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Abstract

One of the biggest missing capabilities in cur-
rent AI systems is the ability to learn contin-
uously after deployment. Implementing such
continually learning systems have several chal-
lenges, one of which is the large memory re-
quirement of gradient-based algorithms that are
used to train state-of-the-art LLMs. Evolution-
ary Strategies (ES) have recently re-emerged as
a gradient-free alternative to traditional learn-
ing algorithms and have shown encouraging
performance on specific tasks in LLMs. In this
paper, we perform a comprehensive analysis
of ES and specifically evaluate its forgetting
curves when training for an increasing number
of update steps. We first find that ES is able to
reach performance numbers close to GRPO for
math and reasoning tasks with a comparable
compute budget. However, and most impor-
tantly for continual learning, the performance
gains in ES is accompanied by significant
forgetting of prior abilities, limiting its ap-
plicability for training models online. We
also explore the reason behind this behavior
and show that the updates made using ES are
much less sparse and have orders of magni-
tude larger ℓ2 norm compared to correspond-
ing GRPO updates, explaining the contrasting
forgetting curves between the two algorithms.
With this study, we aim to highlight the issue
of forgetting in gradient-free algorithms like
ES and hope to inspire future work to mitigate
these issues.

1 Introduction

Despite rapid advances in AI with transformer-
based LLMs (Vaswani et al., 2017; Brown et al.,
2020; DeepSeek-AI et al., 2024), most state-of-the-
art systems remain static after training and lack the
ability to learn continually during deployment. In
many real-world settings, models need to adapt to
new tasks, user preferences, or data distributions

*Equal contribution.

to perform optimally. While modern chatbots like
ChatGPT do this by taking notes in the form of
user memory (OpenAI, 2024) and use in-context
learning (Brown et al., 2020) to incorporate this
information, we currently lack solutions that can
achieve this by modifying the model weights dur-
ing deployment. One of the reasons that makes this
challenging is that current post-training and adap-
tation methods for LLMs are exclusively gradient-
based, including approaches such as SFT (Wei
et al., 2022), RLHF (Ouyang et al., 2022), DPO
(Rafailov et al., 2024), and GRPO (Shao et al.,
2024). While effective, these methods require stor-
ing gradients, optimizer states, or intermediate acti-
vations, causing substantial memory overhead.

Evolutionary Strategies (ES) (Qiu et al., 2025;
Korotyshova et al., 2025) have recently re-emerged
as a gradient-free alternative for optimizing LLMs.
By estimating updates through population-level per-
turbations rather than backpropagation, ES avoids
explicit gradient storage and can significantly re-
duce memory requirements during deployment.
Qiu et al. (2025) have shown that ES achieves com-
parable performance to GRPO on the Countdown
task (Pan, 2026), presenting ES as a viable candi-
date for continual learning in LLMs. However, a
more comprehensive analysis on task generaliza-
tion was missing in their work. More importantly
from the perspective of continual learning, Qiu
et al. (2025) do not evaluate the extent to which ES
preserves existing capabilities while learning new
tasks.

In this work, we present a comprehensive empir-
ical analysis of ES for fine-tuning LLMs, with a fo-
cus on continual learning and forgetting. We com-
pare ES against GRPO on multiple math and rea-
soning benchmarks and evaluate forgetting curves
over many update steps. Our results confirm that
ES is able to reach performance levels comparable
to GRPO on a large suite of tasks; however, con-
trary to results reported in Qiu et al. (2025), we find
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that GRPO still dominates ES marginally on almost
all tasks. Additionally, we show that training LLMs
using ES leads to significant model degradation and
forgetting of existing abilities when compared to
GRPO. To better understand this behavior, we ana-
lyze the structure of parameter updates produced
by ES and compare them to those obtained using
GRPO. We find that ES updates are significantly
less sparse and exhibit much larger ℓ2 norms, lead-
ing to more global parameter changes that interfere
with previously learned capabilities.

Our findings highlight that although ES presents
a tempting memory-efficient and gradient-free alter-
native to inference-time model adaptation, it is also
accompanied by “catastrophic” forgetting (Kirk-
patrick et al., 2017; Gupta et al., 2024) of prior
abilities of the model. We hope these results can
inspire future advancements in gradient-free algo-
rithms with continual learning and catastrophic for-
getting at the forefront of thought. We also release
our codebase1 and models2 for reference.

To summarize, our work makes the following
contributions:

1. We show that ES is able to reach comparable
performance to GRPO on several math and
reasoning benchmarks with similar number of
update steps.

2. We show that training models using ES causes
significant model degradation when compared
to GRPO, leading to catastrophic fortgetting
of prior abilities.

3. Finally, we also explore the reason behind
catastrophic forgetting in ES and show that
this happens because model updates using ES
are much less sparse when compared to GRPO
with significantly larger ℓ2 norms.

2 Related Work

Evolution Strategies are a class of algorithms that
search for solutions to first-order optimization prob-
lems by randomly modifying population members
to find better performing members (Rechenberg,
1989; Schwefel, 1977; Beyer, 1995). Although im-
plementations such as CMA-ES (Hansen and Oster-
meier, 2001) and natural ES (Wierstra et al., 2011;

1Our codeabase can be found here - https://github.
com/akshat57/es-catastrophic

2Our models can be found here - https:
//huggingface.co/collections/immanuelabdi/
es-at-scale-lead-to-catastrophic-forgetting

Sun et al., 2012) demonstrated success, initial im-
plementations remained in the million-parameter
scale (Such et al., 2018; Risi and Stanley, 2019;
Zhang et al., 2017). However, recent updates have
brought ES up to scale and in competition with
GPRO, leveraging how it is highly parallelizable,
(Salimans et al., 2017), memory efficient (Mal-
ladi et al., 2024; Korotyshova et al., 2025), faster
(Sarkar et al., 2025), robust to sparse reward hori-
zons (Salimans et al., 2017), and can be modified
with LoRA adaptions (Jin et al., 2024; Korotyshova
et al., 2025; Sarkar et al., 2025).

PathNet(Fernando et al., 2017) is closely related
in spirit because it uses evolution in a continual-
learning setting, but it is a hybrid method in which
evolution selects/fixes pathways through a modular
super-network while gradient descent/RL updates
the weights on the active path. This differs from
our setting, where we study modern ES for LLM
fine-tuning in which the evolutionary procedure di-
rectly estimates parameter updates, and we directly
analyze catastrophic forgetting through prior task
retention during continued optimization.

Qiu et al. (2025) recently published a novel im-
plementation of ES and showed that it outperforms
GRPO. However, their study lacked a thorough
analysis of model degradation during continued
training. Additionally, a bulk of their study was fo-
cused on a single dataset. We extend their analysis
to multiple datasets, evaluate model degradation
during fine-tuning and also study the difference in
weight updates in ES when compared to GRPO.

3 Experiments

3.1 ES vs GRPO Comparison

We use the ES implementation of Qiu et al. (2025)
and compare it with the GRPO (Shao et al., 2024)
implementation from the VERL libary (Sheng et al.,
2025). An algorithmic analogy between the ES and
GRPO algorithms can be found in A.1 while imple-
mentations details can be found in A.2. We extend
the analysis of ES and GRPO to three math and
reasoning tasks – GSM8K (Cobbe et al., 2021),
MATH (Hendrycks et al., 2021) and Olympiad-
Bench (He et al., 2024), in addition to the Count-
down dataset which was extensively studied in prior
work (Qiu et al., 2025). We perform this study for
two models: Qwen2.5-1.5B-Instruct (Qwen et al.,
2024) and Llama-3.2-1B-Instruct (Grattafiori et al.,
2024). Following the experimental conditions of
Qiu et al. (2025), we train our models on 200 ex-
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Model Task ES GRPO

Qwen-2.5-1.5B
(Instruct)

Countdown 53.0 56.4
GSM8K 77.4 80.4
MATH 59.1 63.2
OlympiadBench 15.2 18.2

Llama-3.2-1B
(Instruct)

Countdown 15.2 37.6
GSM8K 55.2 53.8
MATH 32.2 35.6
OlympiadBench 5.6 5.9

Table 1: Peak validation accuracy (%) across tasks and
models using previously found optimal hyperparameters.
The same hyperparameters were used across ES runs
and across GRPO runs.

amples from each dataset with identical batch size
and number of rollouts.

The results for comparison between ES and
GRPO for fine-tuning LLMs can be found in Ta-
ble 1. We see that for both models, ES is within
3-4 percentage points of GRPO in terms of task
performance. These results are in contrast to prior
work by Qiu et al. (2025), who claim that ES signif-
icantly outperforms GRPO on the Countdown task.
In our experiments, we see that although ES per-
formance numbers are close to GRPO, GRPO still
outperforms ES for all but the GSM8K dataset with
Llama-3.2-1B model. Therefore, we find different
relative performance trends than those reported in
prior work, which may stem from differences in
GRPO implementations, hyperparameter choices,
or evaluation protocols. We release our codebase
and open source our trained models for reference.

The fact that the performance numbers of ES
are comparable to a state-of-the-art post-training
algorithm like GRPO is very encouraging and es-
tablishes ES as a potential gradient-free alternative
to training LLMs. We also see that for all tasks
except Countdown, ES is able to reach peak per-
formance in similar number of update steps, which
is shown in Figure A3. This makes the compute
requirements of ES also comparable to GRPO.

3.2 ES and Catastrophic Forgetting
While Section 3.1 shows that ES performs compet-
itively with GRPO on various downstream tasks,
a defining factor in the viability of using a fine-
tuning algorithm for continual learning is its rela-
tionship with catastrophic forgetting. We utilized
Qwen2.5-1.5B-Instruct trained on the Countdown
dataset with GRPO and ES to evaluate catastrophic
forgetting. HellaSwag (Zellers et al., 2019) was
used to evaluate LLMs on their prior capabilities.

Figure 1: Pareto front between new task (Countdown)
and old task (HellaSwag) performance across fine-
tuning with ES and GRPO.

Figure 2: Prior task accuracy (%; HellaSwag) vs. train-
ing iteration for ES and GRPO fine-tuning. GRPO-
trained models exhibit stable prior task accuracy across
training iteration, while ES-trained models degrade with
continued fine-tuning.

In an ideal scenario, performance on previous tasks
should be preserved as new capability is gained.
We thus evaluate task performance across each
checkpoint of our trained models.

Figure 1 illustrates the relationship between new-
task performance (Countdown) and prior-task per-
formance (HellaSwag) across fine-tuning iterations.
When training with ES, prior-task performance sys-
tematically deteriorates as fine-tuning proceeds,
even after new-task performance has effectively
converged. This can observed in the convex Pareto
front made by ES in Figure 1. The darker color
dots, which depict early training iterations begin
with a lower “New Task Accuracy”. With enough
training iterations, the increase in “New Task Ac-
curacy” for ES is accompanied by a gradual but
evident decline in “Prior Task Accuracy”. Addition-
ally, ES models reach near-maximum Countdown
performance by approximately 200 iterations, after
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Figure 3: Relationship between Frobenius norm of a
model update and number of training iterations on a
new task. ES-trained models drift several orders of
magnitude more than GRPO-trained models.

which additional training yields negligible gains on
the new task. As shown in Figure 2, despite this
convergence, previous task performance continues
to decline with further iterations, resulting in an
approximately 10% drop relative to the best ob-
served prior-task performance. This pattern indi-
cates that continued ES optimization dispropor-
tionately harms previously acquired capabilities,
rather than trading off against improvements
on the new task.

In contrast, models fine-tuned with GRPO ex-
hibit markedly different behavior. Across the full
range of training iterations, GRPO maintains stable
previous task performance while achieving strong
new task accuracy. This can be seen by the clus-
ter of crosses on the top-right corner of Figure 1.
This suggests that GRPO avoids the destructive
interference observed with ES. This property of
GRPO has also been observed in prior work (Shen-
feld et al., 2025).

Therefore, we see that although ES-trained mod-
els can be competitive to GRPO, they do so at the
cost of severe catastrophic forgetting. Notably, this
forgetting occurs within a single fine-tuning run
rather than across sequential tasks, highlighting
a fundamental instability in ES-based continual
adaptation. These results suggest that ES is poorly
suited for scenarios requiring task generalization
or reuse of previously learned capabilities, whereas
GRPO provides a substantially more stable fine-
tuning regime.

Figure 4: Layerwise sparsity of parameter updates dur-
ing fine-tuning (higher indicates more sparse updates).
ES exhibits broadly distributed, dense updates across
components, whereas GRPO updates are overall highly
sparse across LLM parameter groups, consistent with
more targeted parameter changes.

3.3 Dissecting ES Updates: Norm and
Sparsity

In this section, we seek to determine the character-
istics of fine-tuning with ES that cause catastrophic
forgetting. We do this by analyzing two features:
the update norm and sparsity.

Norm. Here we investigate norm growth of the
updated matrix as a function of number of updates
with ES and GRPO. We measure the Frobenius
norm between model checkpoints within a training
run. We do this for the Qwen2.5-1.5B-Instruct
model trained on the Countdown dataset.

The results are shown in Figure 3. The Frobenius
norm increases monotonically with the number of
training iterations for ES-trained models. A simi-
lar trend is also present for GRPO-trained models
(Figure A2); however, the key distinction lies in
scale. After just 500 training iteration, the Frobe-
nius norm of the ES-trained model relative to the
base model is three orders of magnitude larger than
the GRPO-trained model. When combined with
what we learn from Figure 2, we see a clear associ-
ation between the large increases in ES Frobenius
norm and a decline in prior task accuracy. Thus,
ES updates have significantly higher ℓ2 norm
difference, causing orders or magnitiude larger
parameter-shifts compared to GRPO.

Sparsity. Each update in ES is constructed from
high-variance, global perturbations applied across
all parameters, which may affect a large number
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of stored parameters uniformly. In contrast, it is
known that GRPO applies much sparser and tar-
geted updates via backpropagation, limiting the
extent of unintended parameter drift (Mukherjee
et al., 2025). To check the difference in the num-
ber of parameters affected by these algorithms, we
evaluate the update sparsity in ES when compared
to GRPO.

We analyze Qwen2.5-1.5B-Instruct trained on
the Countdown task with both GRPO and ES. We
analyze the difference between a base model check-
point and its corresponding fine-tuned checkpoint.
For each shared parameter tensor, we compute the
update ∆W = Wnew −Wbase. Following prior
work (Mukherjee et al., 2025), we define sparsity as
the percentage of elements whose absolute magni-
tude is below a fixed threshold (τ = 10−4). There-
fore, higher sparsity values mean a larger num-
ber of parameters are below this threshold, which
means that the updates are more sparse. Parameters
are grouped by architectural component, including
attention projections (Q,K, V ), the attention out-
put projection (WO), MLP layers and LayerNorms.
Updates are further aggregated by transformer layer
index to obtain layerwise sparsity profiles.

The results are shown in Figure 4. ES updates
are substantially less sparse across layers and
parameter groups when compared to GRPO.
The sparsity levels for GRPO updates across all
parameter types and layers are close to 95%, which
means updates are concentrated around a very
small number of parameters. However, the updates
using ES have very low sparsity levels, showing
that a much larger number of parameters are per-
turbed when fine-tuning with ES. The most sparse
updates in ES appear for LayerNorm; however it
also contains the least (and neglible) number of
parameters compared to other parts of the model.
Other layer updates, irrespective of model depth,
are highly dense in ES-trained models.

Therefore, GRPO exhibits structured and com-
paratively sparse updates, aligning with the hypoth-
esis that gradient-based optimization concentrates
changes in task-relevant subspaces and mitigates in-
terference with prior capabilities. When combined
with KL regularization, these mechanisms provide
a natural safeguard against large-scale parameter
drift and, consequently, catastrophic forgetting. In
contrast, we see that updates using ES have orders
of magnitude larger norms and are much less sparse
compared to GRPO. The lack of sparsity and large
update norms in ES drifts the fine-tuned model fur-

ther away from the base model, potentially leading
to the catastrophic forgetting behavior observed in
previous sections.

4 Conclusion

We perform an empirical analysis of Evolution-
ary Strategies for fine-tuning LLMs based on re-
cent work (Qiu et al., 2025) and show that it per-
forms competetively with GRPO. Although, a crit-
ical roadblock still persists: we observe that ES
exhibits significant catastrophic forgetting and
progressively deteriorates performance on prior
skills of the model. We show that this happens be-
cause ES updates have large norms and low sparsity
levels (more dense), resulting in parameter drifts
that are 1000x higher in magnitude than drifts ob-
served with GRPO for the same number of update
steps. These results imply that although recent
progress in ES has bridged performance gap with
state-of-the-art learning algorithms like GRPO, its
intense model degradation still remains a challenge
before its widespread adoption.

Limitations

ES has an inherent randomness associated with the
updates due to the nature of the algorithm. Con-
sequently, models trained with ES exhibit high
variance in stochastic perturbations. Although we
observed consistent qualitative trends across the
settings we tested, where we worked with a popu-
lation size of 30 as suggested in prior work (Qiu
et al., 2025), increasing population size will de-
crease the variance and increase statistical stability
of our performance numbers.

Our analysis has several limitations that con-
strain the generalizability of our findings. First,
we assess catastrophic forgetting by tracking per-
formance on a single prior task during continued
fine-tuning on Countdown. While this provides
a useful proxy for retention of a broad capability,
it does not capture the full, multi-faceted nature
of knowledge degradation across tasks. Second,
due to computational constraints, our experiments
are conducted on smaller models than those used
in comparable studies. It is plausible that scaling
effects alter the dynamics of forgetting, and thus
our results may not fully extrapolate to larger mod-
els. Despite these limitations, the observed trends
provide strong evidence for the presence of catas-
trophic forgetting under our training setup.
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A Appendix

A.1 Algorithmic Overview and Analogy
Between ES and GRPO

A.1.1 ES Algorithm Overview
Qiu et al. (2025) implement a version of evolu-
tionary strategies that features these techniques:
weight adjustment in-place with noise generation
from stored random seeds, ranked weight updates,
and learning rate ingestion.

Each update step can be understood through the
following equations.

Each population member at step t has a unique
seed. With noise per iteration ϵn,l ∼ N (0, I),
model parameters for timestep t θt, layer parame-
ters for step t θt,l, reward function R, reward score
for the nth member Rn, z-score for nth member
Zn, and noise coefficient σ, and learning rate α.

Reset random seed generator. Sample noise
ϵn,l ∼ N (0, I). For all layers, perturb in-place:

θt−1,l ← θt−1,l + σ · ϵn,l.

Reward for perturbed model is calculated:

Rn = R(θt−1).

Reset random seed generator. Sample noise
ϵn,l ∼ N (0, I). For all layers, restore in-place:

θt−1,l ← θt−1,l − σ · ϵn,l.

Z-score is calculated per population member:

Zn =
Rn −Rmean

Rstd
,
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Reset random seed generator. Sample noise
ϵn,l ∼ N (0, I). For all layers, update with noise
weighted by z-score and learning rate in-place:

θt,l ← θt−1,l + α · 1
N

Znϵn,l.

where Rmean and Rstd are the mean and standard
deviation of R1, R2, . . . , RN .

A.1.2 GRPO Algorithm Overview
Shao et al. (2024) implement Group Relative Pol-
icy Optimization (GRPO), which eliminates the
critic model by estimating advantages from group
statistics.

For each prompt q, sample a group of G outputs
{o1, o2, . . . , oG} from the current policy πθold .

Compute rewards {r1, r2, . . . , rG} for each out-
put and calculate relative advantages via z-score
normalization:

Ai =
ri −mean({r1, . . . , rG})

std({r1, . . . , rG})
.

The policy πθ is updated by maximizing the
GRPO objective:

ρi(θ) =
πθ(oi | q)
πθold(oi | q)

JGRPO(θ) =
1

G

G∑

i=1

min
(
ρi(θ)Ai,

clip(ρi(θ), 1− ϵ, 1 + ϵ)Ai

)

− β DKL(πθ ∥πref).

To penalize divergence from the reference policy
πref without additional sampling, the KL term is
approximated:

DKL(πθ||πref ) =
πref (oi|q)
πθ(oi|q)

−log πref (oi|q)
πθ(oi|q)

−1.

By replacing the value function with group-
relative rewards, this implementation reduces com-
putational overhead and memory usage compared
to standard PPO.

A.1.3 Analogy Between ES Population Size
and GRPO Rollout Count

Both GRPO and ES rely on creating different re-
sponses and then updating the model parameters
via the fitness of those responses. The following
section describes why the population size in ES

and number of rollouts in GRPO play an analogous
role in controlling parameter updates.

Following the algorithm described by Qiu et al.
(2025), an ES training update comprises of N dif-
ferent seeds used to generate perturbations to the
baseline model, resulting in N different population
members. Each population member is sampled
with temperature at 0 to generate N different re-
sponses, which are evaluated by a reward function
to determine their fitness, which is converted into
a z-score to weight the contribution of that respec-
tive perturbation to the baseline model. Further
explanation can be found in A.1.

Similarly, a GRPO training update samples N
candidate outputs from the current policy, evalu-
ates them to obtain relative reward signals, and
updates the policy via a policy-gradient objective
while constraining deviation from a fixed reference
policy through KL regularization (DeepSeek-AI
et al., 2025). Crucially, although ES simultaneously
maintains multiple different versions of a model
and GRPO maintains one, ES population size and
GRPO number of rollouts both determine the num-
ber of samples used to estimate a stochastic update
and to form a stochastic gradient or gradient-free
estimator that drives the parameter update.

A.2 Implementation Details

Our implementations for both GRPO and ES model
training and analysis is attached to this submission.

A.2.1 GRPO
The GRPO setup in this study is implemented on
the VERL library, which employs the HybridFlow
engine proposed by Sheng et al. (2025). Train-
ing was conducted on NVIDIA RTX A6000 GPUs
and the Fully Sharded Data Parallel (FSDP) pro-
tocol was used to train across GPUs. Across all
experiments, we maintained 30 rollouts for GRPO
to mimic the 30 mutations generated by the origi-
nal ES study by Qiu et al. (2025). To benchmark-
finetuning, we used a batch-size of 200 examples
along with a mini-batch size of 32 examples. A
KL-Loss coefficient of β = 0.001 was used. The
trainer was set to run for a total of 500 epochs, al-
though once the validation accuracy appeared to
plateau, we stopped training prematurely.

A.2.2 ES
We replicated the original author’s implementation
of ES with two improvements: the authors found
that using fp16 instead of bf16 improved validation
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accuracy on certain tasks. Additionally, the applica-
tion of the Qwen chat template to the original task
prompts improved validation accuracy on the exper-
iment replica Countdown task for Qwen2.5-1.5B,
but left model performance on all other regimes
virtually the same. Runs were performed both with
and without the chat template to assess the effect.

A.2.3 Reward functions

For the countdown task, we employ the same re-
ward function used by Qiu et al. (2025), adapted
to fit the VERL API. An answer reward is cal-
culated, which assigns a reward of 1.0 if the
model’s answer uses all numbers once and eval-
uates to the provided target, and 0.0 otherwise.
A separate format score is calculated, which
serves to ensure that the model’s response obeys
an XML-style format with <think>...</think>
thinking tokens first followed by response tokens
<answer>...</answer>. We take a weighted av-
erage of the two rewards to calculate the final re-
ward to assign to the model: Reward = 0.1 ·
Format Reward + 0.9 ·Answer Reward

For the GSM8K, MATH, and OlympiadBench
benchmarks, we employ a rule-based reward func-
tion using a binary evaluation logic. An answer re-
ward is calculated by extracting the model’s conclu-
sion from the final 300 characters of the response
using a regex pattern. The function first identi-
fies the #### [number] format, falling back to
\boxed{...} tags if necessary, and assigns a re-
ward of 1.0 if the extraction matches the ground
truth and 0.0 otherwise.

A.3 Hyperparameter Values

Hyperparameter Value

Population size 30
Noise scale σ 0.001
Learning rate α 0.0005
Max tokens 1024

Table 2: Hyperparameters used for Evolution Strategies
(ES) fine-tuning.

A.4 Additional Experiments

A.4.1 Catastrophic Forgetting and KL

Shenfeld et al. (2025) had previously established
a negative correlation between KL-divergence and
previous task score. We therefore searched whether

this trend also is reflected within ES-trained mod-
els . We first looked at KL-divergence between
the trained and base models A1 on the newly
trained task. While ES-trained models increase
in KL-divergence with subsequent training steps,
this behavior was not consistent when trained with
GRPO. This can be attributed to the explicit KL-
regularization factor in GRPO, preventing continu-
ous drifts from the base model.

The trends for KL divergence and accuracy con-
tinue to diverge when evaluating previously known
tasks A1. ES has a clear negative correlation be-
tween KL-divergence and old task performance.
The KL-divergence between the new and base mod-
els also shows an increase over number of train-
ing iterations in ES. GRPO however continues to
show no association between number of training
steps and KL-divergence, as well as between KL-
divergence and previous task accuracy. Therefore,
KL-divergence is a less reliable indicator of catas-
trophic convergence across GRPO and ES.
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Figure A1: Relationship between KL divergence and task performance. Top row: new-task accuracy (Countdown).
Bottom row: prior-task accuracy (HellaSwag). Training step indicated per sample. ES exhibits increasing KL
accompanied by degradation on the prior task, whereas GRPO maintains stable performance across a broader KL
range.

Figure A2: Log relationship between Frobenius norm
of a model update and number of training iterations on a
new task (Countdown). ES-trained models drift several
orders of magnitude more than GRPO-trained models.
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(a) Qwen-2.5-1.5B (b) LLaMa-3.2-1B
Figure A3: Mean accuracy curves for ES and GRPO runs across across datasets: Countdown, GSM8K, Math,
Olympiad.
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