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Abstract
Recent advances in mathematical reasoning
typically rely on massive scale, yet the question
remains: can strong reasoning capabilities be
induced in small language models (≤ 1.5B) un-
der extreme constraints? We investigate this by
training models on a single A40 GPU (48GB)
for under 24 hours using Reinforcement Learn-
ing with Verifiable Rewards (RLVR) and Low-
Rank Adaptation (LoRA). We find that the suc-
cess of this “micro-budget" regime depends
critically on the interplay between adapter ca-
pacity and model initialization. While low-rank
adapters (r = 8) consistently fail to capture the
complex optimization dynamics of reasoning,
high-rank adapters (r = 256) unlock signif-
icant plasticity in standard instruction-tuned
models. Our best result achieved an impressive
40.0% Pass@1 on AIME 24 (an 11.1% abso-
lute improvement over baseline) and pushed
Pass@16 to 70.0%, demonstrating robust ex-
ploration capabilities. However, this plasticity
is not universal: while instruction-tuned models
utilized the budget to elongate their chain-of-
thought and maximize reward, heavily math-
aligned models suffered performance collapse,
suggesting that noisy, low-budget RL updates
can act as destructive interference for models
already residing near a task-specific optimum.

1 Introduction

Reasoning tasks—such as mathematical prob-
lem solving, logical inference, and symbolic
manipulation—remain among the most challenging
domains for language models (LLMs). While scal-
ing model size has historically improved reasoning
ability (Wei et al., 2023; OpenAI et al., 2024), re-
cent work suggests that sheer parameter count is
not the only path forward. Methods such as rein-
forcement learning with verifiable rewards (RLVR)
(Shao et al., 2024; Luo et al., 2025) and supervised
fine-tuning on structured reasoning traces (Muen-
nighoff et al., 2025; Ye et al., 2025) have demon-
strated that models can acquire advanced reasoning

capabilities when guided by structured feedback
and verifiable signals. However, the majority of
these advances rely on large-scale models trained
with extensive compute budgets, leaving open the
question: how efficiently can small or mid-sized
models be trained to reason well under tight com-
putational constraints?

Recent studies point toward several promising
directions for “reasoning on a budget”. First, com-
pact instruction-tuned models have shown latent
reasoning potential that can be unlocked with a
small number of high-quality examples—the so-
called LIMO hypothesis (Ye et al., 2025) that fine-
tuning quality matters more than quantity. Second,
Muennighoff et al. demonstrated that with as few
as 1,000 curated problems and careful test-time
control (methods such as “budget forcing”), a 32B
model can match or exceed proprietary systems
in mathematical reasoning. Third, DeepScaleR
extended reinforcement learning to long-context
reasoning, showing that a 1.5B model can surpass
much larger baselines by progressively increasing
reasoning length during RL training (Luo et al.,
2025). Together, these findings highlight a grow-
ing recognition that data curation, reward structure,
and inference compute may be more decisive than
raw scale.

Despite this progress, the literature still lacks a
systematic study of how parameter-efficient fine-
tuning (PEFT) methods interact with RLVR in
small-model settings. Most RL works employ full-
parameter updates, assuming abundant GPU mem-
ory and stable optimization dynamics. In contrast,
parameter-efficient strategies such as Low-Rank
Adaptation (LoRA) (Hu et al., 2021) offer a prac-
tical means to explore the trade-off between train-
able capacity and reasoning performance. Recent
work has demonstrated that LoRA can be surpris-
ingly expressive even under tight budgets: Schul-
man and Lab showed that, up to a certain data-
to-parameter ratio, LoRA finetuning can match

493



or exceed full-parameter finetuning, provided the
adapter placement and rank are tuned appropriately.
Similarly, the Tina series of models (Wang et al.,
2025) achieved strong reasoning performance—
reaching over 43% Pass@1 on AIME24—by apply-
ing reinforcement learning with LoRA adapters to
a 1.5B base model, at a fraction of the cost of full-
scale training. These results suggest that low-rank
updates are not merely a compute-saving heuristic
but can, under the right conditions, unlock reason-
ing behavior comparable to much larger or fully
finetuned models.

However, how these dynamics extend to scenar-
ios with extreme computational constraints remains
an open question. Our work investigates the limits
of reasoning optimization under a strict “micro-
budget”: a single A40 GPU (48GB) restricted to
24 hours of training (equating to approximately
7.2 USD1). Under such tight constraints, where
models may undergo fewer than 300 update steps,
the interaction between the base model’s initial-
ization and the LoRA adapter’s capacity becomes
critical. We explore this across a diverse set of
small language models (≤ 1.5B), including general
instruction-tuned models, including those special-
ized for math and intensive reasoning. By varying
LoRA ranks (r ∈ {8, 64, 256}) within an RLVR
framework using Group Relative Policy Optimiza-
tion (GRPO), we test whether high-rank adapters
can induce plasticity in small models even with
minimal compute.

Our results reveal a stark dichotomy in how
models respond to cheap post-training. We find
that generalist instruction-tuned models (and even
the RL-tuned DeepScaleR) exhibit high plastic-
ity: when equipped with high-rank adapters (r =
256), they rapidly learn to elongate their reasoning
chains and maximize reward, significantly boosting
performance on benchmarks like MATH500 and
AIME24. In contrast, heavily specialized models
like Qwen2.5-Math-1.5B and Qwen3-0.6B display
rigidity: the noisy, low-budget RL updates act as
destructive interference, causing performance col-
lapse rather than refinement. Ultimately, we pro-
pose that the most efficient path to reasoning on
a budget is not to refine experts, but to catalyze
generalists with high-rank adaptation.

1As per vast.ai—just a bit more than a cup of coffee

2 Methodology

To investigate the limits of reasoning optimiza-
tion under strict compute constraints, we adopted a
parameter-efficient reinforcement learning frame-
work. All experiments were conducted on a single
NVIDIA A40 GPU (48GB VRAM) with a strict
24-hour training cutoff.

2.1 Models

We selected a diverse set of small language mod-
els (≤ 1.5B parameters) to evaluate how differ-
ent initialization strategies affect plasticity under
low-budget RL. Our selection spans three cate-
gories: models like (1) Qwen2.5-1.5B-Instruct
and (2) Llama-3.2-1B-Instruct possessing broad
knowledge but lacking specific reasoning optimiza-
tion; models like (3) Qwen2.5-Math-1.5B and (4)
Qwen3-0.6B with extensive pre-training or align-
ment for mathematics; and an RL-optimized bench-
mark like (5) DeepScaleR-1.5B-Preview to test
whether "cheap" RL can further refine an already
optimized policy.

2.2 Datasets

We utilized the Open-RS dataset (Dang and Ngo,
2025), a collection of 7000 reasoning prob-
lems containing diverse mathematical and logical
queries.

For evaluation, we tracked model validation per-
formance during training with MATH500 and then
did a final evaluation with the best rank/checkpoint
on AIME24/25 and AMC23 which are competition-
level math problems.

2.3 Training Procedure

We implemented our training pipeline using the
verl framework (Sheng et al., 2025).

Fine-tuning with LoRA. Given the 48GB mem-
ory constraint, full-parameter fine-tuning was infea-
sible. We utilized Low-Rank Adaptation (LoRA)
(Hu et al., 2021), which freezes the pre-trained
weights W and injects trainable rank decomposi-
tion matrices A and B, such that W ′ = W +BA,
where A ∈ Rr×d, B ∈ Rd×r (see Figure 1). We
swept the rank r ∈ {8, 64, 256} to test the hypoth-
esis that higher ranks are necessary to capture the
complex gradient updates of RLVR.

RLVR with GRPO. We employed Group Rel-
ative Policy Optimization (GRPO) (Shao et al.,
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Figure 1: Low-Rank Adaptation (LoRA) mechanism. By optimizing only the low-rank matrices A and B, we
significantly reduce memory usage while retaining the ability to learn task-specific features.

2024), a policy gradient method designed for ef-
ficiency. Unlike PPO, which requires a memory-
intensive value network, GRPO estimates the base-
line from a group of k sampled outputs for the same
prompt.

• Rollouts: We used a group size of k = 8 to
fit within the A40’s memory.

• Token Limit: Following the configuration
in Wang et al., we capped the maximum re-
sponse length at 3584 tokens to encourage the
generation of detailed chain-of-thought rea-
soning without exceeding context windows.
Note that this is much smaller than what other
works like Luo et al. use.

Reward Structure. We utilized a deterministic,
verifiable reward function Rtotal:

Rtotal = 0.2 ·Rformat +Raccuracy

where Rformat provides a small shaping signal for
adhering to the <think>...</think> structure,
and Raccuracy is a binary reward (+1) awarded
solely if the final boxed answer matches the ground
truth.

3 Experimental Results

We analyze the training dynamics and final perfor-
mance of the five models to characterize the behav-
ior of RLVR under strict compute constraints.

3.1 Evolution of Training Reward
We first examine the ability of different models to
optimize the verifiable reward signal (correctness
+ format) within the 24-hour budget. As shown
in Figure 2, a clear distinction emerges based on
adapter rank:

• Generalist Plasticity: Qwen2.5-1.5B-
Instruct and DeepScaleR-1.5B exhibit
(almost) monotonic reward growth at high
ranks (r = 256) compared to lower ones.
The high-rank adapters provide sufficient
capacity to internalize the RL signal, aligning
with what Schulman and Lab found. Even
for a model like Llama that isn’t suited for
reasoning, it too benefits hugely from this
cheap training scheme, going from near-zero
to double digits in the train reward.

• Specialist Instability: Qwen2.5-Math-1.5B
shows significant instability at high ranks.
Rather than converging, the reward signal fluc-
tuates and degrades, suggesting the updates
are conflicting with the model’s pre-optimized
manifold. An even more concerning result
is how Qwen3-0.6B borderline collapses at
higher rank updates, an exaggerated case of
the previous model.

3.2 Validation Performance (MATH500)

To ensure the reward optimization translates to ac-
tual reasoning capability, we tracked Zero-Shot
Pass@1 on the MATH500 benchmark throughout
training. Figure 3 confirms the "damage vs. help"
trade-off:

• The Learners: DeepScaleR-1.5B (r = 256)
and Qwen2.5-1.5B-Instruct (r = 256) show
strong, consistent gains in validation accu-
racy. The gains in the former model are much
higher than that of the latter, and we attribute
this to the former adjusting moreso to the re-
ward function as compared to learning new

495



0 50 100 150 200 250 300 350
Step

0.06

0.08

0.10

0.12

0.14

0.16

0.18

0.20

M
ea

n 
Re

wa
rd

LoRA 256
LoRA 64
LoRA 8

(a) Qwen2.5-1.5B-Instruct

0 20 40 60 80 100 120 140 160
Step

0.200

0.225

0.250

0.275

0.300

0.325

0.350

0.375

M
ea

n 
Re

wa
rd

LoRA 256
LoRA 64
LoRA 8

(b) DeepScaleR-1.5B
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(c) Llama-3.2-1B
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(d) Qwen2.5-Math-1.5B
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Figure 2: Evolution of Mean Reward. High-rank adapters (r = 256, blue lines) drive consistent learning for
generalist models (Top Row), whereas models that underwent less conventional training (Bottom Row) struggle to
optimize the reward signal.

reasoning abilities, which is likely happening
in the latter.

• The Collapse: Qwen2.5-Math-1.5B suffers a
sharp performance crash at Rank 256. The
RL updates actively harmed its ability to
solve math problems compared to its initial-
ization. Another similar pattern is observed
with Qwen3-0.6B. It is important to note here
that the higher rank updates may lead to a col-
lapse, but the lower rank updates mostly allow
the model to stay stagnant.

3.3 Evolution of Response Length

We analyzed the average response length (number
of generated tokens) to understand the mechanism
behind the performance gains. As seen in Figure 4,
plasticity relates well with actual test-time-compute
albeit not having a consistent pattern:

• Expansion: Llama-3.2-1B and Qwen2.5-
1.5B-Instruct demonstrated active exploration
by elongating their reasoning chains. Notably,
Llama-3.2-1B nearly doubled its response
length from ∼700 to over 1,200 tokens. Deep-
ScaleR, while already starting with a long
context (∼3,150 tokens) may have learned
conciseness in reasoning owing to the limited
token budget compared to its previous post-
training runs.

• Contraction: In contrast, the failing or sat-
urated models (Qwen3-0.6B and Qwen2.5-
Math-1.5B) reverted to shorter or unstable re-
sponses. Qwen3-0.6B, for instance, saw its
response length contract, correlating with its
inability to improve validation performance.

3.4 Evaluation
To assess whether the training gains observed on
MATH500 translate to robust generalization, we
evaluated the final checkpoints on three held-out
competition benchmarks: AMC 23, AIME 24, and
AIME 25. We report Zero-Shot Pass@1, as well
as Pass@8 and Pass@16 to gauge the models’ con-
sistency.

Benchmark Performance. As detailed in Table
1, the impact of low-budget RLVR varies dramati-
cally across model families:

• DeepScaleR-1.5B shows the greatest im-
provement over all benchmarks in all Pass@k
estimates. It showed significant gains over
its baseline and serves as evidence that LoRA
finetuning for a capable instruction-finetuned
base can be very effective.

• Qwen2.5-Math-1.5B and Qwen3-0.6B show
improvements in some benchmarks, albeit
there is no consistent pattern. Interestingly we
can note how the Pass@8 and Pass@16 are
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(b) DeepScaleR-1.5B
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(c) Llama-3.2-1B
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(d) Qwen2.5-Math-1.5B
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Figure 3: Validation Accuracy on MATH500. Successful models (Top Row) show correlation between training
reward and validation score. Qwen-Math (Bottom Center) exhibits "specialist collapse" at high ranks.

more likely to improve than Pass@1, point-
ing to how the latent reasoning abilities are
still improving. We can also recall that the
validation scores on MATH500 collapsed for
higher ranks, but mostly stayed stagnant for
lower ranks which is reflected in these mea-
sures. This backs up one of our hypothe-
ses surrounding cheap noisy RL updates dis-
rupting the fragile manifold of heavily pre-
optimized models (be it for solving math prob-
lems or reasoning, respectively). They would
likely require many more training steps.

• Qwen2.5-1.5B-Instruct and Llama-3.2-1B
did not really show any changes from the
baseline when it came to these much harder
problems even though we saw decent gains in
MATH500 scores. Unlike the aforementioned
collapse, these models showed minor fluctua-
tions or stagnancy, suggesting that while they
possess plasticity, they may require a longer
"warm-up" period or more data than the 24-
hour budget allowed to bridge the gap to ex-
pert reasoning. This may stem from how a
benchmark like MATH500 is much easier than
soemthing like AIME24 and hence reflects
marginal improvements in reasoning ability
better.

3.5 Entropy Dynamics and Policy Divergence
To understand the mechanism of adaptation under
strict compute constraints, we additionally analyze
the evolution of the model’s policy entropy through-
out training. We define the mean token-level en-
tropy H(π) for a response sequence y given prompt
x as:

H(π) = − 1

T

T∑

t=1

∑

v∈V
π(v|x, y<t) log π(v|x, y<t)

(1)
Recent theoretical work suggests that reinforce-
ment learning acts as an entropy regulation mecha-
nism, where the model trades policy entropy (un-
certainty) for higher expected reward (Cui et al.,
2025). We track the relative change in this metric
to quantify how far the fine-tuned policy diverges
from its initialization, as show in Table 2.

Rank-Dependent Capacity. We observe that the
magnitude of policy divergence is heavily influ-
enced by adapter rank. Across all architectures,
models trained with rank r = 256 exhibited rela-
tive entropy shifts up to 3x larger than those with
r = 8. This confirms that low-rank constraints me-
chanically limit the policy’s ability to deviate from
the pre-trained manifold, effectively anchoring the
model to its initialization regardless of the gradient
signal.
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(b) DeepScaleR-1.5B
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(c) Llama-3.2-1B
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(d) Qwen2.5-Math-1.5B
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Figure 4: Evolution of Response Length. Plastic models (Top Row) dynamically increased their context usage
(“thinking") to maximize reward. Rigid models (Bottom Row) failed to adapt or suffered length collapse.

Divergence vs. Directed Exploration. How-
ever, high policy divergence is a necessary but
insufficient condition for performance capability.
Both DeepScaleR-1.5B and Llama-3.2-1B exhib-
ited significant entropy volatility at high ranks,
yet their outcomes diverged. DeepScaleR-1.5B
utilized this capacity to explore valid reasoning
paths (increasing Pass@16), whereas Llama-3.2-
1B, lacking strong reasoning priors, drifted stochas-
tically without converging on high-reward regions.

Optimization Collapse in Aligned Models. For
models that are already heavily optimized for the
target task (e.g., Qwen2.5-Math-1.5B), high-rank
updates acted as destructive interference. Instead of
refining the policy, the noisy RL gradients caused
a sharp reduction in entropy (mode collapse). The
model effectively retreated to low-entropy, safety-
seeking behaviors (such as short responses) rather
than exploring the solution space, leading to per-
formance degradation.

4 Discussion & Future Work

The Latent Reasoning Gap & Entropy Disso-
ciation. We find that the delta between Pass@1
and Pass@16 acts as a critical feasibility signal
for RLVR. A large gap (e.g., DeepScaleR-1.5B-

Preview’s 40% vs. 70%) indicates "latent" capabil-
ity that GRPO can effectively bootstrap. This obser-
vation complicates recent findings on the “Entropy
Mechanism" (Cui et al., 2025), which posit that
performance improvements strictly trade off with
policy entropy. While valid for capable models,
our results with Llama-3.2-1B-Instruct challenge
this universality: the model exhibited significant
entropy reduction (collapse) without corresponding
performance gains. This suggests that for models
with weak reasoning priors, entropy reduction may
signal a regression into simple convergent behav-
iors rather than optimization, dissociating the link
between certainty and correctness as observed in
contemporary works on stronger reasoning models.

The “Warm-Start" Hypothesis. Our results re-
inforce the “LIMA hypothesis" (Zhou et al., 2023)
within an RL context: RLVR acts primarily as an
alignment mechanism to expose latent knowledge,
rather than a pedagogical tool to teach new theo-
rems. Llama-3.2-1B-Instruct’s failure suggests a
“Cold Start" problem where random exploration
cannot bridge the gap to the first non-zero re-
ward. We posit that RLVR is most cost-effective
when applied to "warm" models—those already
seeded with reasoning behaviors via pre-training
or SFT—allowing the optimizer to focus on uti-
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Table 1: Comparison of Baseline vs. Final (LoRA) performance. Bold values indicate improvement over the
baseline.

Model Config AIME 24 (%) AIME 25 (%) AMC 23 (%)
@1 @8 @16 @1 @8 @16 @1 @8 @16

DeepScaleR-1.5B-Preview
Baseline 28.9 53.6 62.5 17.7 35.8 45.2 58.8 87.5 92.2
Final 40.0 68.0 70.0 28.1 50.2 56.7 79.2 96.0 97.5

Qwen2.5-Instruct-1.5B
Baseline 2.5 10.0 16.7 0.6 4.2 6.7 24.2 57.7 65.0
Final 2.5 10.0 16.6 0.6 4.2 6.7 24.2 57.6 65.0

Llama-3.2-1B
Baseline 1.0 7.6 13.3 0.2 1.7 3.3 10.6 34.8 50.0
Final 1.0 7.6 13.3 0.2 1.7 3.3 10.6 34.7 50.0

Qwen2.5-Math-1.5B
Baseline 3.8 10.6 13.3 2.5 14.0 20.0 22.2 59.7 72.5
Final 4.8 15.1 20.0 2.9 14.4 20.0 18.9 62.1 77.5

Qwen3-0.6B
Baseline 9.4 28.4 36.7 14.0 31.3 36.7 46.9 78.2 85.0
Final 8.5 28.5 36.7 14.6 31.9 36.7 48.3 77.0 82.5

Table 2: Relative Change in Policy Entropy (%) by
Rank. High-rank adapters (r = 256) drive massive
entropy shifts compared to r = 8.

Model Relative Entropy Change (∆Hrel)

Rank 8 Rank 64 Rank 256

DeepScaleR-1.5B -6.7 -2.7 -27.0
Llama-3.2-1B -13.7 -67.9 -92.5
Qwen2.5-1.5B-Instruct -5.5 -62.1 -60.1
Qwen2.5-Math-1.5B +37.7 -3.8 -31.7
Qwen3-0.6B -2.0 -11.0 -61.5

lizing the latent space rather than constructing it.
Future work should investigate brief SFT phases as
a warm-up for reasoning“Reasoning Warm-up" to
prime off-the-shelf models before RLVR.

Algorithmic Constraints & Policy Deviations.
The "rigidity" observed in Qwen2.5-Math-1.5B
suggests that the conservative trust-region con-
straints of standard PPO/GRPO may be counter-
productive when fine-tuning specialists with noisy,
micro-budget updates. We hypothesize that al-
gorithms which relax the aggressive clipping of
the policy gradient—such as Dr. GRPO (Liu
et al., 2025) or DAPO/CLIP-Higher (Yu et al.,
2025)—could allow the policy to deviate suffi-
ciently from its local optimum to discover more ro-
bust reasoning paths. By permitting larger distinct
updates, these methods might prevent the mode
collapse we observed in specialists, provided the
reward signal remains verifiable.

Scaling Laws of High-Rank Adaptation. Fi-
nally, our success with high-rank LoRA (r = 256)

on DeepScaleR-1.5B-Preview suggests a scalable
paradigm for reasoning alignment: treating high-
rank adapters as a cost-effective alternative to full-
parameter fine-tuning. If RLVR is largely about
surface-level alignment of latent reasoning (as seen
in DeepSeek-R1), then massive full-parameter up-
dates may be redundant. Future work should ex-
tend this study to larger scales, comparing high-
rank LoRA against full-finetuning over extended
epochs to determine if the “plasticity" provided
by r = 256 is sufficient to replicate the gains of
full-scale training at a fraction of the GPU-hour
cost.

5 Conclusion

Our investigation into reasoning alignment un-
der strict compute constraints reveals that high-
performance mathematical reasoning is attainable
on a “micro-budget", provided the alignment strat-
egy matches the model’s initialization. We demon-
strate that plasticity is the governing resource:
generalist models like Qwen2.5-1.5B-Instruct and
DeepScaleR-1.5B possess the latent capacity to ac-
tively explore and internalize reasoning behaviors
when empowered by high-rank adapters (r = 256),
enabling DeepScaleR to achieve a state-of-the-art
40.0% Pass@1 on AIME 24. Conversely, the rigid-
ity of heavily optimized models like Qwen2.5-
Math renders them vulnerable to the noisy updates
of low-budget RL, leading to performance collapse.
Ultimately, we propose that the most efficient path
to democratizing reasoning is not to incrementally
refine experts, but to catalyze generalists—using
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high-rank adaptation to unlock the latent reason-
ing capabilities already present in their pre-trained
manifolds.

Limitations

Our study was designed to probe the feasibility of
reasoning alignment under extreme constraints, and
as such, several limitations apply to our findings:

• Model Scale: Due to the single-GPU mem-
ory constraint (48GB), our investigation was
restricted to small language models (≤ 1.5B
parameters). It remains verifying whether the
“plasticity vs. rigidity" trade-off we observed
holds for larger architectures (e.g. 7B,8B,32B
models), which often possess more robust in-
ternal representations and might be more re-
silient to noisy LoRA updates.

• Hyperparameter Scope: The strict 24-hour
compute budget precluded a comprehensive
grid search. We utilized fixed values for criti-
cal hyperparameters such as learning rate and
LoRA alpha across all runs. It is possible that
the “collapse" observed in some models could
be mitigated with a more conservative learn-
ing rate or a tuned alpha/rank ratio, rather than
being an intrinsic failure of the method itself.

• Training Duration: We limited training to a
maximum of 24 hours (∼300 update steps).
While sufficient to observe divergence in plas-
ticity, this window may be too short for "slow-
learning" generalist models to fully converge.
Longer training horizons might reveal that
models like Llama-3.2-1B eventually over-
come the "cold start" problem given enough
exploration time.

• Single-Seed Stochasticity: Finally, due to
resource limitations, each experimental con-
figuration was conducted with a single ran-
dom seed. Given the inherent high variance
of reinforcement learning—particularly with
the GRPO estimator—our results may be in-
fluenced by initialization noise. Future work
with greater resources should employ multi-
seed averaging to report confidence intervals
and ensure statistical significance.
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