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Abstract
Optimizing Large Language Models (LLMs)
for production AI agent deployment demands
substantial computational resources and spe-
cialized human expertise (e.g., prompt engi-
neering). Self-evolution offers a promising so-
lution by enabling agents to autonomously en-
hance capabilities through structured feedback,
improving performance without expensive man-
ual optimization. However, most existing self-
evolving agents rely on costly frontier LLMs,
limiting scalability. Can small language models
(SLMs) achieve effective self-evolution while
remaining cost-efficient? We investigate this by
applying two SLMs (Qwen and Claude Haiku)
to self-evolution frameworks (Gödel Agent and
GEPA) on MGSM mathematical reasoning,
MMLU knowledge reasoning, and ARC sci-
ence questions benchmarks. Our experiments
demonstrate that SLMs equipped with feedback
loops successfully evolve by rewriting code,
optimizing parameters, and refining prompt
strategies. Remarkably, SLMs achieve accu-
racy gains up to 15.5% with evolution costs as
low as $0.04 per optimization cycle, enabling
scalable production deployments. While gains
are more modest than frontier LLMs (specifi-
cally on certain benchmarks like MGSM), our
results demonstrate that self-improving SLMs
offer a viable, cost-effective path toward scal-
able autonomous AI systems.

1 Introduction

Large Language Models (LLMs) have enabled a
new generation of AI agents capable of solving
complex real-world tasks, from mathematical rea-
soning and code generation to scientific research
and multi-step problem solving (OpenAI, 2025;
Anthropic, 2025). However, the costs of deploying
LLM-based agents, along with the manual effort
required to design and optimize each agent, pose
significant challenges in scaling these systems.

To tackle this, a promising research direction is
developing self-evolving agents that autonomously

improve their own capabilities through iterative
self-modification, including tool creation, prompt
strategy changes, and adaptive learning without hu-
man intervention. Self-evolving agents reduce hu-
man effort in designing efficient agentic AI systems
while enabling agents to explore design spaces that
humans may overlook. This paradigm represents
a step toward more adaptive and autonomous AI
systems (Gao et al., 2025).

Recent work has demonstrated the feasibility
of self-evolution in LLM-powered agents. Sys-
tems such as Godel Agent (Yin et al., 2025),
Darwin Gödel Machine (DGM) (Zhang et al.,
2025a), and Alita (Qiu et al., 2025) have shown
that agents can autonomously enhance their per-
formance on benchmarks like MMLU (Hendrycks
et al., 2020), MGSM (Shi et al., 2022), and SWE-
bench (Jimenez et al., 2023), through mechanisms
such as tool synthesis, dynamic code generation,
and self-supervised data augmentation. These sys-
tems observe feedback from the environment and
refine their actions with self-reflection.

However, these approaches largely rely on fron-
tier proprietary LLMs such as GPT and Claude
series — models having hundreds of billions of pa-
rameters — resulting in substantial computational
costs, energy consumption, and deployment barri-
ers with limited accessibility. More critically, these
cost constraints become exponentially worse in
multi-agent settings, where deploying even a mod-
est number of self-evolving LLM agents becomes
economically infeasible. This scalability bottle-
neck limits the potential of self-evolving multi-
agent systems in real-world applications.

In contrast, Small Language Models (SLMs),
typically defined as models with fewer than 10B
parameters, offer a compelling alternative. SLMs
can be deployed on consumer-grade hardware, re-
quire less energy, and enable local execution with
reduced latency and privacy concerns, while show-
ing competitive performance on specific tasks. De-



spite these advantages, the capacity of SLMs to
drive self-evolving agents remains underexplored,
which raises a critical question: Can SLMs guide
self-improvement processes? And, to what extent?

To answer this question, we draw attention
to the underexplored potential of SLM-powered
self-evolving agents. We adapt established self-
evolution frameworks, Gödel Agent (Yin et al.,
2024) and GEPA (Agrawal et al., 2025), to op-
erate with SLMs including Qwen3-4B (Yang et al.,
2025) and Claude Haiku (Anthropic, 2024), evalu-
ating on MGSM, MMLU, and ARC benchmarks.
Our empirical results demonstrate that SLMs can
drive self-evolving agents through autonomous tool
updates, prompt evolution, etc., with Qwen3-4B
improving by 3.3%, Claude Haiku 3 by 15.5%
(evaluated over 3 independent runs: 74.75% ±
3.85%), and Claude Haiku 4.5 by 1.3%. Com-
pared to frontier LLMs (GPT-4 achieves ∼5% im-
provement on MMLU and ∼36% on MGSM with
Gödel Agent), SLM gains are more modest but
demonstrate that self-evolving capabilities are not
exclusive to frontier-scale models, opening avenues
for accessible and cost-effective autonomous agent
research.

2 Related Work

Evolution in AI Agents: Evolving AI agents repre-
sent a paradigm shift from static models to adaptive
systems capable of autonomous improvement and
recursive self-modification (Yin et al., 2024; Zhang
et al., 2025b; Qiu et al., 2025; Gao et al., 2025).

Gödel Agent (Yin et al., 2024) introduces self-
improvement through recursive self-modification,
where LLMs dynamically modify their own logic
and behavior. Unlike traditional meta-learning
where only policy evolves, Gödel Agent enables
both policy and meta-learning algorithm to update
together through self-referential learning, achiev-
ing improvements via dynamic code modification.

Several methods have explored automated
prompt engineering. APE (Zhou et al., 2022) gen-
erates and selects instructions automatically using
LLMs as inference models. OPRO (Yang et al.,
2023) formulates prompt optimization as an opti-
mization problem where LLMs iteratively gener-
ate improved prompts guided by past performance.
EvoPrompt (Guo et al., 2023) applies evolutionary
algorithms (genetic algorithms and differential evo-
lution) to discrete prompt optimization, combining
LLM-based variation operators with population-

based search. These methods share the goal of re-
ducing manual prompt engineering effort, but none
explicitly investigate whether SLMs can serve as
both optimizer and executor in a self-evolving loop.

GEPA (Agrawal et al., 2025) introduces fine-
grained prompt optimization through Pareto-aware
evolution. Unlike existing optimizers that optimize
for aggregate performance (Yuksekgonul et al.,
2025; Opsahl-Ong et al., 2024), GEPA maintains
a Pareto front of prompts where each performs
optimally on different instance subsets, enabling
systematic exploration of diverse prompt strategies.

We utilize Gödel Agent and GEPA frameworks
to analyze SLM potential in self-evolution, as
they represent practical implementations of self-
referential agents and prompt evolution.
Small Language Models: Recent SLMs with
fewer than 10 billion parameters have demonstrated
competitive performance with computational ef-
ficiency, including Phi-4 (Abdin et al., 2024),
SmolLM (Allal et al., 2025), Gemma (Team et al.,
2025), and Qwen (Yang et al., 2025). We use Qwen
and Claude Haiku models in our experiments.

While self-evolution and SLMs have achieved in-
dividual success, current self-evolution frameworks
largely rely on LLMs. Therefore, we investigate
whether SLMs can effectively drive self-evolution
processes, measuring both the extent of improve-
ment and the associated cost.

3 Agent Evolution Methodologies

We review two agent evolution approaches used in
our study: Gödel Agent and GEPA.

3.1 Gödel Agent: Self-Referential Framework

Gödel Agent uses LLMs to dynamically modify
their own logic and behavior based on high-level
instructions, eliminating human design priors al-
lowing agent to freely decide its own routine, mod-
ules, and update mechanisms.

The core innovation is recursive self-
improvement: both policy π and meta-learning
algorithm I update simultaneously through
πt+1, It+1 = It(πt, It, rt, g), where rt = U(E, πt)
is the utility function U applied on environment
state E, and g represents the optimization goal.
This self-referential learning enables the agent
to rewrite its entire codebase after each update,
distinguishing it from traditional meta-learning
where only the policy evolves. For details, we refer
readers to the original paper (Yin et al., 2024).



The agent achieves self-awareness through run-
time memory inspection of Python variables, func-
tions, and classes. Self-improvement occurs via
dynamic code modification, where the agent rea-
sons about necessary changes and writes new code
directly into runtime memory, recursively refining
its logic each iteration.

To prevent SLMs from prematurely halting evo-
lution when performance appears satisfactory, we
augmented the Gödel Agent goal prompt with the
following instruction:

CRITICAL EVOLUTION MANDATE: You
MUST continue evolving in EVERY cycle un-
til you reach maximum iterations. Even if per-
formance seems satisfactory, you MUST find
new ways to improve: explore alternative algo-
rithms, add robustness features, optimize effi-
ciency, enhance error handling, implement new
validation methods, or experiment with different
approaches. NEVER conclude that no improve-
ments are needed - there are ALWAYS optimiza-
tions to discover.

3.2 GEPA: Genetic-Pareto Prompt Optimizer

GEPA is a sample-efficient optimizer for evolving
SLMs through reflective prompt optimization using
a teacher-student framework, where a teacher LLM
guides prompt evolution to improve student SLM
performance. Unlike traditional approaches relying
on scalar rewards, GEPA leverages complete exe-
cution traces including reasoning chains, tool calls,
and evaluation feedback to enable improvements.

The key insight is maintaining a Pareto front
tracking which prompt strategies work best for dif-
ferent problem types at the instance level, rather
than treating the training set as monolithic. During
each iteration, GEPA evaluates candidate prompts
on training minibatches, collecting execution traces.
The teacher reflects on these traces to diagnose fail-
ures and propose prompt refinements. Improved
prompts are evaluated on the validation set and
added to tracked candidates. GEPA stochastically
samples from candidates achieving best scores on
at least one validation instance, preserving diverse
strategies during evolution. This enables efficient
exploration while preventing premature conver-
gence, requiring only small rollouts since each
trace provides rich feedback.

3.3 GEPA vs. Gödel Agent for Real-World
Production Implementation

GEPA and Gödel Agent represent different opti-
mization paradigms: GEPA operates within con-
strained boundaries by only modifying textual
prompts through natural language, while Gödel
Agent has almost unrestricted access to modify any
system component through arbitrary code execu-
tion. GEPA is immediately deployable in produc-
tion due to its predictable nature, whereas Gödel
Agent requires extensive oversight to ensure safe
autonomous modifications.

4 Experimental Design and Results

4.1 Experimental Design and Setup

Benchmark Datasets: We evaluate on three bench-
marks: (1) MMLU (Hendrycks et al., 2020), which
assesses knowledge and reasoning capabilities
across 57 subjects ranging from elementary to pro-
fessional difficulty; (2) MGSM (Shi et al., 2022), a
multilingual mathematical reasoning dataset span-
ning 10 languages that measures reasoning capa-
bilities across different languages; and (3) ARC
(Clark et al., 2018), a dataset containing grade-
school level, multiple-choice science questions.
Small Language Models: We use three SLMs:
Qwen3-4B-Instruct-2507, a 4B parameter model
with strong instruction following and reasoning ca-
pabilities supporting up to 260K context length;
Claude Haiku 3, a fast cost-efficient model pro-
cessing approximately 21K tokens per second; and
Claude Haiku 4.5, the latest small Claude model
delivering coding performance similar to Claude
Sonnet 4 at one-third the cost but twice the speed.
Implementation Details: Qwen3-4B was de-
ployed on 8 NVIDIA A10G GPUs (192GB total
memory) with Python multiprocessing for parallel
inference. Claude Haiku models were accessed
via Amazon Bedrock API using boto3. We used
the DSPy framework for GEPA and the original
Gödel Agent codebase. Benchmark datasets were
obtained from the Gödel Agent repository.

4.2 Experimental Results

Tables 1 and 2 show the main results of our study
evaluating SLM-driven self-improvement using
Gödel Agent and GEPA frameworks.

4.2.1 Gödel Agent Results
Applying Gödel Agent’s recursive self-
improvement resulted in measurable accuracy



Table 1: Gödel Agent performance. SLM (Qwen3-4B) improvements compared with frontier LLM results from
Yin et al. (2024). GPT-4o serves as the optimizer with GPT-3.5 as executor in the original work. While SLM gains
are more modest, they demonstrate viable self-evolution at significantly lower cost. Note: the original work uses
GPT-4o as optimizer and GPT-3.5 as executor, whereas our SLM setup uses Qwen3-4B for both roles. The higher
SLM baselines partially explain smaller relative gains due to reduced headroom.

Model MMLU +% MGSM +%

Frontier LLM (Yin et al., 2024)
GPT-3.5 (CoT) 0.65 – 0.28 –
GPT-3.5+Gödel (GPT-4o opt.) 0.70 +5 0.64 +36

SLM (Ours)
Qwen3-4B 0.77 – 0.75 –
Qwen3-4B+Gödel 0.79 +3.3 0.76 +1.7

gains for Qwen3-4B across both benchmarks. As
shown in Table 1, accuracy increases from 0.771
to 0.797 on MMLU (+3.3%) and from 0.753 to
0.766 on MGSM (+1.7%). The more substantial
gain on MMLU suggests that Gödel Agent’s
self-referential learning is particularly effective for
knowledge-intensive reasoning tasks. Qualitative
analysis of the evolved solver code reveals that
the SLM autonomously discovered software
engineering best practices including defensive
programming, regex-based answer extraction,
confidence scoring, and parameter optimization
(see Appendix A).

The evolution process revealed interesting pat-
terns in how SLMs approach self-modification.
Over multiple iterations, Qwen3-4B progressively
identified failure modes through runtime memory
inspection and implemented targeted fixes. Early
iterations focused on basic error handling and re-
sponse parsing, while later iterations introduced
more sophisticated mechanisms such as confidence-
based fallbacks and multi-pattern answer extraction.
Notably, the model demonstrated ability to reason
about its own limitations and proactively add de-
fensive code to handle edge cases it had not yet
encountered, suggesting genuine self-awareness
capabilities even in smaller models.

4.2.2 GEPA Results
GEPA’s reflective prompt evolution yielded signifi-
cant gains, particularly for Haiku 3. For GEPA ex-
periments, we used the same SLM as both teacher
and student, relying solely on SLM-driven evolu-
tion, though GEPA’s framework supports using a
more capable LLM as the teacher. As shown in
Table 2, Haiku 3 demonstrates substantial improve-
ment on all benchmarks: accuracy increases from
0.70 to 0.73 on MMLU (+3.3%), from 0.82 to 0.86
on ARC (+4%), and most notably from 0.67 to

0.77 on MGSM (+15.5%). In contrast, Haiku 4.5
exhibits different behavior. Starting from higher
baselines (0.883 MMLU, 0.93 MGSM), it shows
only marginal improvements of +0.1% and +1.3%
respectively, while ARC performance remains flat.
This pattern suggests that models with stronger ini-
tial performance have less room for improvement
through prompt evolution.
Multi-Run Validation. To confirm robustness,
we conducted 3 independent trials of GEPA with
Claude Haiku 3 on MGSM (our headline result).
Across these runs, we observe a test accuracy of
74.75% ± 3.85% (individual runs: 78.0%, 70.5%,
75.75%), all showing substantial improvement over
the baseline of 67%. This confirms that the gains
are consistent and not an artifact of a single fa-
vorable run. The variance across runs reflects the
stochastic nature of prompt evolution (different ini-
tial samples, mutation paths), but all runs converge
to meaningful improvement.

The disparity between Haiku 3 and 4.5 suggests
smaller models have greater headroom for enhance-
ment through prompt evolution. Haiku 3 benefits
substantially from GEPA’s injected reasoning sup-
port, while Haiku 4.5 has already internalized effec-
tive strategies, yielding diminishing returns. This
implies prompt optimization can significantly en-
hance weaker SLMs, while models approaching
task-optimality naturally yield smaller improve-
ments. Qualitative analysis shows GEPA trans-
forms generic prompts into domain-specific, task-
aware instructions (see Appendix B).

The dramatic 15.5% improvement for Haiku 3
on MGSM warrants further examination. Analysis
of the evolved prompts reveals that GEPA identi-
fied multilingual handling as a critical weakness
and systematically injected language-aware rea-
soning strategies. The evolved prompts explicitly
guide the model to handle non-English mathemat-



Table 2: GEPA performance driven by SLM. Using
GEPA framework Haiku SLMs improve their accuracy
on MMLU, MGSM, and ARC benchmarks (e.g., 15%
improvement on MGSM).

Model MMLU MGSM ARC

Haiku3 0.70 0.67 0.82
+GEPA 0.73 (+3.3%) 0.77 (+15%) 0.86 (+4%)

Haiku4.5 0.883 0.93 0.938
+GEPA 0.884 (+0.1%) 0.942 (+1.3%) 0.937 (–)

ical problems by first understanding the problem
semantics before applying arithmetic operations.
Additionally, GEPA introduced arithmetic verifica-
tion steps and common pitfall warnings that proved
particularly effective for the math reasoning task.
These findings suggest that GEPA’s instance-level
Pareto tracking successfully identified diverse fail-
ure modes and generated targeted prompt improve-
ments.

4.3 Cost Analysis

A key motivation for SLM-driven self-evolution is
cost efficiency. We provide a detailed quantitative
breakdown of evolution costs.
Evolution Phase Cost. For our headline configu-
ration — GEPA with Claude Haiku 3 on MGSM
— the entire evolution process consumed approx-
imately 97K tokens (80,484 prompt tokens and
16,442 completion tokens), totaling $0.04 based
on Haiku 3’s pricing ($0.25/MTok input, $1.25/M-
Tok output). This represents a negligible one-time
optimization cost.
Inference Cost Trade-off. GEPA-optimized
prompts are substantially longer than baseline
prompts (467 vs. 13 words on average), increas-
ing per-query inference costs. However, the 15.5%
absolute accuracy improvement provides signifi-
cant value when amortized across production de-
ployments handling millions of inference queries.
Additionally, the prompt can be cached using ad-
vanced techniques to substantially reduce continu-
ous inference costs.
Comparison with Alternatives. Manual prompt
engineering requires recurring expert time (esti-
mated at hours per task per model update), with
costs that recur whenever models evolve or task re-
quirements change. In contrast, GEPA’s automated
evolution completes in a single optimization cycle
at $0.04, producing prompts that remain effective
until the underlying model changes. For frontier
LLM-based evolution (e.g., GPT-4 as Gödel Agent

Table 3: Cost breakdown for GEPA + Haiku 3 on
MGSM evolution.

Metric Value

Prompt tokens consumed 80,484
Completion tokens consumed 16,442
Total tokens 96,926
Total evolution cost $0.04
Baseline prompt length 13 words
Evolved prompt length 467 words
Accuracy gain +15.5%

optimizer), token costs are approximately 30–60×
higher per token, and the resulting system also re-
quires expensive frontier models at inference time.
SLM evolution enables both cheap optimization
and cheap deployment.

4.4 Ceiling Effect Analysis

The contrast between Haiku 3 and Haiku 4.5 re-
sults reveals an important phenomenon: diminish-
ing marginal returns of prompt-level evolution near
optimal performance. Haiku 3 gains +15.5% on
MGSM (67%→77%) while Haiku 4.5 gains only
+1.3% (93%→94.2%). This pattern is consistent
across benchmarks (Table 2).

We hypothesize two contributing factors. First,
models with stronger baselines have already inter-
nalized effective reasoning strategies during pre-
training, leaving less room for prompt-injected
improvements. Second, near-ceiling performance
means remaining errors are “hard” instances requir-
ing capabilities beyond what prompt engineering
can provide (e.g., knowledge gaps, fundamental
reasoning limitations).

This observation has practical implications:
prompt-level self-evolution is most impactful for
models operating below their theoretical ceiling,
suggesting that weaker SLMs stand to benefit most
from self-evolution frameworks. For near-optimal
models, code-level self-modification (as in Gödel
Agent) or fine-tuning may be necessary to achieve
further gains. Future work should investigate us-
ing a frontier LLM as teacher in GEPA to isolate
whether the bottleneck lies in the student’s exe-
cution capacity or the teacher’s ability to propose
effective improvements, and analyze patterns in
rejected/unsuccessful prompt mutations to identify
systematic failure modes.

5 Conclusion

This work presents an empirical study measur-
ing how self-evolution effectiveness scales down



from frontier models to Small Language Models
(SLMs). Using Gödel Agent and GEPA frame-
works, we demonstrate that models like Qwen3-
4B and Claude Haiku can achieve meaningful
autonomous improvement through recursive self-
modification and reflective prompt evolution, with
accuracy gains up to 15.5% on mathematical rea-
soning (MGSM, confirmed over multiple runs:
74.75% ± 3.85%), 4% on ARC science assess-
ment, and 3.3% on general knowledge assessment
(MMLU). While these gains are more modest com-
pared to frontier LLMs (GPT-4 achieves ∼36%
improvement on MGSM), the evolution cost of just
$0.04 per optimization cycle demonstrates the eco-
nomic viability of SLM-driven self-evolution for
scalable production deployments.

These findings suggest that self-evolution is fea-
sible at smaller model scales, enabling deployments
with significant computational and economic ad-
vantages, including consumer-grade hardware de-
ployment, reduced energy consumption, and en-
hanced privacy through local execution. The ceil-
ing effect observed in Haiku 4.5 indicates that
prompt-level evolution is most impactful for mod-
els with headroom for improvement, while near-
optimal models may require code-level or fine-
tuning-based approaches.

Future work should extend this investigation to
agentic task domains (e.g., SWE-bench for cod-
ing (Jimenez et al., 2023) beyond reasoning and
QA, evaluate additional SLM architectures and self-
evolution frameworks, investigate using frontier
LLMs as teachers to isolate student vs. optimizer
bottlenecks, and validate self-evolution effective-
ness in multi-agent coordination scenarios where
multiple SLM agents must collaboratively solve
complex real-world tasks.

6 Limitations

While our study demonstrates promising results for
SLM-driven evolution, several limitations should
be considered:

1. Limited model selection: We evaluated two
SLM families (Qwen3 and Haiku). Evolu-
tion capabilities may not generalize to other
architectures (e.g., Phi-4, Gemma).

2. Benchmark specificity: Experiments focused
on reasoning and QA benchmarks (MMLU,
ARC, MGSM). Effectiveness on agentic tasks
such as tool use (SWE-bench), web browsing

(WebArena), and multi-turn dialogue remains
unexplored.

3. Modest gains relative to frontier models:
While SLMs achieve consistent improve-
ments, the magnitude is substantially smaller
than frontier LLMs (e.g., +3.3% vs. ∼+5%
on MMLU, +1.7% vs. ∼+36% on MGSM for
Gödel Agent). Our contribution is demonstrat-
ing feasibility, not parity.

4. Cross-framework comparison: We did not di-
rectly compare Gödel Agent and GEPA using
the same SLMs, as our study aimed to estab-
lish whether SLMs can drive self-evolution
rather than benchmark evolution frameworks
against each other.
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A Gödel Agent Qualitative Analysis

We examined how Gödel Agent’s self-referential
learning transforms solver implementations, evolv-
ing from simple function wrappers into sophisti-
cated, fault-tolerant reasoning systems.
Solver Evolution: Figures 1 and 2 show the trans-
formation of the MMLU solver. The initial imple-
mentation uses a single LLM call with temperature
0.8, basic requirements, and minimal error han-
dling. Through recursive self-modification, Gödel
Agent evolved this into a robust system with:

• Enhanced Robustness: Multiple error handling
layers with JSON parsing recovery and graceful
fallbacks

• Intelligent Answer Extraction: Regex-based
pattern matching to extract answers from reason-
ing text

• Confidence-Based Decision Making: Scoring
mechanism evaluating reasoning quality across
multiple dimensions

• Parameter Optimization: Temperature reduc-
tion from 0.8 to 0.7 and more explicit directive
requirements

B GEPA Qualitative Analysis

We analyzed how prompts evolved with GEPA,
observing systematic expansion from generic in-
structions to task-specific guidance.
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Initial Solver (Baseline)� �
1 def solver(agent , task: str):
2 print(f"SOLVER CALLED: {task [:100]}")
3
4 messages = [{
5 "role": "user",
6 "content": f"# Your Task:\n{task}"
7 }]
8
9 print(f"Sending: {messages}")

10
11 response = agent.action_call_json(
12 model="default",
13 messages=messages ,
14 temperature =0.8,
15 num_of_response =1,
16 role="knowledge and reasoning expert",
17 return_dict_keys =[
18 "reasoning", "answer"
19 ],
20 requirements =(
21 "1. Explain step by step.\n"
22 "2. Answer MUST be A/B/C/D.\n"
23 ).strip(),
24 )
25
26 print(f"Raw response: {response}")
27
28 return_dict = response [0]
29 return_dict["answer"] = str(
30 return_dict.get("answer", "")
31 )
32
33 print(f"Final: {return_dict}")
34 return return_dict� �
Characteristics:

• Debug logging (3 prints)

• Temperature: 0.8

• No error handling

• No validation

• Basic string conversion

Figure 1: Initial Solver (Baseline). A simple 30-line
function with basic functionality and debug logging.

MMLU Prompt Evolution: The original prompt
“You are an expert test-taker” evolved into multi-
paragraph instructions with:

• Domain Recognition: Specialized guidance for
history, law, economics, etc.

• Reasoning Strategies: Step-by-step reasoning
and elimination heuristics

• Common Pitfalls: Explicit warnings about typi-
cal errors

MGSM Prompt Evolution: The original prompt
“You are a math expert” evolved to include:

• Multilingual Awareness: Instructions for non-
English problems

• Step-by-Step Framework: Structured mathe-
matical problem-solving guidance

• Arithmetic Safeguards: Instructions to prevent
common calculation errors

Evolved Solver (Post-Gödel)� �
1 def solver(agent , task: str):
2
3 ...
4
5 response = agent.action_call_json(
6 model="default", messages=messages ,

7 temperature=0.7 , # Changed!

8 num_of_response =1,
9 role="knowledge and reasoning expert",

10 return_dict_keys =["reasoning","answer"],
11 requirements =(
12 "1. Explain step by step.\n"
13 "2. Answer MUST be A/B/C/D.\n"

14 "3. If unsure, respond with ’D’."

15 "4. Provide a clear, concise reasoning

16 "with a single confident answer."

17 ).strip(),
18 )
19
20 return_response = response [0]
21
22 # === ERROR HANDLING ===

23 if hasattr(return_response , 'content '):
24 try:
25 return_response = json.loads(
26 return_response.content)
27 except (JSONDecodeError , TypeError):
28 return_response = {
29 "reasoning": "Failed",
30 "answer": "D"}
31
32 # === ANSWER VALIDATION ===

33 final_answer = return_response.get(
34 "answer", "")
35 if not final_answer:
36 final_answer = "D"
37
38 valid_answers = {"A", "B", "C", "D"}
39 if final_answer not in valid_answers:
40 # Extract from reasoning text
41 reasoning = return_response.get(
42 "reasoning", "")
43 for opt in valid_answers:
44 if opt.lower() in reasoning.lower():
45 final_answer = opt
46 break
47 else:
48 final_answer = "D"
49
50 # === PATTERN MATCHING ===

51 import re
52 reasoning = return_response.get("reasoning", "")
53 patterns = [r'\bA\b', r'\bB\b', ...]
54 matches = []
55 for pattern in patterns:
56 matches.extend(re.findall(
57 pattern , reasoning , re.IGNORECASE))
58 ... # Frequency analysis
59 if matches:
60 final_answer = most_frequent_option
61
62 # === CONFIDENCE SCORING ===

63 confidence = 0
64 if "step by step" in reasoning.lower():
65 confidence += 1
66 if len(matches) > 0:
67 confidence += len(matches) // 2
68 ... # More scoring logic
69
70 if confidence < 1:
71 final_answer = "D"
72
73 return_response["answer"] = final_answer
74 return return_response� �
New Features:

• Error handling (try-catch)

• Multi-layer validation
• Regex pattern extraction
• Confidence-based fallback

Figure 2: Evolved Solver (Post-Gödel). Orange high-
lights modified parameters, green highlights new func-
tionality.
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