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Abstract

Most Al systems today are static — built with frozen weights, fixed architectures, and expensive
retraining cycles. EvoTransformer takes a different approach.

It is a lightweight, live-evolving Transformer system that adapts its architecture in real time,
guided by feedback and performance. EvoTransformer mutates structural components such as
depth, attention heads, and feedforward width, retrains on-the-fly, and selects the best-
performing configurations — all without restarting the training loop.

Built on a mutation engine, Lamarckian learning principles, and genome tracking, EvoTransformer
supports continual architectural adaptation during deployment. With only ~13 million
parameters, it achieves competitive accuracy on reasoning benchmarks such as PIQA,
HellaSwag, and BoolQ — while remaining deployable on modest hardware.

Rather than scaling up static models, Evolransformer explores an alternative path: neural
systems that improve structurally as they run. This whitepaper presents the system architecture,
mathematical formulation, and benchmark evidence behind Evolransformer — an early step
toward self-improving, architecture-aware intelligence.



1. Introduction

Artificial intelligence today is dominated by static models. Once trained, their architecture and
parameters are frozen — locked into a snapshot of performance that cannot adapt without
expensive retraining. While this paradigm has enabled massive breakthroughs in language
modelling, vision, and decision-making, itimposes fundamental limitations: lack of adaptability,
prohibitive retraining costs, and structural rigidity.

This whitepaper introduces EvoTransformer, a Transformer-based architecture that evolves in
real time, adapting its structure, depth, attention patterns, and memory components based on
feedback and performance. Evolransformer is not just a model — it is a living system that
mutates, retrains, and selects optimal configurations during inference and training, powered by
a compact ~13M parameter base.

Unlike traditional models that treat architecture as fixed and optimization as a one-shot process,
EvoTransformer leverages:

¢ Live Mutation Engine - enabling real-time architectural changes, including layer depth,
attention heads, FFN size, and memory tokens.

e Lamarckian Learning Loop - retaining and inheriting the most performant traits across
generations of model configurations.

¢ Genome Tracking System - logging and analyzing architectural DNA and its
corresponding performance for explainability and optimization.

e Zero-Restart Evolution - continuing model adaptation without discarding previous
weights or restarting from scratch.

EvoTransformer has been benchmarked on commonsense reasoning tasks such as PIQA,
HellaSwag, and BoolQ, and has shown on-par or superior performance to static baselines,
despite using orders of magnitude fewer parameters.

This paper outlines the motivation, mathematical formalism, algorithmic engine, and
experimental validation behind Evolransformer — positioning it as a compelling alternative to
static LLMs, particularly in edge deployments, adaptive systems, and feedback-rich
environments.

2. Related Work and Positioning

2.1 Static Transformers and LLMs

Transformer-based architectures (Vaswani et al., 2017) form the backbone of most modern Al
models, including BERT (Devlin et al., 2019), GPT-series (Radford et al., 2018-2023), and T5
(Raffel et al., 2020). These models achieve high accuracy but share a critical limitation: once
trained, they cannot structurally adapt. Any architectural improvement requires reinitialization
and full retraining — a costly, static process that stalls adaptability and wastes compute.



2.2 Neural Architecture Search (NAS)

Neural Architecture Search (NAS) attempts to automate architecture design via optimization
across a predefined search space. Methods like DARTS (Liu et al., 2019) and ENAS (Pham et al.,
2018) search over architectures before training, often on proxy tasks. While NAS offers one-time
optimization, it lacks live evolution — it does not adapt the model while it learns or during real-
world deployment.

2.3 Dynamic and Modular Networks

Recent works have proposed modular or dynamic architectures (e.g., Adaptive Computation
Time, routing networks) to adjust execution paths or computation depth. However, these
methods typically assume static macro-architecture and focus on runtime efficiency rather
than long-term structural adaptation.

2.4 Evolutionary Models and Meta-Learning

Evolutionary algorithms have been explored in neuroevolution (NEAT, Stanley & Miikkulainen,
2002) and meta-learning (AutoML-Zero, Real et al., 2020), but most prior efforts operate offline,
are not Transformer-centric, and rarely preserve learned weights. They also fail to integrate
continuous feedback loops for self-adaptive learning.

Feature LLMs / GPT NAS (e.g., NEAT / Meta- | EvoTransformer
DARTS) Learning
Frozen after  Yes  Yes  Yes > No
training
Learn from live X No X No i Limited  Yes
feedback
Structural X No X No i, Offline-only  Yes
mutation during
use
Retains weights X No X No I Partial v Yes
after mutation (Lamarckian)
Parameter- X High i Medium i Medium v ~13M
efficient
Designed for ¥ No X No X No v Yes
real-time
adaptation




EvoTransformer bridges the gap between static Transformers and adaptive systems. It brings the
adaptability of biological evolution into modern Transformer design, offering a fully integrated
framework for evolving architectures live, guided by performance feedback, and deployable
on real-world hardware.

4. Mathematical Formalism

We model EvoTransformer as a live-evolving neural system composed of three key formal
components:

4.1 Architecture Genome Representation

Let the model architecture at time step T be defined by a genome vector:

g — (dmodela Nheadss dffna L: m)

Where:

¢ dmodel € {256,384,512}: hidden size of the Transformer.

Where:
* dmodel € {256, 384,512} hidden size of the Transformer.
® TNpeads © N: number of attention heads such that dppqe; MOd Npeags = 0.
o ds € {512,1024, 2048}: feedforward layer dimensionality.
e L € {4,6,8}: number of Transformer encoder layers.
e m € {0, 1}: binary flag indicating if memory modules are enabled.

Each genome g; corresponds to a concrete model instantiation fgg; with parameters #; and structure

defined by g;.

4.2 Evolution Objective

Let Dy, be the validation set, and L( f, D) the evaluation loss function (e.g., binary cross-entropy). The

fitness of maodel fgg: is defined as:
1 R
Flgt) = Z 13 = vil

|Dva]| (2:,9:) EDval

Where §; = argmax fég: (z;). and F measures validation accuracy.



4.3 Mutation Function

A mutation function i : g — g;.1 introduces a stochastic change in the genome:

g1 =plg) =g +e

Where € represents a discrete perturbation in one of the genome fields (e.g., increase depth, toggle

memary). The mutation operator is constrained to valid architectural configurations.

4.4 Lamarckian Inheritance and Selection

After evaluating a set of child genomes {g,"”/}*_, the one with highest fitness is retained:

g+1 = argmax F(g|")
ie{l,...,n}

We adopt Lamarckian inheritance, where the trained weights 6; 1 from the parent genome are reused (or

partially transferred) in the child model whenever structural compatibility exists.

4.5 Live Learning Loop

EvoTransformer implements an online feedback loop where a user interaction produces feedback f; €
{0, 1} (e.g., success or failure). Given a stream of tuples {(z;, y;, ;) }. the system triggers retraining or

architectural mutation when performance drops or when feedback density increases:

If Z fi <1, then mutate and retrain

Where T is a mutation trigger threshold (typically user-defined or adaptive).

4.6 Model Class

Each evolved model implements:

f®(x) = Classifier (Pool (Transformer,, (z)))

Where Transformer is instantiated based on genome gy, Pool is typically adaptive average pooling, and

Classifier is a linear layer mapping to output classes.

4.7 Transformer Forward Pass (Minimal Form)

The Evolransformer framework integrates standard Transformer computation with a
neuroevolutionary adaptation loop. Below, we summarize the key mathematical components
that define its architecture, mutation, and adaptation mechanisms:



1. Transformer Forward Pass
The forward computation follows a canonical Transformer encoder layer with multi-head attention and

feedforward projections:

TransformerLayer(X) = LayerNorm(X + FFN(MultiHeadAttn(X)))

where attention is computed as:

Attention(Q, K, V) = soft (QKT> 1%
ention(@, K, V) = softmax
Vi

2. Genome Representation

Each model architecture is encoded as a genome vector:

gi — {L, dmodcl: dff) hv m}

where L is the number of layers, d,,401 is the hidden dimension, dp; is the feedforward dimension, A is

the number of attention heads, and m € {0, 1} enables optional memory modules.

3. Mutation Operator

Architectural mutations are modeled as stochastic perturbations:
u®) =0+e e~N(00%

4. Fitness Evaluation Function

The fitness of a mutated model is computed using a multi-objective function:

F(0) = a - Accuracy(f) — B - Params(f) — v - FLOPs(#)

where o, 8, 7y are tunable trade-off weights.

5. Lamarckian Update Rule

EvoTransformer inherits and retains the best-performing architectures using:
0" = arg max F(0)

6. (Optional) Mutation Selection Probabilities
To allow soft selection among competing mutations, the system optionally employs a softmax-based
probability:
eA-AFk.
P (H:c) = W

This mathematical core supports Evolransformer's live architectural evolution, enabling
feedback-driven mutation, evaluation, and specialization over time.
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Figure 1: EvoTransformer’s Live Evolution Loop integrating mutation, retraining, and architectural
adaptation via user feedback

5. Live Evolutionary Algorithm

EvoTransformer departs from traditional static neural architectures by implementing a real-time
evolutionary loop. This loop involves architectural mutation, Lamarckian learning, and fitness-
based selection, forming a continuously adaptive system.

5.1 Formal Definitions

Let:

e (4 genome at generation £, representing model architecture (e.g., depth, FFN dim, attention heads,

memory flag).
e f(G}): fitness score of genome Gy, measured as accuracy or reward.
e M (G}): mutation function applied to genome G, yielding a new genome G, 1.
e D: current feedback-augmented training dataset.

e L(Gy, D): loss function for training architecture G; on dataset D.

Then:



Gy = default genome
Gii1 = M(G,) (mutation)
f;11 = arg mgin L(Gti1, D)  (training)

f(Gyy1) = evaluate(Gyyq,6;41)
G* = max(f(Gy), f(Gi11)) (selection)

We adopt Lamarckian inheritance: the trained weights 0111 of the best-performing genome
are retained and reused.

5.2 Pseudocode: Live Mutation + Feedback Loop

def evolve model(initial genome, feedback data, generations=18):
best_genome = initial_genome

best_model, best_fitness = train_and_eval{best_genome, feedback_data)

for gen in range(l, generations + 1):
children = [mutate_genome(best genome) for _ in range(3)]
best _child = MNone

best_child_fitness = -float("inf"}

for child genome in children:
model, fitness = train_and eval(child genome, feedback data)
if fitness > best child fitness:
best child = child_genome
best child fitness = fitness

if best child fitness > best fitness:
best genome = best child
best fitness = best child fitness
best _model = model

log genome(best genome, best fitness, gen)

return best model, best genome



5.3 Genome Structure

A genome G is defined as a dictionary:

genome = {
"num_layers”: 6,
"d_model": 512,
"ffn_dim": 1024,
"num_heads": 8,

"memory”: True

Mutations randomly alter one or more of these fields within valid constraints, e.g.,

genome["num_layers™] += random.choice([-1, 1])

genome[ "memory™] = not genome["memory"] # flip boolean

6. Experimental Setup and Benchmarking

We designed experiments to validate Evolransformer’s ability to evolve and adapt under
constrained resources while maintaining or surpassing baseline performance on real-world
reasoning tasks.

6.1 Tasks and Datasets

We benchmarked EvoTlransformer on the following commonsense reasoning datasets:

Dataset Task Type Eval Metric Size

SST-2 Sentiment analysis Accuracy ~67k
PIQA Physical reasoning Accuracy ~20k
HellaSwag Situational inference Accuracy ~70k
BoolQ Yes/No QA Accuracy ~15k

6.2 Baselines

To assess comparative performance, we evaluated:

¢ EvoTransformerv2.2 (13M parameters, evolving)



e DistilBERT (66M parameters, fixed)
e GPT-3.5(175B, zero-shot via OpenAl API)

6.3 Evaluation Protocol
e Hardware: Google Colab (T4/16GB GPU)

Training Budget: 10-15 epochs per genome

¢ Evolution Steps: 10 generations

¢ Feedback Mechanism: User votes (Evo vs GPT)

¢ Mutation Rate: 1-2 genes per generation

e Selection: Best of 3 children per generation

¢ Retraining: Only on top-1 selected genome (Lamarckian inheritance)

6.4 Key Metrics

e Accuracy on validation set

Parameter count (efficiency)

Training time per genome

Number of mutations until performance plateaus
e p-value from McNemar or bootstrap test vs GPT-3.5

6.5 Results Summary

Model PIQA Acc HellaSwag Acc BoolQ Acc SST-2 Acc Params GPU Type
EvoTransformer 0.6155 0.5781 0.6842 0.7615 13M T4
DistilBERT 0.5884 0.5446 0.6713 0.8451 66M T4
GPT-3.5 (API) 0.6551 0.6091 0.7280 09122 1758 Cloud

e Evovs GPT-3.5 (PIQA): p =0.7420 - not statistically worse

o Evo shows parameter efficiency and competitive accuracy despite using less than
1/10th the size of the baseline.

To complement accuracy metrics, we analyse EvoTransformer’s efficiency in terms of parameter
count, compute, and inference latency. This is critical for real-world deployment in edge or
constrained environments. The following table summarizes the resource profile of a typical
evolved architecture after training on PIQA.



Metric Value Note

Params ~13M Evolved model

FLOPs (est.) ~1.2 GFLOPs Inference (based on d=512, 6 layers)
Runtime <100ms On CPU (batch=1)

Hardware used Colab CPU /T4 Baseline eval setup

These results demonstrate that Evolransformer delivers meaningful reasoning performance
while remaining lightweight and deployable. Unlike large-scale models that demand specialized
hardware, Evo's evolved architectures operate effectively on standard CPUs and low-cost GPUs
— a key advantage for real-time systems and low-resource settings.

7. Ablation Studies

To understand the contribution of individual architectural components and evolutionary
strategies to Evolransformer’s performance, we conducted a series of controlled ablation
studies. Each study isolates one element of the genome while holding others constant, using the
same seed and training regime across all runs. The evaluation is done on the PIQA dataset for
consistency.

7.1 Effect of Memory Module

We toggle the memory token projection (memory_enabled) to evaluate its role in reasoning tasks.

Memory Enabled PIQA Accuracy
X No 0.5412
E4 Yes 0.5758

Insight: The memory token consistently boosts reasoning accuracy by ~3-4%, suggesting its
utility in encoding persistent context across sequences.

7.2 Effect of Feedforward Width (FFN Dim)

FFN Dim PIQA Accuracy
512 0.5542
1024 0.5758

2048 0.5596



Insight: A hidden width of 1024 offers the best trade-off between representation capacity and
overfitting risk in low-data settings.

7.3 Effect of Number of Transformer Layers

Num Layers PIQA Accuracy
4 0.5529
6 0.5758
8 0.5661

Insight: Six layers offered optimal depth. Adding layers yielded diminishing returns under the
current parameter budget (~13M).

7.4 Effect of Attention Heads

Num Heads PIQA Accuracy
4 0.5476
6 0.5758
8 0.5703

Insight: Increasing attention heads improves performance, but too many heads reduce head
dimension, which may dilute useful signals.

7.5 Ablation of Lamarckian Evolution

Strategy PIQA Accuracy
Random mutation only 0.5231
+ Lamarckian loop 0.5758

Insight: Retaining top-performing genomes and using them as parents accelerates convergence
and stabilizes performance.



059 Ablation Study: Impact of Architectural Components

Lower Config
B Optimal Config
0.58+ w#m Higher Config
0.57
5. 0.56
o
o
=1
ALY
<
o
% 054t
0.53
0.52 N/A N/A
0.51 - -
Memory FFN Dim Layers Lamarckian
Component

While EvoTransformerintroduces architectural neuroplasticity (e.g., dynamic layer width or depth
adjustment), we acknowledge that further empirical validation is required to measure stability
across a broader mutation range. Future work will incorporate controlled mutation trials and
convergence diagnostics to better quantify performance variance and resilience.

8. Live Feedback Loop and Genome Trace

Traditional neural architectures are static after deployment. Even recent efforts in fine-tuning and
reinforcement learning with human feedback (RLHF) still rely on heavyweight retraining phases,
often detached from user interactions. Evolransformer challenges this paradigm through a live
feedback learning loop tightly coupled with an architecture mutation engine and genome tracking
system. For instance, during a PIQA reasoning test, Evo incorrectly chose “option A” in response
to a commonsense question. A user marked the correct answer as “option B” via the feedback
interface. Evo responded by mutating its feedforward width and adjusting attention heads. Within
two retraining cycles, it corrected the mistake and showed improved performance on related
questions in the next evaluation.

This live, architecture-level adaptation — triggered by direct human interaction — is what
differentiates Evo from frozen LLMs like GPT, which require full retraining to incorporate feedback.

8.1 Feedback Integration

EvoTransformer captures real-time user feedback during inference. Every user interaction — such
as choice preference, correctness confirmation, or ranking — is logged as a fitness signal, which
then influences architectural evolution:

e Correct predictions reinforce current genome structures (exploitation).



¢ Incorrect or low-confidence predictions trigger mutation events (exploration).

o Feedbackislogged to alocal or remote datastore (feedback_log.csv or Firebase), forming
the basis of evolutionary selection.

This feedback loop requires no manual retraining and operates autonomously during
inference — a departure from traditional supervised pipelines.

8.2 Lamarckian Evolution in Action

Unlike Darwinian algorithms that discard trained weights post-mutation, EvoTransformer
implements a Lamarckian learning loop:

“Architectural traits learned during inference-time adaptation are passed on to the next
generation.”

This is operationalized by:
¢ Mutating the genome (e.g., num_layers, d_model, memory_enabled)
e Retaining the trained weights where shape-compatible
o Evaluating the new architecture with inherited performance gains

This process enables continuous specialization without starting from scratch —
accelerating convergence and improving model stability.

8.3 Genome Logging and Evolution Traceability

Every evolved architecture (genome) and its corresponding fithess score is stored in a structured

genome log:
Generation d_model num_heads ffn_dim num_layers Memory Accuracy
0 384 6 1024 6 = 0.6284
1 512 8 2048 6 X 0.6471
2 512 8 2048 8 /] 0.6753

This trace offers full transparency into how the model evolves, making it ideal for auditability,
reproducibility, and continual evaluation.

8.4 Architectural Mutation Engine

The mutation engine perturbs the genome based on a multi-objective fitness function that may
include:

e Accuracy
e Latency
e Parameter count

¢ Userfeedback consistency



Below is the simplified pseudocode guiding the live mutation loop:

for generation in range(N):
children = [mutate_genome(parent) for _ in range(K)]
fitness_scores = [evaluate(child) for child in children]
best_child = children[argmax(fitness_scores)]
if fitness(best_child) > fitness(parent):
parent = best_child

log_genome(parent, fitness(parent), generation)

This mechanism ensures that Evolransformer continually adapts to user environments and
constraints — an ability missing from today’s static LLMs.

9. Related Work

9.1 Neural Architecture Search (NAS)

Neural Architecture Search (NAS) has emerged as a powerful framework for discovering
performant neural network topologies. Foundational methods such as ENAS (Pham et al., 2018)
and DARTS (Liu et al., 2019) automate architecture design through reinforcement learning or
differentiable search spaces. While effective, these methods are often computationally
intensive, requiring significant GPU resources and operating in static training regimes where the
architecture is frozen post-search.

EvoTransformer departs from this paradigm by enabling lightweight, live evolution during
inference and deployment — not just during initial training. It incorporates Lamarckian weight
inheritance and real-time feedback integration, allowing the architecture itself to adapt based on
user input. Traditional NAS systems lack this kind of interactivity, typically relying on offline
evaluations and predefined search spaces. More recent work (e.g., Chen et al., 2024) explores
fine-grained transformer block search using gradient-free techniques. Yet these remain non-
interactive and computationally demanding. EvoTransformer distinguishes itself by supporting
architecture-level evolution guided by real-time interaction — a direction not yet explored in
mainstream NAS literature.

9.1.1 Evolved Transformer (Google, 2019)

The Evolved Transformer (So et al., 2019) applied large-scale NAS to discover an improved static
transformer block prior to training. While influential, it operates entirely offline, and the
discovered architecture is fixed for the lifetime of the model. EvoTransformer differs in that its



architecture is not the output of a one-time search, but rather a living component that can change

continually during training and deployment.

9.1.2 Evolution Transformer (2024)

Recent work branded as the "Evolution Transformer" (2024) explores evolutionary ideas for
transformer design, but still treats architecture as fixed during each training run, focusing on
offline evolution. EvoTransformer goes further by embedding evolution into the runtime loop,
enabling structural changes based on live feedback and preserving compatible weights through
shape-safe inheritance.

9.2 Continual and Online Learning

While online learning methods such as EWC (Kirkpatrick et al., 2017) and A-GEM (Chaudhry et
al., 2018) attempt to update model weights incrementally, they do not alter the model’s
architecture. Evolransformer extends this idea by evolving its architecture on-the-fly, going
beyond mere weight adaptation. This enables structural plasticity in response to performance
degradation or novel task encounters.

9.3 Meta-Learning and Few-Shot Adaptation

Meta-learning techniques (Finn et al., 2017; Nichol et al.,, 2018) allow models to generalize
quickly to new tasks with few examples. However, these models typically require specialized
training procedures and still rely on fixed architecture backbones. In contrast, EvoTransformer
modifies its underlying architecture dynamically as part of the adaptation process, bringing
structural generalization to the meta-learning landscape.

9.4 Large Language Models (LLMs)

Current state-of-the-art LLMs like GPT-4 (OpenAl, 2023) and Claude (Anthropic, 2023)
operate with static architectures and rely on pretraining over massive corpora followed
by RLHF. Although effective at scale, they suffer from:

e Frozen weights post-deployment
¢ Highinference and retraining costs
¢« No capacity for self-modification

Evolransformer presents an alternative pathway: compact, dynamic, and evolution-
ready models capable of self-improvement under compute constraints —targeting real-
world applications that cannot afford billion-parameter infrastructure.

9.5 Evolutionary Machine Learning

Evolutionary strategies in deep learning have been explored via NEAT (Stanley & Miikkulainen,
2002), Genetic CNN (Xie & VYuille, 2017), and CoDeepNEAT (Miikkulainen et al., 2019). These
methods, while conceptually similar to Evolransformer, operate in offline cycles and typically
require entire training restarts per generation. EvoTransformer differs through:

e Real-time inference-time evolution



e Lamarckian inheritance of weights
o Feedback-driven adaptation loop

In essence, Evolransformer is the first system to unify NAS, continual learning, and evolution
in a single live loop.

While this work compares Evolransformer against static baselines and GPT-class models, it does
not directly benchmark against differentiable NAS approaches like DARTS or RL-based NAS (e.g.,
NASNet). These frameworks are typically optimized for architecture search under fixed training
pipelines, while EvoTransformer continuously evolves during inference and feedback cycles.
Direct comparisons are a future research priority.

10. Limitations and Future Work

10.1 Limited Scale and Pretraining

EvoTransformer is currently evaluated at a relatively small scale (~13M parameters) with minimal
or no large-scale pretraining. As a result, it cannot match the raw language fluency, factual
coverage, or multitask generalization of billion-parameter LLMs. Its strength lies in adaptive
reasoning under constraints, but performance on open-domain tasks remains limited without
extensive training.

10.2 Evolution Latency and Overhead

Although Evolransformer evolves live, the architectural mutation and retraining process
introduces non-negligible latency. While we implement Lamarckian learning to preserve weights
and accelerate retraining, repeated fine-tuning cycles are still computationally intensive. This
makes Evo better suited for low-frequency adaptation (e.g., periodic updates) rather than high-
frequency online learning in latency-critical systems.

10.3 Stability vs Exploration

Live mutation introduces the classic trade-off between architectural stability and performance
exploration. Without careful control, some mutations may degrade model quality or introduce
regressions. We currently apply basic elitism and fitness-based selection, but more robust
strategies like novelty search, multi-objective evolution, or population diversity control could
improve convergence and stability.

10.4 Benchmark Coverage

EvoTransformer has been evaluated on selected reasoning benchmarks (PIQA, HellaSwag,
BoolQ). While results show promising adaptation patterns, wider benchmark coverage across
multilingual, generative, and long-context tasks is necessary before drawing general conclusions.



Future iterations should target datasets like ARC, StrategyQA, and NaturalQuestions to test more
diverse reasoning capabilities.

10.5 Safety, Robustness, and Explainability

Like most dynamic systems, Evolransformer lacks robust safety guarantees. Architectural
changes are not yet bounded by task constraints or interpretability checks. Additionally,
explainability remains limited beyond weight visualization and genome logs. Future research may
integrate:

e Constraint-based mutation filters
e Attention visualization and saliency tracing

¢ Robustness checks against adversarial or malformed input

11. Conclusion

EvoTransformer offers a practical step toward adaptive neural systems that evolve during
deployment rather than remaining static post-training. Unlike conventional Transformer-based
models that rely on fixed architectures and require full retraining to improve, Evolransformer
supports live architectural mutation, feedback-guided refinement, and Lamarckian learning —
enabling it to specialize incrementally over time.

We demonstrate that with a lightweight architecture (~13M parameters), Evolransformer
achieves competitive results on reasoning-oriented benchmarks such as PIQA, HellaSwag, and
BoolQ. More importantly, it does so while adapting its architecture based on human feedback
and online performance — a trait rarely present in mainstream systems.

While limitations remain — including scalability to larger models, safety mechanisms, and
broader generalization — this work lays the groundwork for further exploration of open-ended
neural evolution, real-time architecture optimization, and resource-aware self-adaptation.

Rather than proposing a replacement for existing large-scale models, Evolransformer is
presented as a functional proof-of-concept for lightweight, evolvable Al systems. In an era where
static intelligence is reaching its limits, systems like Evo offer a glimpse into neural architectures
that learn how to change — not just what to learn.

This study is scoped to textual reasoning tasks. While Evolransformer's modularity theoretically
supports multimodal inputs (e.g., visual, tabular), evaluating cross-domain generalization is
deferred to future research.
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