce computational complexity while maintaining or improving accuracy compared to static

multi-task models and single-task baselines. Our experiments showed that AdaMTL could reduce compu-

tational complexity by 43% while improving accuracy by 1.32% compared to single-task models. When

combined with state-of-the-art multi-task learning techniques, AdaMTL boosted accuracy by 7.8% while im-

proving efficiency by 3.1×. The work presented in this chapter extends our research on parameter-efficient

multi-task learning, offering a dynamic approach that adapts to input complexity and computational con-

straints.

In Chapter 4, we introduced CRLoMTL, a novel approach designed to address the challenges of multi-task

learning (MTL), particularly the issues of negative transfer and conflicting gradients. CRLoMTL leverages

low-rank matrix adaptations to operate directly on the model’s parameter space, offering a new approach

to balancing task-specific needs with global model optimization. The framework incorporates a multi-pass

training strategy that alternates between task-specific passes and global passes. During task-specific passes,

each task updates its own set of low-rank matrices, while in global passes, the model learns an optimal com-

bination of these task-specific adaptations. CRLoMTL employs trainable coefficients and a softmax function

to compute a weighted average of task matrices, effectively integrating them into a single representative ma-

trix that encapsulates task interactions while minimizing conflicts. Additionally, to prevent overfitting to any

single task and promote generalization, CRLoMTL implements a feature regularization technique using L2

loss between task-specific and unified representations. This approach ensures a balanced learning process

across all tasks. We evaluated CRLoMTL on the PASCAL-Context dataset using Swin Transformer back-

bones. The results demonstrated significant performance improvements, with CRLoMTL achieving a 2.82%

improvement over single-task baselines while training less than 4% of the parameters when using a Swin-Tiny

backbone. Moreover, CRLoMTL outperformed state-of-the-art MTL methods in both accuracy and param-

eter efficiency. Importantly, unlike some existing methods, CRLoMTL does not incur additional parameters

or computational overhead in the final trained model, making it particularly suitable for resource-constrained

applications or scenarios requiring rapid task adaptation.

In Chapter 6, we explored parameter-efficiency through unconventional computing by implementing neu-

ral networks and digital circuits using acid-base chemistry was introduced. We introduced a dual-rail encod-

ing scheme, where acids and bases represented binary values, allowing us to perform essential logic functions

such as majority and negation. These functions formed the basis for more complex computations, including

the construction of digital circuits and neural network classifiers. Using a robotic fluid-handling device, we

orchestrated acid-base reactions to encode data and execute computations. We applied our approach to build

neural network classifiers for image recognition tasks, specifically using the MNIST dataset. The results

showed that the acid-base neural networks closely matched their digital counterparts, with over 99% accu-

racy. This demonstrated that chemical reactions could be used to achieve parameter-efficient computation

by leveraging the continuous nature of acid-base concentrations to represent data in a compact and efficient

manner. This work contributed to the exploration of alternative, parameter-efficient computational platforms
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by showcasing the potential of chemical systems to perform complex tasks with analog signals.

In Chapter 7, we extended the parameter-efficient computing framework introduced in Chapter 5 by in-

corporating enzymatic reactions to implement digital circuits and neural networks. Inpsired by the acid-base

chemical systems previously explored, this chapter utilized pH-controlled enzymatic reactions as a novel ap-

proach to parameter-efficient computation. The enzymatic reactions, specifically using the enzyme fumarase,

enabled binary signal encoding based on pH levels, which were controlled by varying concentrations of acids

and bases. This allowed for the design and execution of digital logic gates and neural network classifiers in

a chemically buffered environment. We demonstrated the construction of digital circuits, including NAND,

NOR, and OR gates, using enzymatic reactions. The cascaded gates further showcased the potential for con-

structing more complex computational architectures. Additionally, we extended this model to implement a

machine-learning classifier, where the weights of a neural network were encoded as chemical concentrations,

and the system was evaluated using binary classification tasks. The results indicated that enzymatic reactions

could provide a biologically-inspired, parameter-efficient computing framework with potential applications

in unconventional computing. This chapter highlights the viability of enzymatic reactions as a continuation

of our work on alternative computing methods and their potential for parameter-efficient computations.

8.2 Potential Extensions

The research presented in this dissertation lays the groundwork for several promising avenues of future in-

vestigation in the field of parameter-efficient ML paradigms. These potential extensions build upon the

foundations established in the preceding chapters, aiming to further enhance the efficiency, adaptability, and

applicability of the proposed methodologies. The following subsections outline four key directions for future

research, each addressing critical aspects of model optimization:

8.2.1 Task-Adaptive Pruning in Low-Rank Multi-Task Learning

One potential extension involves the integration of task-adaptive pruning techniques with the aims to further

enhance parameter efficiency by dynamically adjusting the sparsity of low-rank adaptation matrices based

on task-specific requirements and model performance. The proposed method would involve developing a

mechanism to assess the importance of different elements within the low-rank matrices for each task. This

importance metric could be based on factors such as gradient magnitude, feature activation patterns, or task-

specific performance metrics. Using this information, the system could adaptively prune less important ele-

ments, effectively creating task-specific sparse low-rank adaptations. Research in this direction could explore

various pruning strategies, such as magnitude-based pruning, gradient-based pruning, or more sophisticated

methods that consider the inter-task relationships. The pruning process could be implemented as a continuous

operation during training, allowing the model to adapt its sparsity patterns as it learns. Furthermore, this ap-

proach could investigate the potential for knowledge transfer between tasks through the pruning patterns. For

instance, the system might learn to retain certain elements across multiple tasks, indicating their general im-

portance, while sparsifying task-specific elements. The development of efficient algorithms for updating and
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maintaining these sparse low-rank structures would be crucial. This might involve exploring sparse matrix

multiplication techniques or developing custom hardware acceleration for sparse low-rank operations.

8.2.2 Federated Learning for Parameter-Efficient Multi-Task Models

A promising direction for future research involves the integration of federated learning techniques with

parameter-efficient multi-task learning frameworks. This approach aims to address the growing concerns

surrounding data privacy and security while maintaining the benefits of multi-task learning and parameter

efficiency. The proposed research would explore methods to adapt low-rank adaptation techniques and other

parameter-efficient strategies to function effectively within a federated learning paradigm. This would involve

developing algorithms that can aggregate model updates from distributed clients without compromising the

parameter efficiency or task-specific adaptations of the central model. One potential area of investigation

could be the design of communication-efficient protocols for transmitting low-rank updates in federated set-

tings. This might involve developing compression techniques specifically tailored for low-rank matrices or

exploring methods to selectively communicate only the most impactful updates. Another aspect of this re-

search could focus on maintaining task performance and parameter efficiency in the face of non-IID data, a

common challenge in federated learning scenarios. This might involve developing robust aggregation meth-

ods that can effectively combine task-specific adaptations from heterogeneous data distributions. Further-

more, this line of research could explore the potential for personalization in federated multi-task learning.

This might involve developing techniques to fine-tune the shared parameter-efficient model for individual

clients or groups of clients with similar task distributions, while still maintaining overall model coherence

and efficiency. This could involve adapting differential privacy mechanisms or secure aggregation protocols

to work effectively with low-rank adaptation matrices and other parameter-efficient structures.

8.2.3 Multi-Modal Integration in Parameter-Efficient Multi-Task Learning

Extending the current work on parameter-efficient multi-task learning to multi-modal contexts presents an

avenue for future research. This direction aims to develop frameworks that can efficiently handle tasks span-

ning multiple modalities (e.g., vision, language, audio) while maintaining high parameter efficiency. The

research could focus on designing novel architectures that allow for effective sharing of information across

modalities without compromising the specific processing requirements of each modality. This might involve

developing modality-specific low-rank adaptations that can interact and share information through a central,

modality-agnostic representation. One potential approach could be to create a hierarchical structure where

low-level, modality-specific features are processed independently, while higher-level features are integrated

through shared low-rank adaptations. This structure could allow for efficient processing of modality-specific

information while enabling cross-modal learning and generalization. Another area of investigation could be

the development of attention mechanisms that can selectively focus on relevant information across modalities

for each task. This could involve creating parameter-efficient cross-modal attention layers that can dynami-

cally weight the importance of different modalities based on the current task and input.
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8.2.4 Hybrid Digital-Chemical Systems for Parameter-Efficient AI

A direction for future research is the development of hybrid systems that combine traditional digital com-

puting with chemical computing paradigms to achieve highly parameter-efficient AI models. This approach

aims to leverage the strengths of both computing modalities: the precision and programmability of digital

systems and the inherent parallelism and energy efficiency of chemical reactions. The research could focus

on designing interfaces that allow information flow between digital and chemical components. This might

involve developing novel analog-to-digital and digital-to-analog conversion techniques specifically tailored

for chemical signals, enabling efficient translation between the two computing paradigms. One potential

approach could be to offload certain computationally intensive or highly parallel operations to the chemical

domain, while relying on digital components for operations that require high precision or complex control

flow. For instance, the analog nature of chemical concentrations could be leveraged to perform efficient

matrix multiplications or convolutions, which are common operations in neural networks. Investigation into

hybrid architectures could also explore how to best partition neural network layers between digital and chemi-

cal components. This might involve developing optimization algorithms that can determine the most efficient

distribution of computations across the two domains based on the specific requirements of each layer and the

overall network architecture.



Appendix A

MTLoRA’s Generalizability

A.1 Different Datasets: ImageNet-1K vs ImageNet-22K

We analyze the effect of using different pretraining datasets on the performance of MTLoRA. Figure A.1

shows the relative improvement in accuracy compared to the single task models of MTLoRA when applied

to Swin-Tiny and Swin-Base pretrained on ImageNet-1K and ImageNet-22K. The figure shows that the

pretraining dataset can have a significant impact on the model’s performance. Specifically, using a model

pre-trained on a richer dataset (i.e., ImageNet-22K) results in a better performance on the downstream tasks

without any additional cost on our parameter-efficient training methodology.

A.2 MTLoRA with different Adaptation Scales

The scale value α in Equation 2 determines how much the fine-tuned model can deviate from the original

baseline model. For example, A scale value of 0 is the same as not using the LoRA weights and only using

the base model weights, and a scale value of 1 means that both the LoRA weights as well as the base model

weights have the same influence. It is common to use α in 1, 2 for language models [69]; however, we

experiment with different scales to analyze their effect when fine-tuning vision transformers for multiple

tasks. Figure A.2 shows the overall accuracy at different scales. We found that empirically, scale 4 performs

the best for the purpose of MTLoRA.

A.3 Different Backbones

To ensure the generalizability of MTLoRA, we apply it to another vision transformer backbone - Pyramid

Vision Transformer [154]. We analyze the impact of using MTLoRA when applied on PVT-Small. Table

A.1 shows that applying MTLoRA offers Pareto-optimal accuracy-efficiency trade-off compared to state-of-

the-art paramter-efficient training techniques. Specifically, MTLoRA achieves higher accuracy (∆m) when

compared to Hyperformer [101] while training 2× fewer parameters.
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Figure A.1: Performance with MTLoRA with different pretraining datasets on various Swin-Transformer
backbones.
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Figure A.2: Effect of the hyper-parameter α on the accuracy of MTLoRA on the downstream tasks.

A.4 Different Decoders in MTLoRA

We analyze the effect of using different decoders on the performance of MTLoRA. We choose 3 commonly

used decoders for dense prediction tasks: (1) HRNet [152], which interpolates and concatenates multi-scale

features from the hierarchical backbone and then passes them to a couple of MLP layers. (2) SegFormer

[160], which uses MLP layers to combine the multi-scale features from the hierarchical backbone, then parse

them to one last MLP layer for prediction. (3) Atrous Spatial Pyramid Pooling (ASPP) [27], which has a

more complicated architecture utilizing spatial pyramid pooling capable of extracting multi-scale contextual

information by probing the incoming features with filters or pooling operations at multiple rates and multiple

effective fields-of-view. We plug those decoders into a pretrained Swin-Tiny backbone, then use our MT-

LoRA technique to train the model to perform multiple downstream tasks. Table A.2 shows that MTLoRA

generalizes perfectly when different decoders are used. Different decoders can provide different accuracy-

efficiency trade-offs, which provide flexibility to adapt the training budget depending on the application

requirements and the available resources.
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Table A.1: MTLoRA versus SoTA parameter-efficient training methods when applied on Pyramid Vision
Transformer [154] backbone. The table summarizes the number of trainable parameters in each method. It
also includes the accuracy of the downstream tasks as well as the average MTL model’s accuracy (∆m).

Method SemSeg Human Parts Saliency Normals
∆m(%)

Trainable Parameters
(mIoU ↑) (mIoU ↑) (mIoU ↑) (rmse ↓) (M)

Single Task 68.81 61.27 62.67 17.55 0.00 97.51
MTL - Fine Tune Decoders 64.86 51.18 61.54 19.55 -8.85 2.11

Compactor++ [81] 70.29 54.80 63.16 18.82 -3.71 2.20
BitFit [168] 71.41 55.71 64.08 18.69 -2.38 2.34
LoRA [69] 71.89 56.9 64.27 18.48 -1.35 2.41

Adapter [60] 71.94 56.38 64.16 18.75 -1.97 2.90
Polyhistor [99] 71.00 57.52 65.83 17.83 +0.13 7.32

Hyperformer [101] 70.81 57.76 65.49 17.75 +0.14 16.14

MTLoRA (r = 64) 69.74 58.08 65.62 17.35 +0.50 8.69

Table A.2: Evaluating MTLoRA with rank = 32 when applied on Swin-Tiny backbone pretrained on
ImageNet-22K dataset and various decoders for the downstream dense prediction tasks. The table sum-
marizes the number of parameters for each decoder as well as the total number of parameters. It also includes
the accuracy of the downstream tasks as well as the average MTL model’s accuracy (∆m).

Decoder SemSeg Human Parts Saliency Normals
∆m(%)

Trainable Parameters (M)
(mIoU ↑) (mIoU ↑) (mIoU ↑) (rmse ↓) Decoder/All

HR-Net [152] 69.44 61.08 63.24 16.47 +2.93 1.94 / 6.08
SegFormer [160] 69.59 61.13 63.74 16.62 +3.00 2.08 / 6.22

ASPP [27] 72.32 60.98 63.04 16.51 +3.83 12.44 / 16.58



Appendix B

Additional Examples for Acid-Base
Networks

Figure B.1: An 8 × 8 example image that results in the wrong classification using acid-base computations.
The in-silico model generates scores of {4.0, 2.0} (before the softmax); consequently, the acid-base model
generates pH values of {(2.2, 11.8), (2.51, 11.49)}, which is correct but indistinguishable by color only.

Table B.1: Pixel values for the 8 × 8 example image that results in the wrong classification using acid-base
computations.

Index 0 1 2 3 4 5 6 7
0 0 0 0 0 0 0 0 0
1 0 0 0 1 0 0 0 0
2 0 0 0 1 1 0 0 0
3 0 0 0 1 0 1 0 0
4 0 0 0 1 0 1 0 0
5 0 0 0 1 0 1 0 0
6 0 0 0 1 1 1 0 0
7 0 0 0 0 0 0 0 0
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a

b

Figure B.2: Encoding of grayscale image using acid-base dual-rail encoding. a Grayscale encoded image
to be classified. b Encoded image using acids (yellow) and bases (blue). The color intensity and shade of
each well correspond to the level of the dilution based on the encoded value following to the pH scale colors
shown in Figure 1b.

Simulation of Digit Classifier on Microfluidic Board OpenDrop v4

In order to demonstrate that our approach can work on different platforms, we designed a simulation for a

similar experiment on OpenDrop v4 [10], a digital microfludics platform that uses electro-wetting technology

and is more affordable than the acoustic liquid handler. The board has a 14x8 grid, which we used to encode

a 7x7 image with the weights applied as previously described. The simulation then combines the droplets

from the positive side of the dual-rail and moves the output to the lower-left cell of the grid, which represents

the positive part of the dual-rail neuron’s output. Similarly, the negative sides of the dual-rail are combined

and moved to the lower-right corner, which represents the negative part of the dual-rail neuron’s output. The

final output is shown as the pH/color of the dual-pair of the droplet in the lower-left corner of the grid and

the droplet in the lower-right corner, where acid-base would indicate +1, and base-acid would indicate -1/0.

Supplementary Figure B.4 shows the first instance of the simulation with the encoded image and the last
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a b

c d

e f

Name: Stock Plate
Plate Type: 384PP
Content: Acid and Base
                  Stocks
Usage: Acid/base stocks
              for encoding the
              data.

Name: Data Plate
Plate Type: 38LDV
Content: Empty
Usage: Storing encoded 
              data and
              computations.

Name: Output Plate
Plate Type: 384PP
Content: Empty
Usage: Pooling and 
              readout for the
              �nal output.

Figure B.3: Working Setup of the Classification of an 8 × 8 image. a The three plates used for running
the experiment. b Centrifuging the stock plate. c Inserting the stock plate and the data plate into the liquid
handler, after which we start the encoding protocol. d Retrieving the data plate, followed by centrifugation.
Similarly, we insert the data plate and the output plate into the liquid handler, after which we start the pooling
protocol. e Adding the pH indicator to the pooling plate, followed by centrifugation. f Final readout of the
network’s classification.

instance of the simulation after collecting the results of one neuron. We also ran a full digital logic gate on

the physical board, but due to limitations on the volume of the liquid the board can handle, it was not feasible

to run the full classification.
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First neuron output: (Base, Acid) = Off

a b

Figure B.4: Simulation of the Digit Classifier on a Microfluidic Device. a The encoding of a 7 × 7 image
of the digit one using acids (yellow) and bases (blue) with network weights applied on a microfludic device
grid. b The final output of the microfluidic simulation of one neuron.



Appendix C

Additional Enzymatic Circuit Designs

Preliminary: Gradient Descent Optimization

Gradient Descent has become a fundamental algorithm in the optimization of complex systems, notably

within the context of machine learning. The algorithm operates by iteratively adjusting parameters in the

direction of the steepest descent, or "gradient," of the function being optimized. Given its iterative nature,

the algorithm has demonstrated utility in optimizing problems where the search space is high-dimensional

and the objective function is non-convex [130][86]. In computational modeling, Gradient Descent has been

applied to a range of applications, predominantly for neural network training [91]. However, gradient descent

application is not confined to any single field, and it has made inroads into bioinformatics and systems biology

for applications such as parameter estimation in complex biological models [110].

Enzyme Network for Computing Signal Concentrations

Computing the concentrations needed for the signals “0” or “1” is a main component of our system. We

formulate an optimization problem modeled as a neural network, as depicted in Fig. C.1. The architecture

of this network comprises two weights: one for the concentration corresponding to a binary “0” and the other

for the concentration corresponding to a binary ’1.’

The input to the neural network consists of the truth table of the logic function under design. During the

forward pass, the network computes the resultant pH levels for each combination of input signals based on

their corresponding concentrations, as modulated by the reactions in the buffers.

Since we want the network to learn the concentration that would cause the buffer to be in the pH that

makes the enzymatic reaction move forward or backward, we define a ranged loss function, represented by

Equation C.1. y represents the network’s output, while a and b are the range in which we need the network’s

output (i.e., the buffer’s pH) to lie, which is based on the pH range for the forward or reverse reaction to

happen. This function is designed to incentivize the network to adjust its weights (signal concentration) such

that the resultant pH falls within specified ranges according to the expected output (0 or 1). These ranges are

dependent on the expected output from the logic function’s truth table. Specifically, the loss function pushes

91
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Truth Table
W0

Concentration for 
the Zero signal

W1

Concentration for 
the One signal

Circuit's pH
Computation

Neural Network for Computing
 Signal Concentrations

Predicted pH Ranged Loss
Function

Optimizer

Gradients

Weight (concentrations)
update

Target pH

Figure C.1: Computing the concentrations for encoding the input signals using gradient descent. The concen-
trations are encoded as network weights. The pH computations capture the logic of the circuit’s design and
evaluate the pH at the different buffers. The ranged loss function updates the concentrations untill it meets
the target range.

for a pH within the forward reaction range when the expected output is “1” and within the reverse reaction

range when the expected output is ’0.’

Range Loss(y, (a, b)) =


0 if a ≤ y ≤ b,

|y − a| if y < a,

|y − b| if y > b.

(C.1)

The neural network’s training employs this specialized loss function, ensuring that the resultant pH for

each logic condition aligns with the pre-specified ranges. Upon convergence, the network’s optimized weights

yield the concentrations that should be employed for signals “0” and “1” in the enzymatic logic gates.

Signal Readout

Detection of L-malic acid is usually done by applying a sequence of two catalyzed reactions to produce

NADH.

L−Malic acid + NAD+ L−MDH−−−−−⇀↽−−−−− oxaloacetate + NADH+H+ (C.2)

Oxaloacetate + L−glutamate
GOT−−→ L−aspartate + 2-oxoglutarate (C.3)

The first reaction, outlined in Equation C.2 is catalyzed by the enzyme L-malate dehydrogenase (L-

MDH), whereby L-malic acid is oxidized to form oxaloacetate, with nicotinamide-adenine dinucleotide

(NAD+) serving as the cofactor. The equilibrium of this reaction strongly favors the reactants L-malic acid

and NAD+. To overcome this limitation and generate a detectable signal, a second reaction, outlined in

Equation C.3 is induced to trap the resulting NADH product. This is accomplished by converting oxaloac-

etate to L-aspartate and 2-oxoglutarate, using an excess of L-glutamate as the substrate, in the presence of
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the enzyme glutamate-oxaloacetate transaminase (GOT). The amount of NADH generated corresponds to

the original amount of L-malic acid present in the terminal buffer. The presence of NADH is subsequently

quantified using its characteristic increase in absorbance at a wavelength of 340 nm. Measurement of this

absorbance is executed with a UV spectrometer. An increase in absorbance at 340 nm indicates the presence

of L-malic acid.
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(a) Graph of the non-linear function f(x),
describing the behavior of chemical buffers in

response to the addition of acid/base. The curve
mimics a piecewise function corresponding to

the behavior of the buffer within and outside the
buffering range.
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(b) Graph of the non-linear function g(x),
describing the enzyme activity at different

concentrations, which increases as it
approaches the optimal pH range.
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(c) Graph of the non-linear composite function
(f ◦ g)(x) describing the behavior of the

enzyme while changing the buffer’s
concentration.
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(d) Graph of the linear relation between input
and output in linear computation systems, such
as the change in the concentration of the system

by varying the concentration of one of the
substrates.

Figure C.2: Comparison between non-linear functions in our model (a) – (c), compared to the linear relation
(d) induced by simpler computational models.

Visualizing Non-linear Components of the System

As we explained, our model introduces non-linearity through the chemical buffers that host the enzymatic

reactions and the enzymatic reactions themselves.

If we model the buffer’s change in pH in response to the concentration input of an acid or base through

a non-linear function f(x) and the enzyme’s activity in response to the pH as a non-linear function g(x).

Thus, the system’s overall response can be expressed as the composition of these two non-linear functions

(f◦g)(x). This composition adds a layer of preferred non-linearity to our computational framework, allowing
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for further flexibility in the framework. For instance, Fig. C.2a illustrates the non-linear characteristic

of the function f(x) where the curve captures the behavior of chemical buffers, represented by piecewise

functions composed of linear segments to describe the buffer behavior inside and outside the buffer range. Fig.

C.2b depicts the non-linearity within g(x), which captures enzyme activity at different pH levels, showing

how enzyme activity increases and peaks towards the optimal pH. Meanwhile, Fig. C.2c represents the

composite non-linear function (f ◦g)(x), which forms the foundational building block of our system, offering

a more adaptable model in contrast to the conventional linearity, as indicated by Fig. C.2d, found in some

current unconventional computation methods [9], where the system’s output is changed by linearly varying

the concentration of one of the substrates. Mathematically, our framework can be seen as an approximation

model for a given logic design’s functionality, where the function (f ◦ g)(x) serves as the building block.

The logic functionality’s structure dictates the architecture and how these non-linear functions are composed

together, which translates into the enzymatic reactions we carry. Meanwhile, the determination of the input

signal concentrations is akin to parameter optimization in a model, aiming to refine the system’s behavior to

match the intended computational function closely.

Absorbance Curves for the Digital Gates and the Machine Learning Perceptron
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Figure C.3: UV-vis spectroscopy for the outputs of the NOR circuit modeled using enzymatic reactions.

We presented the quantitative output for our models of the digital gates and the machine learning percep-

tron. Fig. C.3, C.5, and C.6 show the corresponding UV-vis absorbance curves.



95

300 320 340 360 380
Wavelength (nm)

0.0

0.2

0.4

0.6

0.8

1.0

1.2
Ab

so
rb

an
ce

OR(0, 0) = 0
Baseline
NADH

300 320 340 360 380
Wavelength (nm)

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Ab
so

rb
an

ce

OR(0, 1) = 1
Baseline
NADH

300 320 340 360 380
Wavelength (nm)

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Ab
so

rb
an

ce

OR(1, 1) = 1
Baseline
NADH

Figure C.4: UV-vis spectroscopy for the outputs of the OR circuit modeled using enzymatic reactions.
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Figure C.5: UV-vis spectroscopy for the outputs of the AND-OR circuit modeled using enzymatic reactions.
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Figure C.6: Classification results for the machine learning perceptron modeled using enzymatic reactions.
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