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Abstract

Prior work showed that trainable steering
vectors can match full-model reinforcement
learning fine-tuning on mathematical reason-
ing benchmarks while updating only a tiny
fraction of parameters. We test whether
this equivalence extends to supervised fine-
tuning and identify the factors that control
it. Using Qwen2.5-Math-7B and LLaMa3.1-
8B-Instruct trained on OpenThoughts-114k-
math and evaluated on six math benchmarks,
we find a consistent gap under SFT: steer-
ing vectors underperform full-model fine-
tuning, unlike in the RL setting. We show
that SFT-trained steering models deviate more
from their base models, and that closing
the gap by increasing adapter capacity re-
quires full-rank updates (e.g., ~ 27% of pa-
rameters for Qwen2.5-Math-7B when scal-
ing MLP.down_proj LoRA). Finally, we
show that changing the data removes the gap:
when we distill from RL-trained teachers by
training on selected positive generations, low-
parameter steering vectors match full-tuning,
without simply reproducing RL steering direc-
tions.

1 Introduction

Prior work by (Sinii et al., 2025b) showed that apply-
ing Reinforcement Learning (RL) to trainable steering
vectors can achieve the same accuracy on math reason-
ing tasks as full-model RL fine-tuning, despite the ex-
treme parameter constraint. This raises the question
of whether Supervised Fine-Tuning (SFT) can repli-
cate the same outcome, and more generally, what de-
termines when a small representational subspace is suf-
ficient for reasoning-relevant adaptation.

SFT and RL provide qualitatively different training
signals. SFT supplies token-level supervision from cu-
rated reasoning traces, whereas RL with verifiable re-
wards can optimize from outcome-level feedback. Mo-
tivated by recent analyses (Schulman and Lab, 2025)
suggesting that such differences matter most under
constrained adaptation capacity, we compare steering-
vector training and full-model fine-tuning under both
objectives in a matched experimental setup.

We find that the RL equivalence does not carry
over to SFT: steering vectors consistently underper-
form full-model fine-tuning across both model families
and benchmarks. We then probe two potential explana-
tions. First, we measure deviation from the base model
and observe that SFT-trained steering models produce
lower-probability generations under the base distribu-
tion. Second, we vary adaptation capacity by sweep-
ing LoRA rank on MLP . down_proj and find that the
SFT gap closes only at full rank. Finally, we show
that the gap is not inevitable: training on generations
produced by RL-trained teachers (distillation) closes
the steering/full-tuning gap, and the resulting steering
vectors are not aligned with the RL-trained steering
vectors, suggesting that distillation induces a different
mechanism within the same constrained parameteriza-
tion.

2 Related Work

Reinforcement Learning and Supervised Fine-
Tuning for Reasoning. Both supervised fine-tuning
(SFT) and reinforcement learning with verifiable re-
wards (RLVR) have been shown to improve reason-
ing performance in large language models. SFT-based
approaches leverage curated reasoning traces or chain-
of-thought annotations and can yield substantial gains
when sufficient high-quality data is available (Li et al.,
2024; Ye et al., 2025; Yao et al., 2023). More re-
cently, RLVR has emerged as a dominant paradigm
for reasoning-centric training, underpinning systems
such as OpenAl ol (Jaech et al., 2024), DeepSeek-
R1 (Guo et al., 2025), and several open reproductions
(Zeng et al., 2025; Hu et al., 2025), and demonstrating
that outcome-based rewards alone can induce long rea-
soning trajectories and strong benchmark performance.
Prior work has also highlighted that the two training
paradigms can lead to systematically different behav-
iors and capabilities (Matsutani et al., 2025; Chu et al.,
2025).

Parameter-Efficient Adaptation and Steering. A
large body of work has explored parameter-efficient
fine-tuning (PEFT) as an alternative to full-model adap-
tation. Low-Rank Adaptation (LoRA) (Hu et al., 2022)
introduced the idea of constraining updates to low-
dimensional subspaces, initially applied to attention
projections. Subsequent work demonstrated that apply-
ing LoRA more broadly, including to MLP layers, can
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Figure 1: Steering with Reinforcement learning.

Mean accuracy across six math benchmarks compar-
ing trainable steering vectors with full-model fine-
tuning. Across the two models, steering vectors match
or closely approach the performance of full fine-tuning.

further improve performance, highlighting the impor-
tance of where adaptation capacity is allocated within
the model (Zaken et al., 2022). In parallel, bias-only
fine-tuning methods such as BitFit showed that even
extremely restricted update regimes can be effective
across a range of NLP tasks (Zaken et al., 2022).

Steering vectors build on these ideas by operating
directly at the level of hidden representations, induc-
ing behavioral changes through low-dimensional direc-
tions rather than widespread parameter updates. Prior
work on activation engineering and contrastive steer-
ing demonstrated that such directions can reliably elicit
target behaviors at inference time (Turner et al., 2023;
Panickssery and Bowman, 2023). More recent studies
have shown that steering vectors trained with reinforce-
ment learning can match full-model RL fine-tuning on
reasoning benchmarks despite modifying only a tiny
fraction of parameters (Sinii et al., 2025b,a). Together,
these results suggest that reasoning-relevant adapta-
tions may be concentrated in small representational
subspaces, making adaptation capacity a critical factor
independent of the training objective.

3 Steering Vectors Fail to Match Full
Fine-Tuning under SFT

Setup To enable a direct comparison with the RL
results of Sinii et al. (2025b), we adopted the same
set of benchmarks, training setup, and steering vec-
tor implementation. We used the OpenThoughts-114k
dataset (Open Thoughts Team, 2025) since it allowed
both SFT and RL training. For SFT dataset, we ex-
tracted tasks within the mathematics domain and con-
structed each example by combining the original prob-
lem statement with the corresponding DeepSeek-R1
solution. We considered two base models in our study:
Qwen2.5-Math-7B (Yang et al., 2024) and LLaMa3.1-
8B-Instruct (Grattafiori et al., 2024). We trained these
models for seven epochs, evaluated once per epoch
and reported the best score. Our evaluation covered
six mathematical reasoning benchmarks: AIME24/25,
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Figure 2: Steering with Supervised Fine-Tuning.
Mean accuracy across six math benchmarks comparing
trainable steering vectors with full-model fine-tuning.
Scores are normalized between the base and RL mod-
els. Unlike in the RL setting, steering vectors consis-
tently underperform full-model fine-tuning across both
architectures.

AMC23, MATH500 (Hendrycks et al., 2021), Miner-
vaMath (Lewkowycz et al., 2022), and OlympiadBench
(He et al., 2024). We report the mean score across
these benchmarks in the main text and specify the raw
scores in Section C. For MATH500, MinervaMath, and
OlympiadBench we report PASS@ 1; for AIME24/25
and AMC23 we report AVG@32 due to their smaller
sizes. All metrics are reported with mean and standard
deviation evaluated over three seeds. For details, see
Section A

We use reinforcement learning setup, based on on-
line sampling with a binary correctness reward and
optimization via the RLOO objective; full details are
given in Section A.

Results We first evaluated RL training on the
OpenThoughts-114k dataset.  Consistent with the
findings of Sinii et al. (2025b), we observed that
steering-based training achieved performance compa-
rable to full fine-tuning across all evaluated bench-
marks. This equivalence held for both Qwen2.5-Math-
7B and LLaMa3.1-8B-Instruct, indicating that the re-
sult was robust to differences in model architecture.
Figure 1 summarizes these RL results.

In contrast, this equivalence did not extend to the
SFT setting. Figure 2 shows that trainable steering
consistently underperformed full-model fine-tuning for
both architectures. Figure 3 further shows that gen-
erations from steering models received lower likeli-
hood under the base model, indicating a larger devia-
tion from the base distribution. We conjecture that, be-
cause SFT weights all tokens equally, steering vectors
are forced to fit many irrelevant tokens; this couples up-
dates across the sequence and limits fine-grained, high-
impact changes. Under RL, by contrast, steering and
full-tuned models exhibit comparable deviation from
the base model (Section B).
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Figure 3: Generations under steering vectors are lower-probability under the base model, when trained in SFT
setup. Since SFT weights all tokens equally, the training constrains low-parameter steering vector from fine-
grained updates and prohibits high accuracy. In contrast, full-tuning stays closer to the base model and does not

disrupt generations.
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Figure 4: Capacity scaling of MLP down-projection adapters under SFT. Mean accuracy across all evaluation
benchmarks as a function of LoRA rank when applied exclusively to the MLP down-projection. Performance in-
creases monotonically with adapter rank, eventually almost matching the performance of full-tuning. This demon-
strates that, under supervised fine-tuning, improvements in reasoning accuracy depend critically on adaptation
capacity even when restricted to a fixed representational subspace.

4 Capacity Scaling in Supervised
Fine-Tuning

To pinpoint the source of this discrepancy, we asked
whether simply increasing the number of trainable pa-
rameters would close the gap — and, if so, how much
capacity would be required. Rank-1 LoRA applied to
the MLP . down_pro j layer can be viewed as a gradual
increase in the complexity of a steering vector, since it
allows a token-specific magnitude. We therefore swept
the LoRA rank at this location from 1 up to full rank,
searching for the capacity threshold at which the gap
disappears. Figure 4 shows that the gap closes only
under full-rank training, which corresponds to training
~ 27% of parameters for Qwen2.5-Math-7B.

This result aligns with the analysis of Schulman
and Lab (2025), who argue that SFT requires sub-
stantially more information (bits) to be learned, which
can limit the effectiveness of small-parameter methods
such as low-rank LoRA (Hu et al., 2022). They mo-
tivate the success of rank-1 LoRA in RL by contrast-

ing trainable capacity with the amount of learning sig-
nal available: in RL, each generation produces a single
scalar reward, so the signal scales as (dataset_size X
num_generations), whereas in SFT it is spread across
all tokens that contribute to the loss. In the next sec-
tion, however, we show that with an appropriate data
source, low-parameter steering vectors can still match
full-tuning.

S Changing Data Removes the Gap

In previous sections, we showed that trainable steer-
ing vectors fail to match full-model fine-tuning when
trained with SFT. We also found that increasing train-
ing capacity can reduce this gap, but only at the cost of
training an impractically large number of parameters.
Here we show that, with appropriately chosen data, the
capacity of steering vectors is in fact sufficient.

For each model, we construct a distillation dataset
using its RL-trained counterpart: we sample 16 genera-
tions per prompt and select a single positive generation.
We then train on these selected generations, distilling
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Figure 5: Steering with Distillation. When models are
trained on generations produced by their respective RL-
trained teachers, the performance gap between steering
and full-model fine-tuning largely disappears. With an
appropriate data source, low-parameter steering vectors
have sufficient capacity to match full-tuning. The val-
ues are normalized between the base and RL models.
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Figure 6: Cosine similarity between steering vec-
tors in RL and distilled models. The steering vec-
tors learned under RL and under distillation are poorly
aligned, indicating that distillation does not simply
copy the donor model’s steering directions. Instead, it
learns a different mechanism.

the knowledge encoded by RL into the student models.

Figure 5 shows that under this distillation setup the
gap between steering and full-tuning closes. This
indicates that steering vectors are not fundamentally
capacity-limited; rather, their effectiveness depends on
the training data. Importantly, distillation does not sim-
ply reproduce the RL-trained steering vectors. Fig-
ure 6 reports cosine similarities between steering vec-
tors from the RL-trained and distilled models: across
all layers, the vectors are poorly aligned, suggesting
that distillation learns a different mechanism.

6 Out-of-Distribution Evaluation

Finally, we evaluated the models on out-of-distribution
(OOD) benchmarks. We considered three tasks: GPQA
(Rein et al., 2024), SynLogic (Liu et al., 2025), and
IFEval (Zhou et al., 2023), and report the average
score (with per-benchmark results in Section D). Fig-
ure 7 shows that full-model fine-tuning largely re-
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Figure 7: Out-of-Distribution Evaluation. Mean ac-
curacy across three OOD benchmarks comparing train-
able steering vectors with full-model fine-tuning. Un-
der SFT, steering vectors exhibit a larger performance
drop, indicating weaker generalization than full-model
fine-tuning.

tains its OOD performance under both RL and SFT. In
contrast, trainable steering vectors suffer a substantial
drop. Taken together with our in-distribution results,
this pattern suggests that steering vectors are less ef-
fective and less robust under SFT, exhibiting weaker
generalization to distribution shifts.

7 Limitations

Our experiments cover a narrow slice of online-training
settings. Broader sweeps — across settings, tasks, and
model families and sizes — would test generality of our
observations.

8 Conclusion

We studied when trainable steering vectors can serve
as a parameter-efficient alternative to full-model fine-
tuning for reasoning. Our results show that their ef-
fectiveness depends strongly on the training signal and
the data: in some settings, constrained steering updates
are sufficient to reach full-tuning performance, while in
others they fall short unless substantially more capac-
ity is introduced. Overall, this work clarifies the condi-
tions under which steering vectors are a viable substi-
tute for full-model adaptation and highlights the central
role of supervision quality and objective choice in mak-
ing low-parameter training competitive.
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A SFT and RL Setups; Steering Vectors implementation

In RL training setup, for each prompt, we sample multiple candidate solutions from the current policy and assign
a binary reward based on whether the generated answer is correct and enclosed in a \boxed{. ..} template.
Optimization is performed using the RLOO objective.

VoJ = EzwD, y~mo(+|x) [a(% y) Vo log 71—0(3/ | CE) ]7

All hyperparameters and evaluation procedures are identical to those used in the referenced work.

Steering vectors are implemented by enabling a learnable bias term in the MLP down-projection linear layer
at the selected transformer block. Concretely, this corresponds to setting bias=True for the down-projection
module and training only this bias parameter. All other model parameters are frozen throughout training. This
parameterization exactly matches the steering vector setup of Sinii et al. (2025b) and ensures that all observed
effects arise from a single additive direction in the residual stream.

During both training and evaluation in both RL and SFT setups, model generations were truncated to a maximum
length of 4096 tokens for Qwen-based models and 8192 tokens for LLaMA-based models, respectively.

B Deviation from Base for RL-Trained Models
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Figure 8: RL-trained models exhibit similar deviation from their respective base models.

C Full Evaluation Results

In this section we provide all unnormalized accuracies for all evaluated models on each benchmark. All numbers
are averaged over three evaluation seeds.

Table 1 reports SFT results on the OpenThoughts dataset, comparing steering vectors, LoRA adaptations, and
full-model fine-tuning across all benchmarks.

Table 4 reports RL results on the OpenThoughts and DeepScaleR datasets, as well as base-model results that
serve as the reference for scaling and analyzing SFT performance.

D Out of Domain evaluation Results

In this section, we report unnormalized accuracies for all evaluated models on each out-of-distribution (OOD)
benchmark. All values correspond to AVG@8 scores, averaged over three evaluation seeds.

Table 3 reports SFT and RL results on the OOD benchmarks, comparing steering vectors and full-model fine-
tuning.



Table 1: Full SFT OpenThoughts-114k per-benchmark results. AVG@32 denotes accuracy averaged over 32
sampled generations. All values are mean =+ standard deviation across three seeds.

Model Setup AIME25@32  AIME24@32 AMC@32 MATHS500  MinervaMath ~ Olympiad-Bench Avg.

LLaMa3.1-8B-It Full-Tune 0.5+0.0 37400 2294+02 481428 21.7£15 155405 18.7 £ 0.6
Steering 0.3 4+0.0 0.9 +0.0 126 £0.1 321425 120+ 14 83+038 11.0 £ 0.7
MLP 0.6 + 0.0 2440.1 252403 472423 20.6 + 1.0 16.4 £ 0.7 187+ 0.5
MLP.down_proj 1.1 +£0.0 3.1+£0.1 224+£0.1 465+20 218+ 14 152+09 184 £0.7
LoRA-1 03+0.0 1.1 £0.1 11.3+£0.1 32619 147 £ 0.6 80+12 113£0.5
LoRA-4 0.8 +0.0 1.34+0.0 148+00 327407 142+ 14 9.1+03 122 +0.1
LoRA-16 0.3 4+0.0 1.24+0.0 153+0.1 351+1.1 127+ 0.5 8.8+03 1224+03
LoRA-64 0.4 +0.1 1.6 £ 0.0 1554+04 37.04+20 152+02 89402 13.1 +£04
LoRA-256 0.6 £0.0 1.8 £0.0 178 £0.1 413 +0.6 162£1.3 105+ 1.0 147 £ 0.4
LoRA-1024 0.6 0.0 2.6 +0.1 194+05 435+1.6 179 £ 1.5 13.8£05 163 £ 0.1

Qwen2.5-Math-7B  Full-Tune 35400 6.24+0.1 445+02 67.1+£1.0 304 £1.0 277+ 1.7 299+02
Steering 25400 38400 329+04 528+15 21.34+0.8 203 £ 2.1 223407
MLP 55402 72402 439+0.1 66.6+0.7 294 +24 27.8 £0.9 30.1 £0.7
MLP.down_proj 45+0.1 5740.0 39.84+03 555422 250408 25.7+0.8 26.0£0.2
LoRA-1 37+0.1 43+£0.1 31.1+£02 571+15 213+ 14 22.7+0.7 234 +£04
LoRA-4 3.6+0.0 6.8 0.1 33.7+£02 569 +2.1 21.9£038 235+ 1.6 2444+02
LoRA-16 41+£0.1 43+0.1 348+03 587416 26.8 0.9 22.0+09 25.1£05
LoRA-64 38402 50402 36.1+£03 592412 251415 233 £0.7 2544+0.1
LoRA-256 43+£0.1 5.6+ 0.1 37802 61.3+05 27.1£0.8 245+12 26.8 £0.3
LoRA-1024 54400 59+0.1 406+02 608+ 1.1 28.6 £0.5 25.6 £2.0 27.8£0.5

Table 2: Full RL OpenThoughts-114k and DeepScaler per-benchmark results. AVG@32 denotes accuracy aver-
aged over 32 sampled generations. All values are mean + standard deviation across three seeds.

Model Dataset Setup AIME25@32  AIME24@32 AMC@32 MATHS500  MinervaMath ~ Olympiad-Bench Avg.

LLaMa3.1-8B-It DeepScaler Steering 15402 103+£02  324+07 587+08  293+15 246+13 26.1 £ 0.6
DeepScaler Full-Tune 1.6 +0.2 10802  353+04 580+£07  294+06 218 +08 26.1 +£0.1
OpenThoughts Steering 14 40.1 8.0 £ 0.0 324+04 589+02 288426 23.6+£0.5 255403
OpenThoughts ~ Full-Tune 33+0.1 62402 348+03 581407  298+1.1 242405 26.1+£03

Base, 7 = 1 0.0 £ 0.0 0.0 £ 0.0 117+£24 346407 123+15 9.6+ 0.6 117405

Qwen2.5-Math-7B DeepScaler Steering 12.6 £ 02 244402  625+02 799+12  360+28 441408 433403
DeepScaler Full-Tune 14.0 £ 0.1 257401 642401 793+£06  369+20 41.1£09 435+04
OpenThoughts Steering 133£0.1 218+02 622401 793+£07 355+ 1.0 422404 424400
OpenThoughts ~ Full-Tune 11.1+02 2394 0.1 63.34+03 79.1+1.1 353409 419408 424402

Base, 7 = 1 22+ 16 100+£47  250+82 37.7+6.1 83+ 15 102 +29 143+ 17
Table 3: Evaluation results across IFEval, GPQA, and SynLogic.

Model Method  Setup IFEval GPQA Synlogic Avg.

Qwen2.5-Math-7B RL Full-Tune 16.24+0.04 250£0.01 73£0.02 16.2+0.02

Qwen2.5-Math-7B RL Steering 17.14+£0.02 21.4+£0.08 82+0.03 156+0.04

LLaMa3.1-8B-It RL Full-Tune 59.94+0.05 235+£0.10 83+0.03 30.6+0.06

LLaMa3.1-8B-It RL Steering 60.3+004 1984+0.10 7.7+£0.02 29.2+0.05

Qwen2.5-Math-7B  SFT Full-Tune 11.7£0.02 2674005 42+0.02 14.2+0.03

Qwen2.5-Math-7B  SFT Steering 10.6 0.02 10.8£0.10 29+£0.01 8.1+£0.04

LLaMa3.1-8B-It SFT Full-Tune 544 4+0.03 303£0.06 4.0£0.03 29.6+0.04

LLaMa3.1-8B-It SFT Steering 48.8 +0.05 21.74+0.11 2.64+0.03 24.3+0.06

Qwen2.5-Math-7B - Base,7=1 115+£002 724007 254+0.03 7.1+0.04

LLaMa3.1-8B-It - Base,7=1 59.1+£0.10 48+0.03 47+0.02 22940.05

Qwen2.5-Math-7B - Base,7=0 172+£0.00 9.1+£0.00 44+0.00 10.340.00

LLaMa3.1-8B-It - Base,7=0 667+0.00 78+0.00 6.0+0.00 26.840.00




Table 4: Full RL OpenThoughts-114k and DeepScaler per-benchmark results. AVG@32 denotes accuracy aver-
aged over 32 sampled generations. All values are mean =+ standard deviation across three seeds.

Model Dataset Setup AIME25@32  AIME24@32 AMC@32 MATHS500  MinervaMath ~ Olympiad-Bench Avg.
LLaMa3.1-8B-It DeepScaler Steering 1.5+02 10.3 £0.2 3244+0.7 587408 293+ 15 246+ 13 26.1 £0.6
DeepScaler Full-Tune 1.6 £ 0.2 10.8 £0.2 3534+04 58.0+0.7 294 +0.6 21.8+0.8 26.1 £0.1
OpenThoughts Steering 1.4+0.1 8.0+ 0.0 324404 589402 288 2.6 23.6 £ 0.5 255403
OpenThoughts Full-Tune 33401 6.2+0.2 3484+03 581407 298 +£ 1.1 242405 26.1 £0.3
Base,7 =1 0.0 £ 0.0 0.0 £ 0.0 11.7£24 346=£07 123£15 9.6 £ 0.6 11.7£0.5
Qwen2.5-Math-7B DeepScaler Steering 126 £0.2 244402 625+02 799+12 36.0£238 44.1+0.8 433103
DeepScaler Full-Tune 14.0 £ 0.1 25.7+0.1 6424+0.1 793 1+0.6 369 £2.0 41.1+£0.9 435+ 04
OpenThoughts Steering 133 +0.1 21.8+02 6224+0.1 793407 355+ 1.0 422+04 424+ 0.0
OpenThoughts Full-Tune 11.1+02 239 +0.1 63.34+03 791+1.1 3534+09 41.9+0.8 424402
Base, 7 =1 22+1.6 10.0 £4.7 25.0+82 377+6.1 83+ 15 102 £29 143 £17
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