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Abstract

Adaptive rank allocation for LORA—
allocating more parameters to important layers
and fewer to unimportant ones—consistently
improves efficiency under supervised fine-
tuning (SFT). We test whether this success
transfers to reinforcement learning, specifically
Group Relative Policy Optimization (GRPO).
Using gradient-magnitude profiling on
Qwen 2.5 1.5B with GSM8K, we find that,
in our setting, it does not: proportional rank
allocation degrades accuracy by 4.5 points
compared to uniform allocation (70.0% vs.
74.5%), despite using identical parameter
budgets. We identify two mechanisms behind
this failure. First, the gradient landscape under
GRPO is fundamentally flatter than under
SFT—the max-to-min layer importance ratio
is only 2.17×, whereas the layer concentration
reported by Shi et al. (2024) for SFT (top 30%
of layers carrying >80% of the gradient signal)
implies a max/min ratio well above 10×. All
layers carry meaningful gradient signal; none
are truly idle. Second, we observe a gradient
amplification effect: non-uniform allocation
widens the importance spread from 2.17× to
3.00×, creating a positive feedback loop where
high-rank layers absorb more gradient while
low-rank layers are progressively silenced.
A random-allocation control yields the same
amplification (r = 0.972 correlation between
assigned rank and resulting gradient share),
indicating that rank causally determines
gradient importance rather than the reverse.
The negative result is single-seed and single-
task; we present it as preliminary evidence
that gradient importance does not predict
capacity requirements under RL, and that naïve
transfer of SFT-era rank allocation strategies
to alignment training should be evaluated
cautiously.

1 Introduction

Parameter-efficient fine-tuning via Low-Rank
Adaptation (Hu et al., 2022) is the standard ap-

proach for adapting large language models. LORA
decomposes weight updates into low-rank matri-
ces ∆W = BA with uniform rank r across all
layers. A line of follow-up work has challenged
this uniform assumption. AdaLoRA (Zhang et al.,
2023) dynamically prunes singular values during
training based on importance scores. GoRA (He
et al., 2025) allocates rank proportionally to gra-
dient–weight products at initialization. Aletheia
(Saket, 2026) selects layers via lightweight gradi-
ent probes. ILA (Shi et al., 2024) shows that only
10–30% of layers carry the bulk of the gradient
signal for alignment under SFT, with the top 30%
carrying >80% of total magnitude. These meth-
ods report meaningful efficiency gains, supporting
the picture that gradient importance correlates
with capacity requirements under supervised
objectives.

A natural question follows: does this correla-
tion hold under reinforcement learning? RL-based
alignment methods like GRPO (Shao et al., 2024)
optimize an advantage-weighted policy gradient
with sparse, often binary reward, rather than a
dense per-token cross-entropy loss. Theoretical
work suggests RL gradients concentrate differently
than SFT gradients (Young, 2026), motivating the
hypothesis that rank allocation strategies should
differ.

We report a negative result. In our setting—
Qwen 2.5 1.5B fine-tuned on GSM8K with
GRPO—applying the same gradient-magnitude
profiling and proportional allocation recipe that
helps SFT hurts GRPO accuracy by 4.5 points rel-
ative to uniform allocation at an identical parameter
budget. A random control degrades further, but uni-
form allocation outperforms both. The result is
preliminary (one model, one dataset, single seed,
n = 200 eval), but the mechanism we expose is ro-
bust across our four configurations and we believe
it is worth surfacing.

We make three observations:
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1. Flat gradient landscape. Under GRPO on
this task, layer importance is distributed far
more uniformly than what Shi et al. (2024)
report for SFT (max/min ratio 2.17× vs. an
implied >10×). All layers carry load.

2. Gradient amplification. Non-uniform allo-
cation widens the importance spread from
2.17× to 3.00×. High-rank layers absorb
more gradient; low-rank layers are silenced.
Rank thus causally determines the observed
gradient distribution.

3. Generalization gap. Models train equally
well across allocations (Fig. 2), but the pro-
portional and random configurations fail to
transfer to the held-out test set. The damage
from rank reallocation appears only at evalua-
tion time.

We frame these findings as a case study in why
SFT-era efficiency tricks should not be transferred
to RL without empirical validation.

2 Method

2.1 GRPO with LoRA

GRPO generates K completions per prompt, com-
putes rewards, and normalizes advantages within
the group:

Âi =
ri − µgroup

σgroup
(1)

Combined with LORA, gradients flow only
through the adapter parameters B(l), A(l) at each
layer l.

2.2 Reward Sensitivity Profiling

We define the reward sensitivity score for layer l
as the mean over T training steps of the summed
adapter gradient norm:

S(l) =
1

T

T∑

t=1

∑

m∈M(l)

∥∥∥∇
θ
(l)
m
Lt

∥∥∥
2

(2)

where M(l) is the set of target modules at layer
l (q/k/v/o/up/down/gate projections). Equation 2
aggregates over modules within a layer; the per-
module decomposition we use later for the attention
vs. FFN analysis (§3.5) is computed separately and
reported in Appendix A.

2.3 Rank Allocation

Given a total rank budget Rtotal = L × runiform,
we first normalize the sensitivity score, ŝ(l) =
S(l)/

∑
l′ S(l

′), and then allocate per-layer rank

r(l) = clip
(
round(ŝ(l) ·Rtotal), rmin, rmax

)
(3)

with rmin = 4, rmax = 64, rounded to multiples of
4. As a control we also evaluate random allocation:
a permutation of the proportional rank vector across
layers, removing any link to S(l) while preserving
the rank distribution and budget. A reduced 70%
variant scales the proportional vector to 70% of
the uniform budget (r ∈ [12, 31], 25.8M trainable
parameters vs. 36.9M for the same-budget condi-
tions) to probe whether smaller models can match
uniform performance.

3 Experiments

3.1 Setup

Model: Qwen/Qwen2.5-1.5B-Instruct (28 trans-
former layers). Dataset: GSM8K (Cobbe
et al., 2021) with structured XML output
(<think>/<answer>). Rewards: Format compli-
ance (1.0 for correctly closed tags) and answer
correctness (1.0 for the correct numerical answer).
LoRA: Applied to all seven projection modules
per layer (196 adapters total). Uniform baseline:
r = 32, giving 36.9M trainable parameters. Across
every configuration we scale the LORA α per
layer as α(l) = 2 r(l), so the effective update scale
α/r = 2 is held constant regardless of the rank
assigned to a layer; the accuracy gaps we report
are therefore not an artifact of varying per-layer ef-
fective learning rates. GRPO: K = 4 generations
per prompt, β = 0.05 KL coefficient, 1000 train-
ing steps, learning rate 10−5, single seed. We run
rollout generation in-process with vLLM (colocate
mode: the policy used for sampling shares GPU
memory with the trainer, avoiding network trans-
fer). Eval: 200 held-out GSM8K test problems;
greedy decoding; Wilson 95% intervals.

3.2 Gradient Landscape Under GRPO

Figure 1 shows the reward sensitivity map under
uniform LORA. We note four properties:

• Flat distribution. Max/min importance ratio
is 2.17× (Layer 15 hottest at 4.68%; Layer 26
coldest at 2.15%). Even the coldest layer car-
ries 46% of the hottest layer’s gradient signal.
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Figure 1: Per-layer adapter gradient magnitude during
GRPO training (1000 steps, 28 layers, uniform r =
32). The distribution is notably flat relative to SFT-era
reports.

Strategy Params Acc. (%) 95% CI

Base (no LoRA) 0 66.0 ±6.6

Uniform (r=32) 36.9M 74.5 ±6.0
Proportional (r=20–40) 36.9M 70.0 ±6.4
Random (r=16–48) 36.9M 67.5 ±6.5

Reduced 70% (r=12–31) 25.8M 65.0 ±6.6

Table 1: GSM8K accuracy under different rank allo-
cations (n=200 test samples; single seed). All “same
budget” methods use total rank 896 (28 × 32). Confi-
dence intervals are Wilson score intervals.

• Middle-layer concentration. Layers 9–
18 carry 43.0% of the gradient, but early
(29.8%) and late (27.2%) layers also remain
meaningful—unlike the SFT picture, where
ILA (Shi et al., 2024) reports >80% concen-
tration in the top 30% of layers.

• Temporal stability. The correlation between
the per-layer importance profile in the first 250
steps and the last 250 steps is 0.962, indicating
stable structural patterns rather than transient
noise.

• Module composition. Attention modules
(q/k/v/o) account for 52.2% of the gradi-
ent signal, FFN modules (up/down/gate) for
47.8%. The up_proj module is the single
most reward-sensitive (21.7%; per-module
breakdown in Appendix A).

3.3 Rank Allocation Results

Table 1 shows our main result: uniform allo-
cation outperforms every non-uniform vari-
ant we tested, including gradient-aware propor-
tional allocation, at the same parameter budget.
Proportional allocation scores 4.5 points below
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Figure 2: Training reward curves are nearly indistin-
guishable across all four configurations (Uniform, Pro-
portional, Random, Reduced 70%); the evaluation gap
in Table 1 emerges only on the held-out set.
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Figure 3: Normalized layer importance under uniform
vs. proportional allocation. Non-uniform allocation am-
plifies the original importance spread from 2.17× to
3.00×.

uniform. Random allocation scores even lower
(67.5%). Reduced-budget allocation falls below
the untrained base model. The confidence intervals
overlap, so we treat the magnitudes as suggestive
rather than statistically decisive (see Limitations).

Two observations stand out. First, gradient-
aware proportional allocation outperforms ran-
dom allocation (70.0% vs. 67.5%), so the impor-
tance signal is not noise—it identifies layers that
matter. Yet both lose to uniform, so the signal,
while directionally correct, is not actionable as
a rank allocator under GRPO. Second, training
reward curves are nearly identical across all four
configurations (Fig. 2): correctness reward reaches
0.74–0.77 for every method by step 1000. The
performance gap appears only at evaluation, sug-
gesting that rank reallocation harms generalization
rather than training dynamics.

3.4 The Gradient Amplification Effect
We profile gradients during all training runs, not
just the uniform baseline. Figure 3 reveals a strik-
ing effect: the gradient importance spread widens
under non-uniform allocation.
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• Uniform: max/min ratio 2.17×.

• Proportional (same budget): 3.00× (+38%).

• Reduced 70%: 3.57× (+64%).

Layers given higher rank (e.g. Layer 18: r = 40)
see their gradient share increase from 4.53% to
5.12%. Conversely, layers given lower rank (e.g.
Layer 24: r = 20) see their share decrease from
2.23% to 1.71%. The allocation creates a positive
feedback loop: more capacity → more gradient →
appears even more “important”.

Critically, this effect is causal, not correla-
tive. The random allocation experiment—where
ranks are deliberately decoupled from gradient
importance—shows the same amplification. The
correlation between assigned rank and resulting
gradient share is 0.972 for random and 0.946 for
proportional. Under random allocation, Layer 1
(normally 3.09% of gradient) receives r = 48 and
jumps to 4.21%; Layer 10 (normally 3.93%) re-
ceives r = 16 and drops to 2.85%. Rank deter-
mines gradient importance, not the other way
around.

This has a methodological consequence: gradi-
ent profiling under one allocation cannot reliably
inform a different allocation. The “profile then re-
train” paradigm common in SFT-era adaptive-rank
methods is unstable for GRPO, at least at this scale.
One natural concern is whether the effect is trivially
explained by more parameters yielding larger ag-
gregate gradient norms. Equation 2 aggregates gra-
dient norms within a layer, so larger layers can me-
chanically produce larger S(l). However, the same
amplification persists when restricted to individual
modules at identical dimensions (e.g. q_proj at
1536× 1536 across all layers; Appendix A), so it
is not purely a parameter-counting artifact.

3.5 Why SFT Methods May Fail Under RL
We sketch an interpretation. Under SFT the loss
is per-token cross-entropy and a small number of
layers dominate the gradient landscape (Shi et al.,
2024: >80% in the top 30%), so there are gen-
uinely idle layers whose capacity can be redis-
tributed. Under GRPO, the loss is an advantage-
weighted policy gradient with sparse, binary re-
ward; the top 30% of layers in our profile carry
only 35.7% of the signal, and even the coldest lay-
ers contribute 2.15%. Reducing their capacity—
even modestly, from r = 32 to r = 20—damages
evaluation accuracy while leaving training reward

unchanged. We conjecture that “cold” layers in
this setting handle structural functions (output for-
matting, numerical precision, coherence) that are
already well-handled by the pretrained model and
become bottlenecks only when capacity is reduced.
The near-even attention/FFN split (52.2%/47.8%)
is consistent with this story, unlike SFT where FFN
layers in the upper half dominate (Zhang et al.,
2023).

4 Related Work

Adaptive rank for SFT. AdaLoRA (Zhang et al.,
2023) prunes singular values during training.
GoRA (He et al., 2025) uses gradient–weight prod-
ucts for initialization-time allocation. IGU-LoRA
(Cui et al., 2026) applies integrated gradients with
uncertainty-aware scoring. Aletheia (Saket, 2026)
selects layers via gradient probes. All of these
operate exclusively under supervised objectives.

Layer importance in alignment. ILA (Shi
et al., 2024) learns binary layer masks and shows
that 10–30% of layers suffice for SFT alignment.
Young (2026) argue that RLHF gradients concen-
trate at specific positions. Our work extends this
line by showing that even when RL gradients are
non-uniform, their concentration is too mild to sup-
port useful rank reallocation.

GRPO and LoRA. DeepSeekMath (Shao et al.,
2024) introduced GRPO for mathematical reason-
ing. To our knowledge, no prior work has inves-
tigated adaptive rank allocation specifically under
RL-based alignment.

5 Limitations

The result is preliminary and the following caveats
matter. The experiments use one model (Qwen 2.5
1.5B), one dataset (GSM8K), one RL algorithm
(GRPO), and single-seed runs with n = 200 test
problems. The Wilson intervals in Table 1 over-
lap, so the 4.5-point gap is suggestive rather than
statistically decisive. We compare to SFT gradient
distributions only via prior work (Shi et al., 2024;
Zhang et al., 2023); a matched SFT baseline on the
same model and data would sharpen the contrast.
We hold LORA scaling constant across allocations
(α/r = 2 per layer), but have not isolated the con-
tribution of adapter initialization or optimizer state
from the rank itself. Finally, our cold-layer hypoth-
esis is untested; per-reward gradient decomposition
(correctness vs. format) could partially verify it.
We encourage replication at larger scale.
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6 Lessons and Conclusion

In our setting, the gradient-based rank allocation
that works under SFT does not transfer to RL
alignment via GRPO: proportional allocation de-
grades accuracy by 4.5 points at an identical pa-
rameter budget, random allocation degrades fur-
ther, and a random control shows that rank it-
self causally shapes the resulting gradient distri-
bution. The mechanism—a flat gradient landscape
combined with a positive-feedback amplification
effect—suggests three practitioner-facing lessons.
(i) Gradient importance is a useful diagnostic but
not an allocator under GRPO: the signal ranks
layers correctly (proportional beats random) but
does not justify deviating from uniform at a fixed
budget. (ii) Profile-then-retrain is unstable under
RL, because the profile changes with the allocation
(r = 0.97 between assigned rank and post-hoc im-
portance). (iii) Methods that exploit concentrated
gradient structure under SFT cannot be assumed
to work under RL, where the structure we observe
is much flatter. Future work should test whether
dynamic, training-time rank adaptation can break
the feedback loop, and whether the effect persists
at larger scale, on other tasks, and under other RL
objectives such as PPO and DPO.
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A Per-Module Gradient Importance

Table 2 reports the average per-module gradient
magnitude across all 28 layers under the uniform
r = 32 baseline. Values are aggregated from the B
adapter matrix at each layer (the A matrix shows
the same qualitative ordering at smaller magnitude)
and averaged over the final 200 steps of GRPO
training. The split between attention (q/k/v/o) and
FFN (up/down/gate) modules is near-even (52.2%
vs. 47.8%), with up_proj the single most reward-
sensitive module.
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