Musik in bayern
ISSN: 0937-583x Volume 91, Issue 3 (Mar -2026)
https://musikinbayern.com DOI https://doi.org/10.15463/gfbm-mib-2026-542

Eco-Mamba: A Hardware-Aware Selective State Space Architecture for Low-

Latency and Energy-Adaptive Edge Al

Dr V Sowmya

Assistant professor, Department of computer science and Application

SRM Institute Of Science and Technology, Chennai, India
sowmydev(@gmail.com

To Cite this Article
Dr V Sowmya” Eco-Mamba: A Hardware-Aware Selective State Space Architecture for Low-
Latency and Energy-Adaptive Edge AI” Musik In Bayern, Vol. 91, Issue 3, Mar 2026, pp42-50

Article Info
Received: 14-01-2026 Revised: 08-02-2026 Accepted: 22-02-2026 Published: 11-03-2026

ABSTRACT

Contemporary large-scale artificial intelligence models are predominantly deployed within high-
performance data centers due to fundamental architectural limitations. The Transformer architecture,
which underpins most modern generative models, relies on a self-attention mechanism whose
computational and memory complexity scales quadratically with respect to sequence length, i.e.,
O(N?). As the input sequence length doubles, the required computational resources increase
approximately fourfold. This “quadratic barrier” renders Transformer-based models impractical for
deployment on resource-constrained edge devices such as autonomous robots, embedded systems, and
Internet of Things (IoT) sensors.

To address this limitation, this work investigates the Mamba architecture, which is based on Selective
State Space Models (SSMs). Unlike self-attention mechanisms that recompute pairwise token
interactions at each step, the Selective State Space formulation processes sequences using a linear-time
selective scan operation with complexity O(N). This mechanism maintains a compact latent state that
adaptively retains or discards information based on the current input, thereby eliminating the need for
an expanding key—value cache.

We demonstrate that this architectural shift from quadratic attention to adaptive linear state-space
modeling enables efficient real-time inference in resource-constrained edge environments.
Experimental evaluation shows significantly reduced latency and memory consumption compared to
optimized Transformer baselines. The results indicate that Selective State Space architectures are not
merely an alternative to attention-based models, but represent a more suitable engineering paradigm
for enabling sustainable, low-latency intelligence at the edge.

KEYWORDS: Mamba Architecture, Selective State Spaces (SSMs), Edge Al, Quadratic Barrier, Linear
Scaling (O(N)), Real-Time Inference, Transformer Bottleneck, Generative Al, Internet of Things (IoT),
Computational Efficiency, Selective Scan Mechanism, Low-Latency Computing, Memory
Optimization
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I. INTRODUCTION

The world of Artificial Intelligence is really different now because of Foundation Models. I am talking
about Artificial Intelligence. Specifically Large Language Models and Vision Transformers have
changed Artificial Intelligence. These models can do things that people thought only humans could do..
This change has caused a big problem, with computers. Artificial Intelligence needs a lot of computer
power to work. This is a problem because some devices do not have power to run Artificial Intelligence.
It is a problem for Artificial Intelligence to work on its own in places where computersre not very
powerful. Artificial Intelligence is still important. People are trying to figure out how to make it work
everywhere. The Transformer architecture is really good at handling sequences of data because it uses
a technique called Self- Attention. This has made it the best way to model sequences. It has replaced
other methods like Recurrent Neural Networks and Convolutional Neural Networks. However the
Transformer architecture has a problem. It is not very efficient. This is because it gets very complicated
as the amount of data increases which's a major flaw, in the way it is designed.

The Transformer architecture and its Self-Attention mechanism are causing this issue. The Attention
mechanism needs every token in a sequence to interact with each other. This means it needs a lot of power
and memory. The amount of power and memory it needs grows really fast as the sequence gets longer.
This is a problem when you want to use these models on smaller devices, like robots, drones and sensors.
These devices do not have a lot of memory. They cannot handle a lot of information at the same time.
The Attention mechanism requires a lot of memory to work. This is why it is hard to use the Attention
mechanism on these devices. The Attention mechanism is limited by the amount of memory it can use.
When we are dealing with big pieces of data like the kind that has a lot of details or when we need to plan
things out over a long period of time the Key-Value cache of a Transformer gets bigger and bigger. The
Key-Value cache of a Transformer grows linearly which means it gets really big fast. This is a problem
because it uses up all the memory on devices like the kind we use in everyday things. The Key-Value
cache of a Transformer uses up much memory that it causes big delays. These delays are not okay when
we are talking about things that need to happen and be safe, like real-time applications that are safety-
critical.

The Key-Value cache of a Transformer is just not working well for these kinds of things. We really need
to find an architecture that can do what the Transformer does but also work like traditional RNNs. The
Transformer is great, at modeling things. We want something that can do this fast and use a constant
amount of memory. This paper says we should not just try to make Attention better. Instead look at
something completely different called Control Theory and use something called Selective State Space
Models. We think Selective State Space Models can help us achieve this. The goal is to make a model
that works like RNNs with linear time complexity and constant memory requirements while still being
able to model things really well like the Transformer. Standard RNNs have some problems. They are not
good at learning from data because the information gets lost as it moves through the system. This is
called the vanishing gradient problem. Also standard RNNs are hard to train on lots of computers at the
time. This is because each step has to happen one after the other. SSMs are different from RNNs. SSMs
come from systems that work with time. These systems take a function or a list of inputs and turn it into
an output. They do this by using a state that helps them make sense of the inputs. SSMs do this in a way
that's more, like how the realworld works.

Historically people used something called Linear Time- Invariant Systems like the Structured State
Space model to model things that happen over a time. The Structured State Space model is also known
as the S4 model. These Linear Time-Invariant Systems were good, at remembering what happened in
the past because they used something called the Hippo matrix. However these Linear Time-Invariant
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Systems had a problem. They could not understand the context of what was being said or done especially

when it came to things like language and code. This was because the Linear Time-Invariant Systems
always worked in the way no matter what information they were given. The Linear Time- Invariant
Systems could not change how they worked based on the information they received.The Mamba
architecture is a deal in this research. It has a Selection Mechanism" that makes the SSM parameters
change with time and depend on the input. The Mamba architecture lets the model choose what
information to keep or forget at each step based on the current token. This way the Mamba architecture
brings together the things about continuous state spaces, which are efficient and the Transformers, which
are good at understanding the content.

The Mamba architecture is really good, at this because it can do things that the other models cannot do
like the Mamba architecture can look at the token and decide what to do with the information. Mamba
uses an algorithm that helps it work better with computer hardware. This algorithm lets Mamba use the
computers graphics card to its potential like some other systems do. At the time Mamba can still work
well on small devices like the NVIDIA Jetson Nano or Raspberry Pi. This is an improvement because
it means Mamba can handle really big models on these small devices without slowing down too much.
Mamba is able to do this because it can get around the limitations that usually make these big models
too slow on devices. This is what people call breaking the "Quadratic Barrier". The Mamba system is
really good at this. The Mamba algorithm is very helpful. Mamba can deploy models on small hardware,
like the NVIDIA Jetson Nano or Raspberry Pi without the big delay that usually happens with other
systems. In this work, we provide a rigorous theoretical and empirical analysis of Mamba’s performance

EXPERIMENT: Processing a document with 40000 tokens.

--- TESTING TRANSFORMER (Standard Attention) ---
Sequence Length: 40000
Attempting to create Attention Matrix (40000 x 40000)...
SUCCESS: Attention Matrix Created.

> Memory Consumed: 6103.52 MB

> That is 5.96 GB! (Just for one layer's attention map)

-- TESTING MAMBA (Selective State Space) ---
Sequence Length: 40000
Creating Mamba Linear States...
SUCCESS: Mamba States Created.

> Input Memory: 78.12 MB

> SSM State Memory: 1250.00 MB

> TOTAL Memory: 1328.12 MB

VERDICT: Mamba is efficient.
Figure 1.1 — Empirical Analysis of Mamba’s Performance
II. SYSTEM ARCHITECTURE

This study is about the Eco-Mamba Adaptive Edge Nexus. It is a way of doing things with computers.
The Eco-Mamba Adaptive Edge Nexus is made for Edge Al It helps with two problems. The Eco-
Mamba Adaptive Edge Nexus is good at making sure things are done correctly. It is also good, at using
little power.

Regular computer systems use the amount of power all the time. They do this no matter how hard or
casy the task is. The Eco-Mamba Adaptive Edge Nexus is different. It can change how power it uses.
This is called the Dynamic Compute way of doing things. The Eco-Mamba Adaptive Edge Nexus does
this to help with the problems of using much power and not doing things correctly. The Nexus system
is made to work in a loop. This means the computer brain, which is the network is connected to the
physical parts of the hardware it is a part of. The Nexus has three parts that work together: the Selective
State Space Kernel, the Quantization-Aware Discretizer and the Energy-Adaptive Early Exit
Mechanism. The neural network is not a separate computer program it is closely tied to the physical
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telemetry of the hardware. The Nexus system uses the Selective State Space Kernel and the other parts

to do its job. The Quantization-Aware Discretizer and the Energy- Adaptive Early Exit Mechanism are
also parts of the Nexus system.

The center of the architecture is the Selective State Space Kernel, which is also known as the S3K.
Thiss a special version of the Mamba block that works well with ARM-based embedded processors like
the NVIDIA Jetson Orin and Cortex-M microcontrollers.

Normal Transformer architectures use a Key-Value cache that gets bigger as the sequence length gets
longer. This causes a problem with memory.

The S3K does things differently. It uses a fixed-size latent state to take the history and make it smaller.
It uses a constant amount of memory. This means the Selective State Space Kernel or the S3K can
handle things in a compact way. The Selective State Space Kernel or S3K is really good, at compressing
context. We want to get the most out of our system. So we use a Kernel Fusion strategy. This strategy
does two things at the time. It converts parameters into discrete matrices.. It does the recurrence step.
All of this happens in one cycle of fetching data from the SRAM.

This makes our system work better. It gets rid of the delays that happen when we do things one after the
other. This is important, for control loops that need to happen in real time. If there are delays the system
can fail badly. We need to make sure that our system always takes the amount of time to do things. It
should not take than 2 milliseconds. This way we can be sure that our robotic control loops will work
properly. The Kernel Fusion strategy helps us achieve this by making sure that the robotic control loops
do not have any delays.

To break down the computational barrier even more the system uses a State-Aware Quantization module.
This module does something called "Hybrid" behavior. It changes the precision of the model based on
the "Information Entropy" of the current Mamba hidden state. When things are steady, like a drone just
hovering in the air or a sensor reading the values over and over the system automatically changes the
recurrent weights to INT8 precision. This means the Mamba system and the State-Aware Quantization
module work together to make the model use power when it does not need to be so precise. The State-
Aware Quantization module is a part of this process helping the Mamba system to work more efficiently.
The Mamba system uses memory and energy. It does this by using precision most of the time. This
reduction uses 50 percent less memory bandwidth and about 40 percent less energy. The Mamba system
does this without making navigation unstable.

When the Mamba Selection Mechanism finds a change in what is coming in. Like something
unexpected happening or a problem. It instantly switches to a higher precision. The Mamba system does
this to make sure it understands what is happening well when it really needs to. This means the Mamba
system is very good, at figuring things out when it has to. It does not waste energy on things that are
easy. The Mamba system only uses precision when the Mamba system really needs it.

The big thing about this framework is that it includes something called a Hardware-, in-the-Loop Gating
Network. This thing makes the model work better with energy.

Normally when you use Deep Neural Networks, every piece of information has to go through the
network. This is not very good because it does a lot of work even for simple information.

The Eco-Mamba framework does things differently. It has a - Stage Exit Strategy that is controlled by
a special regulator. This regulator checks the temperature and voltage. The Scout Head classifier is really
good at figuring out how sure it is about what it has found far. It does this while it is still in the middle
of looking at everything. At the time the Gating Network is keeping an eye on how hot the edge device
is getting and how much battery it has left. If the Scout Head classifier does not have battery it will start
to say it is sure, about things even if it is not really sure. This means the model can stop looking and
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skip the parts. The Scout Head classifier and the Gating Network work together to make sure the model

does not use much battery. The Scout Head classifier is always checking the confidence score of what it
has found far. This mechanism effectively trades a marginal, imperceptible drop in absolute accuracy
for a significant extension in operational battery life, turning the Al model from a static energy

consumer into a "living" system that actively adapts to its physical survival needs.

III. METHODOLOGY
This study looks at how the Eco-Mamba architecture really works compared to traditional Transformers.
We want to see if it is better when it comes to using power and being faster. To do this we use a
framework that compares the two in a fair way especially when it comes to working with limited
resources. We focus on a key things. How long it takes to make decisions how well it uses memory and
how efficient it is with energy. We do this while making sure that the accuracy of the results does not
change and we test it on hardware setups. The Eco-Mamba architecture is what we are really interested,
in so we are testing it against Transformers to see which one is better. We used a different machines to
test things out. The main one was an NVIDIA Jetson Orin Nano with 8GB of memory. This is like the
kind of computer you would find in a smart robot. We also used a Raspberry Pi 5 with 8 GB of memory.
This is like the kind of computer you would find in a small device that does not use a lot of power.
We wanted to make sure that our tests would work on all kinds of computers. So we set up a test
environment called "Virtual Edge" on a regular workstation. We used Linux to control how work the
computer could do and we limited the memory to 2GB. This made the computer work like it was, under
a lot of stress which's what happens when you use it in the real world. We did this because NVIDIA
Jetson Orin Nano and Raspberry Pi 5 systems have to work even when they do not have a lot of memory
so our test had to work that way too. The software we used had PyTorch 2.1. It worked with CUDA
12.2. For the Mamba implementation we used the Mamba-SSM kernel and we added custom CUDA
bindings. This allowed the hardware to know what to do for the scan mechanism. We also used
FlashAttention-2 to make the baseline Transformer models better. This way we could compare the best
of Mamba with the best of the models. We wanted to make sure the comparison was fair.
We wanted to see how well the architecture can handle long sequences. This is where the Transformer
design has a problem. So we used the Long-Range Arena benchmark suite to test it. We looked at the
Path-X and Text-Classification tasks. We made these tasks a lot harder by using sequences that're 4,000,
8,000 and 16,000 tokens long. The reason we did this is that the sequences, in datasets are usually too
short. They do not show the memory problems that Transformers can have. We needed to use sequences
to really test the architecture and see how it handles them. The Long-Range Arena benchmark suite was
away to do this. Data preprocessing involved breaking down the data into parts using a special tool called
Byte-Pair Encoding tokenizer. This tool had a limit of 32,000 words it could understand. We wanted to
see how the Mamba Selection Mechanism worked when things were not perfect. So we added some
noise to the input data when we were testing it. This noise is like the kind of noise that happens in life
when you are using robots. We did this to see if the Mamba Selection Mechanism could still work well
even when the signals were not clear. The Mamba Selection Mechanism was being tested to see how
strong it was, against signals. The people who made the Eco-Mamba model did something. They took a
ViT-Base backbone and they replaced the Multi- Head Self-Attention layers with something they created
called the Selective State Space Kernel. This Selective State Space Kernel has 12 layers and each layer
has a hidden dimension of 768. The Eco- Mamba model is what they got after they made this change to
the ViT-Base backbone.
Our new Adaptive Quantization Module is really cool. It uses something called Post-Training
Quantization hooks. We tested it on 1000 samples to find the dynamic ranges for INTS activation maps.
When the system is running a supervisor checks the state vector all the time. If the entropy variance gets
too low it switches to INTS tensor cores, for matrix multiplication. This helps to save energy. The
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Adaptive Quantization Module is what makes this possible. It is a part of our

implementation. The Adaptive Quantization Module helps the system to use energy when it is running.
Wealso added something called an Early Exit Strategy. This means we trained classifiers at certain points
in the process like Layer 4 and Layer 8. There is a "Gatekeeper" function that looks at how sure these
classifiers when they make a guess. If they are than 95% sure the process stops right away. This happens
because of graphs that make sure it does not slow things down. The Early Exit Strategy is important
because it helps with the Early Exit Strategy by stopping the process when the classifiers very sure, about
the Early Exit Strategy. The evaluation strategy moved beyond standard accuracy metrics to include a
multi-dimensional matrix measuring Inference Latency averaged over 1000 runs to smooth out OS jitter,
Memory Peak usage tracked via CUDA allocators, and the Energy-Delay Product (EDP) calculated
using real-time power draw data logged via the NVIDIA Management Library sensors at 10ms intervals,
providing a holistic view of the system's capability to handle high-velocity real-time data streams in
robotics applications.
IV. IMPLEMENTATION

The Eco-Mamba Adaptive Edge Nexus was a project that needed a lot of changes to the usual way of
doing deep learning. We had to make it work with the way the Eco- Mamba Adaptive Edge Nexus is
set up which's different from the usual way. The Eco-Mamba Adaptive Edge Nexus system was built
using Python 3.10 and the PyTorch ecosystem.. The main parts of the Eco-Mamba Adaptive Edge Nexus
that do the calculations, like the Selective State Space Kernel were written in CUDA C++ to avoid the
slow parts of Python. This was done to make the Eco- Mamba Adaptive Edge Nexus work faster. The
big problem with using the Selective Scan operation on a GPU is that it uses a lot of memory. To fix this
we made a Fused Kernel" that puts the important information like Delta, matrix A, matrix B and matrix
C into the GPUs super fast memory, which is called Shared Memory. This special kernel does two things
at the time: it breaks down the problem into smaller pieces and it does the repeating steps all in one go.
This way we do not have to write down the results, in the slower High Bandwidth Memory. We use the
Selective Scan operation and the Fused Kernel to make things faster. The Selective Scan operation is
important. The Fused Kernel helps it work better on the GPU. This change made our program run three
and a half times faster than a simple version made with PyTorch. We used the NVIDIA TensorRT 8.6
API to make our adaptive quantization work better. This allowed us to make an engine that can change
how it works while it is running. We made parts, for the Mamba layers that have a "precision flag" that
the person running the program can control. The model was able to keep two sets of weights one was
FP16 for precision and the other was INTS for low power and it could switch between these two sets very
quickly based on the state entropy signal

The Hardware-in-the-Loop Gating Network needed akind of loss function for training this loss
function had to balance the accuracy of the Hardware-in-the- Loop Gating Network with how efficient
the Hardware-, in-the-Loop Gating Network was. We came up with a joint loss function that includes
the Cross-Entropy Loss to get good classification accuracy and a new "Budget Penalty" term. The
Budget Penalty term penalizes the model for using layers when the sample is not that hard. This penalty
has a weight that changes, which is controlled by a factor called A. The A factor gets bigger as the
simulated battery voltage gets lower. This basically teaches the model to be careful with energy
consumption, during training. The model learns to fear using much energy when the battery voltage is
low. The Scout Head classifiers at Layers 4 and 8 were trained in a way. This way is called Knowledge
Distillation. The last layer of the 12- layer Scout Head model was like a teacher. It helped the layers in
the middle to make decisions. The middle layers had to make decisions that were close to the decision.
This made sure that the decisions made on by the Scout Head classifiers were good and did not make the
whole system less reliable. The Scout Head classifiers had to be robust. The Scout Head classifiers were
important, for the system reliability of the Scout Head model. Finally, for deployment on the target edge
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hardware (NVIDIA Jetson Orin), the entire computational graph was exported to the Open Neural

Network Exchange (ONNX) format and subjected to a layer fusion pass where adjacent linear operations
and activation functions were merged into single kernels, further reducing the memory footprint and
enabling the model to fit entirely within the 8GB VRAM envelope of the embedded device while
reserving sufficient memory for the operating system and peripheral drivers.

V. RESULTS & ANALYSIS

The Eco-Mamba framework is really good at working with not a lot of resources. It does a job than the
usual Transformer models when it comes to edge environments. We tested the Eco-Mamba framework
on the Long-Range Arena benchmark. The sequences were really long with 16 thousand items. The Eco-
Mamba kernel was much faster than the FlashAttention-2 Transformer. It took 3.4 times time to make
predictions. This shows that the Selective State Space mechanism, in the Eco- Mamba framework is
very efficient. It can handle items without getting much slower which is a big advantage of the Eco-
Mamba framework. The Eco- Mamba framework is better because it uses resources and is faster. The
Transformer used a lot of memory it went up to 6.2GB. This happened because the KV-cache got really
big. On the hand the Eco-Mamba model used the same amount of memory all the time, which was
450MB. This is good because it means the Eco-Mamba model does not need a lot of memory to work
with sequences. The Eco- Mamba model and memory are not really connected so it can work well with
limited memory. The Transformer and the Eco-Mamba model are different, in this way.The Hardware-
in-the-Loop Gating Network is really good at helping with energy regulation. It has something called the
"Early Exit" strategy. This strategy works well for the Hardware-in-the-Loop Gating Network. It can
skip the four layers for most of the test samples that are easy to figure out. This happens for 72% of the
test samples. When the Hardware-in-the-Loop Gating Network uses the " Exit" strategy it uses a lot less
energy. The Hardware-in-the- Loop Gating Network uses 41% energy. This is a deal. The Hardware-in-
the-Loop Gating Network is still very accurate. It is a little bit less accurate. The difference is 0.84%.
This is a small difference. The Hardware-, in-the- Loop Gating Network is a way to save energy.
Furthermore, the adaptive quantization module seamlessly toggled between INT8 and FP16 modes with
zero operational jitter, proving that the system can dynamically trade microscopic precision for
macroscopic battery longevity without compromising the decision-making integrity of the autonomous
agent.

VI. THEORETICAL COMPLEXITY ANALYSIS
While the asymptotic complexity of the standard State Space Model is known to be linear O(N),
this metric fails to capture the stochastic efficiency gains introduced by our "Early Exit"
mechanism. To provide a more rigorous theoretical bound on the system's performance, we derive
the Effective Computational Complexity (Cef f) of the Eco-Mamba architecture.

Let L denote the total number of layers in the network (12), and let Lexit denote the depth of the
intermediate classifier (4). Let
Chlock represent the computational cost (FLOPs) of processing

a single token through one Mamba block, which is constant
with respect to sequence length history.
The worst-case complexity for a sequence of length N is defined as:

Cworse= N » L Chipey

However, in our adaptive system, the depth is a random variable dependent on the input
entropy. Let P(t) be the probability that the confidence score of the intermediate classifier
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exceeds the threshold 1. The system processes the full depth L only when the early exit condition
fails (with probability 1 — P(7)).
Therefore, the Effective Complexity is derived as the expectation of the computational cost:
Cepy= N % [P(£) % Lewie+ (1 — P{z)) * L]* G

Simplifying this equation, we define the Efficiency Gain Factor (y) as:

S bm g Cery
Lo [Pl = +(1-P()L]

Implication: In our experiments, we observed that for routine robotic tasks (e.g., straight-line
navigation), the probability of early exit P(t) approaches 0.72. Substituting these values (L=12,
Lexit=4), our derivation proves that the Eco-Mamba architecture achieves a theoretical computation
reduction of 43% compared to a static Mamba model, even before accounting for quantization
benefits. This proves that Ceff scales dynamically with the "difficulty" of the environment, a property
we define as Adaptive Linear Complexity.

VII. CONCLUSION
This paper is about the Eco-Mamba Adaptive Edge Nexus. It is a way of doing things that helps get
around the problems of traditional Transformer models when they do not have a lot of resources. The
Eco-Mamba Adaptive Edge Nexus works by combining the things about Selective State Space Models,
which can handle a lot of information without using too much power with a new way of controlling the
flow of information called Hardware-in-the-Loop gating. This means that the Eco- Mamba Adaptive
Edge Nexus can make good artificial intelligence work in autonomous robotics even when it is very hot
or when the battery is running out. The Eco- Mamba Adaptive Edge Nexus is important because it can
help intelligence like the Eco-Mamba Adaptive Edge Nexus work well, in small robots that have to think
for themselves. Our results confirm that Mamba is not merely an alternative to the Transformer but a
superior engineering successor for the Edge. The proposed architecture achieved a 3.4x reduction in
latency and a 41% extension in battery life, validated through rigorous mathematical derivation of the
Effective Complexity (Ceff). As we move toward a future of ubiquitous autonomous agents, the Eco-

Mamba framework offers a scalable, sustainable path to embedding true intelligence into the physical
world.
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