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1. INTRODUCTION 3. EMPIRICAL STUDIES

The fine-tuning performance of ES is compared with RL baselines on a standard reasoning benchmark, i.e.,
the countdown task. After that, behavioral differences between ES and RL are investigated in fine-tuning
for conciseness, followed by comparisons to more SOTA RL baselines on several math reasoning tasks.
Finally, ES is applied to solve two challenging puzzle problems.

LLM Fine-tuning: Fine-tuning is a standard step  Evolution Strategies (ES):
for adapting pre-trained models to downstream
tasks and aligning be- havior with user preferences.
In practice, reinforcement learning (RL) has become

e Population-based zeroth-order optimization
* Never been applied to billion-parameter space

the pre- dominant choice for this fine-tuning stage. Advantages:
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2. METHOD
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Figure 1: Process of LLM fine-tuning with Evolution Strategies (ES). Given a pretrained LLM with initial parameters 0 Pareto front (black line) models, indicat-
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each iteration, N perturbed models are sampled by adding random Gaussian noise €,, to their parameters. The noise
is i.i.d. in each dimension of the parameter space, and it is scaled by the hyperparameter o. The perturbed models
are evaluated to obtain their reward scores R,,. The final update of the model parameters aggregates the sampled
perturbations by weighting them using their normalized reward scores. The updated model parameters serve as the
base for the next iteration, and the same process repeats.

discovers these solutions without any
KL divergence penalty, suggesting that
it represents a distinctly different fine-
tuning mechanism from the GRPO.

Figure 5: Performance of ES compared to strong, well-established RL
baselines across math reasoning benchmarks. Across all benchmarks, ES
achieved competitive performance. Given the vanilla nature of the current
ES implementation, these results constitute a promising starting point for
ES fine-tuning in math.

Scalability Enhancements: "ES-at-Scale" Library:

4. WHAT’S NEXT

e Open-source, free to use

* Noise retrieval with random seeds , ,
* Inference engine acceleration

— No storage of entire weights e Multi-CPU distributed execution . Bli?[sing of Dimensionality. “ o o Effect of We.ight—space. Rar}dom Walks |
: . — More parameters are easier to optimize - Overcoming forgetting in continuous learning
* Parallel evaluations * Inference-level hardware requirement Extension to Quantized Mode Combinine ES with RI.
— Wall-clock time speed-u o Fasilv adantable t dels /task e Extension to Quantized Models  Combining ES wi
| | P P | asily adaptable to any models/tasks — Handling non-differentiable discrete space — ES for exploration and RL for exploitation
) In—p._ﬂa ce perturbation and restoration * Optimizing Model-level rewards e Dedicated Infrastructure
— Inference-level GPU memory

— Optimizing for metacognitive alignment — Faster inference is all you need

* Decomposed parameter update

ES—-at-Scale

— Significant reduction of peak GPU memory

5. SOURCE CODE & CONTACT

Code: github.com/VsonicV/es-fine-tuning-paper Correspondence: Xin Qiu <qiuxin.nju@gmail.com>



