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Abstract

The standard post-training recipe for large rea-
soning models, supervised fine-tuning followed
by reinforcement learning (SFT-then-RL), may
limit the benefits of the RL stage: while SFT
imitates expert demonstrations, it often causes
overconfidence and reduces generation diver-
sity, leaving RL with a narrowed solution space
to explore. Adding entropy regularization dur-
ing SFT is not a cure-all; it tends to flatten
token distributions toward uniformity, increas-
ing entropy without improving meaningful ex-
ploration capability. In this paper, we propose
CurioSFT, an entropy-preserving SFT method
designed to enhance exploration capabilities
through intrinsic curiosity. It consists of (a)
Self-Exploratory Distillation, which distills the
model toward a self-generated, temperature-
scaled teacher to encourage exploration within
its capability; and (b) Entropy-Guided Tem-
perature Selection, which adaptively adjusts
distillation strength to mitigate knowledge for-
getting by amplifying exploration at reasoning
tokens while stabilizing factual tokens. Ex-
tensive experiments on mathematical reason-
ing tasks demonstrate that, in SFT stage, Cu-
rioSFT outperforms the vanilla SFT by 2.5
points on in-distribution tasks and 2.9 points
on out-of-distribution tasks. We also ver-
ify that exploration capabilities preserved dur-
ing SFT successfully translate into concrete
gains in RL stage, yielding an average im-
provement of 5.0 points. Code is available at
https://anonymous.4open.science/r/CurioSFT.

1 Introduction

Recent breakthroughs (OpenAl et al., 2025; Guo
et al., 2025) establish "SFT-then-RL" as the de-
facto paradigm for enhancing large reasoning mod-
els on automatically verifiable tasks, such as math-
ematical reasoning (Shao et al., 2025b; Kimi et al.,
2025), code generation (Liu et al., 2025b), and
agentic search (Shao et al., 2025a; Jin et al., 2025).
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Figure 1: Evaluation entropy and accuracy (Avg@8
in AIME 2024) across the SFT and RL stages. Cu-
rioSFT mitigates entropy collapse during SFT, and
yields larger accuracy gains in the RL stage.

In this paradigm, the Supervised Fine-tuning (SFT)
stage aligns the model with domain-specific pat-
terns and required knowledge, thereby providing a
superior initialization for the subsequent Reinforce-
ment Learning (RL) stage.

However, this paradigm faces a critical chal-
lenge: the Cross Entropy loss in SFT rigidly
maximizes the likelihood of expert tokens, which
inevitably drives the model toward overconfi-
dence (Desai and Durrett, 2020; Jiang et al., 2021)
and constricts the exploration space as training pro-
gresses. As shown in Figure 1, we use token en-
tropy to quantify exploration capability and ob-
serve a rapid collapse over the SFT stage. Counter-
intuitively, the SFT stage locks the model into
a low-diversity mode, severely constraining the
search space for the subsequent RL stage. This
limitation often leads to marginal gains or even
degradation compared to direct RL, aligning with
recent findings (Zhang et al., 2025a,b).

A straightforward approach is to regularize the
SFT stage with entropy loss (Jost, 2006) on each



token. However, trivially maximizing entropy will
indiscriminately smooth the token probability and
introduce ungrounded entropy, damaging explo-
ration capability and leading to unsatisfactory or
degraded performance. Concretely, it fails to dis-
tinguish token roles: forcing entropy on factual
tokens disrupts knowledge retention, while neglect-
ing critical reasoning tokens (e.g., “wait”’) where
exploration is truly beneficial. This discrepancy
highlights the need for a method that substantially
enhances exploration capabilities without compro-
mising the model’s intrinsic knowledge.

To achieve this, we introduce CurioSFT, a
novel entropy-preserving SFT method designed
to enhance exploration with knowledge reten-
tion. This method consists of two key compo-
nents: Self-Exploratory Distillation and Entropy-
Guided Temperature Selection. Building on self-
distillation (Allen-Zhu and Li, 2020; Pham et al.,
2022), Self-Exploratory Distillation exploits the
monotonic relationship between token entropy and
sampling temperature to construct a higher-entropy
“teacher distribution” via an increased temperature.
Aligning with this high-entropy teacher allows the
model to selectively expand its search space un-
der the guidance of its own curiosity. Crucially,
to account for the distinct roles of tokens during
reasoning, Entropy-Guided Temperature Selection
dynamically modulates the temperature based on
token-level uncertainty. This mechanism selec-
tively encourages exploration at critical reasoning
tokens while maintaining deterministic targets for
factual tokens, thereby effectively mitigating the
risk of knowledge forgetting.

Extensive experiments on mathematical reason-
ing benchmarks demonstrate that, CurioSFT not
only effectively preserves entropy but also achieves
superior performance across both in-distribution
and out-of-distribution (OOD) tasks, outperform-
ing vanilla SFT by an average of 2.5 points and
2.9 points, respectively. We empirically verify that
the exploration capabilities preserved during SFT
successfully translate into concrete gains in the RL
stage. To this end, our contributions are three-fold:

* We empirically analyze the drawbacks of en-
tropy loss in SFT, including exploration degra-
dation and knowledge forgetting. To address
these, we propose CurioSFT, which preserves
entropy while improving overall performance
during the SFT stage.

* We propose Self-Exploratory Distillation to

preserve entropy while improving effective
exploration by aligning with a self-generated,
temperature-scaled teacher. We further in-
troduce Entropy-Guided Temperature Selec-
tion to adapt token-level temperatures, selec-
tively encouraging exploration and mitigating
knowledge forgetting.

» Extensive experiments on mathematical rea-
soning benchmarks demonstrate that, Cu-
rioSFT not only improves performance in SFT
but also enhances the exploration capability,
significantly improving the performance of
RL stage. We also verify the robustness of Cu-
rioSFT across models and hyperparameters.

2 Preliminaries

SFT Loss. Let D denote the SFT dataset, which
contains multiple questions x and corresponding
expert responses y. The optimization objective dur-
ing the SFT stage is to minimize the cross-entropy
loss between the model distribution and a one-hot
target distribution induced by expert tokens, as:

Lsrr(0) = —log g (ye | st), (1

where 7y is the fine-tuned model and s; is the con-
catenation of the question x and the previously
generated tokens y ;.

Entropy Loss. To encourage output diversity and
prevent over-confidence, prior works (Shao et al.,
2025b; Hu et al., 2025) introduce an entropy loss
term as a regularizer during the RL stage, as:

Lentropy(e) =« _H(T‘-O(' | St))
=Y m(y | st)logmo(y | st),

yey

2)
where ) denotes the vocabulary of the fine-tuned
model, « is the loss weight. However, applying
entropy regularization solely at the RL stage often
yields marginal benefits, as the preceding SFT stage
has already driven the model into a low-entropy
mode. Consequently, it is important to preserve
entropy and encourage exploration during the SFT
stage itself. Yet, deploying entropy loss in the SFT
stage presents a fundamental challenge: unlike the
online nature of RL, SFT is an offline process where
the model cannot judge whether the increased en-
tropy leads to valid reasoning paths or merely in-
troduces noise. In the following section, we discuss
two key limitations arising from this “blind” regu-
larization through empirical observations.
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Figure 2: Expert token entropy and evaluation accuracy during the SFT stage. Compared to vanilla entropy
loss, which uniformly encourages entropy across tokens, CurioSFT selectively increases entropy on high-entropy
tokens while preserving low-entropy ones. We further observe that the increased token entropy induced by entropy
loss does not translate into actual improvements in Pass@32 performance in our experiments.

Table 1: OOD performance comparison.

Method GPQA MMLU-Pro ARC-C Avg.t
Vanilla SFT 27.7 47.5 78.8 51.3
SFT w/ Entropy 28.0 459 77.2 50.4
SFT w/ Entropy (Top 20%)  29.6 47.9 79.3 52.3

3 The Pitfall of Entropy Loss in SFT

Ungrounded entropy degrades exploration ca-
pability. In the SFT stage, many tokens in the
dataset are relatively unfamiliar to the current
model, reflected by their lower output probabil-
ity compared to online sampling tokens (offline
71% vs. online 76%). As a result, the entropy loss
becomes highly sensitive to its weight a: as shown
in Figure 2a and Figure 2b, when « is too small,
entropy barely increases; when « is too large (e.g.,
a > 0.08 in our setting), the objective can push
some token distributions toward near-uniformity,
causing an “entropy explosion” that destabilizes
training. Even with a seemingly reasonable choice
(e.g., o = 0.06), entropy loss does not reliably im-
prove performance (Figure 2¢). The key reason is
that the entropy loss indiscriminately pushes the
token distribution toward higher entropy, without
distinguishing between expanding a valid reason-
ing path and merely injecting noise. Consequently,
increased token entropy does not translate into bet-
ter reasoning performance and may even harm ef-
fective exploration.

Token-agnostic regularization amplifies knowl-
edge forgetting. Recent works suggest that ex-
ploration in LL.Ms is driven by a relatively small
subset of high-entropy tokens, while most tokens
remain low-entropy to preserve knowledge (Wang
et al., 2025). As shown in the Figure 2a and Fig-
ure 2b, when we partition tokens by entropy (e.g.,
top 20% vs. the remaining 80%), naive entropy loss
increases entropy in both groups. This is because

maximizing entropy is equivalent to minimizing
the KL divergence to a uniform distribution for
all tokens (detailed proof in Appendix A). Such
token-agnostic regularization is detrimental to the
model’s original knowledge and reasoning behav-
ior. As shown in Table 1, restricting entropy loss
to the top 20% high-entropy tokens yields signifi-
cantly better performance on knowledge-intensive
OOD tasks. Empirically, low-entropy tokens often
correspond to deterministic factual content (e.g.,
nouns and numbers), where stability is crucial; forc-
ing entropy at these positions weakens factual con-
sistency and can induce knowledge forgetting. In
contrast, high-entropy tokens tend to act as reason-
ing connectors (e.g., “wait”, “alternatively”), which
are the natural targets for exploration.

4 Proposed Solution: CurioSFT

To address the limitations of vanilla entropy loss,
we introduce CurioSFT, an entropy-preserving SFT
method that enables models to learn expert behav-
iors while maintaining exploration capability. As
shown in Figure 3, our method consists of two
key components: Self-Exploratory Distillation
(Section 4.1) and Entropy-Guided Temperature
Selection (Section 4.2).

4.1 Self-Exploratory Distillation

Frontier LLMs internalize extensive world knowl-
edge during pre-training, and exhibit implicit ex-
ploration capabilities that enable the generation
of diverse trajectories (Rafailov et al., 2024; Cui
et al., 2025). Motivated by self-distillation (Kim
et al., 2021), we exploit this intrinsic capacity by
minimizing the divergence between the policy of
current model and a self-generated, higher-entropy
teacher distribution. Formally, an LLM policy is
obtained by applying the softmax function to the
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Figure 3: Proposed solution: CurioSFT

output logits zg(- | s¢), as:

exp (20(y | s¢)/7)
Syevexp (20l [ s0)/7)

where 7 denotes the sampling temperature and
is typically fixed at 1.0 in standard SFT training.
Leveraging the property that the entropy is mono-
tonically increasing with respect to 7 (see proof in
Appendix B), we can construct a higher-entropy
teacher distribution 7" by simply rescaling the
logits with a larger temperature 7 > 7, which satis-
fies H(7'"(- | s;:7)) > H(mp(- | s4:7)). Subse-
quently, we can introduce a regularization loss that
aligns the model with this higher-entropy teacher
to achieve entropy preservation.

We theoretically prove that the constructed
teacher distribution is the unique higher-entropy
distribution that minimizes the KL divergence to
the current policy under the entropy-increase con-
straint (see proof in Appendix C). Adopting this
teacher offers two key advantages: (a) Curiosity-
driven exploration. The temperature-scaled teacher
strictly preserves the relative order of token proba-
bilities. Distilling the student toward this teacher
therefore encourages exploration only over tokens
that lie within the model’s valid exploration space,
rather than injecting uninformative entropy to all
tokens. (b) Reduced Knowledge forgetting. Prior
works suggest that training data with lower diver-
gence from the current model is associated with
less knowledge forgetting (Shenfeld et al., 2025).
By distilling toward a higher-entropy teacher that

3)

mo(y | st;7)

remains close to the current policy, the model can
enhance its exploration ability while mitigating
knowledge forgetting.

To ensure the stability of the teacher model, we
deploy a separate teacher model parameterized by
¢, and the teacher distribution is denoted as:

tch

exp(zg"(y | 81)/7)
Yyevexp(zg(y' | s0)/7)
“)
where 7 is the teacher sampling temperature. Using
a separate teacher updated more slowly than the
student stabilizes the distillation target, preventing
rapid fluctuations in the teacher distribution during
training. The parameters of the teacher model ¢
are synchronized with the current policy 6 every n
steps using an exponential moving average with a
decay factor of u (Algo. 1 Line 17). Finally, we
formulate the self-exploratory distillation objective
using the K2-loss (Liu et al., 2025a), defined as:

1 T pu— p o . 2
Lsen(6) = 5 Y <log M) .6
t=1

I(,h( Y ‘ s 7
Finally, the overall optimization objective is de-
fined as a combination of the SFT loss and the
self-distillation loss, with a coefficient «:

th (

y|siT)=

Liota(0) = Lspr(0) + o - Lsep(6).  (6)

4.2 Entropy-Guided Temperature Selection

The sampling temperature 7 for the teacher dis-
tribution is a crucial parameter in CurioSFT. A



Algorithm 1 Training with CurioSFT

Require: SFT dataset D, base model 7y, teacher
model ﬂfth
1: Initialize teacher parameters: ¢ < 6
2: for step=1,2,... do
3: Sample training data (x,y) ~ D
: Compute model logits zg(- | s¢)
// Entropy-guided temperature selection

4
5:
6: Compute teacher logits zgh(- St)
7
8
9

Compute entropy H; for each token ¢
Compute entropy increment A; by Eq. (7)
7¢ = BINARYSEARCH(25" (- | s¢), Ay)

10: /I Self-exploratory distillation
t: wsh(- | sy) = Softmax(25" (- | s¢)/7t)

12: Compute Lsgp(#) by Eq. (5)
13: Compute L1 (0) by Eq. (6)
14: Update 6 < 0 — nV g Lol
15: // Teacher update

16: if step (mod n) = 0 then

17: G (1—p)op+pb
18: end if
19: end for

higher value encourages the model to align with
a higher-entropy teacher distribution, whereas a
lower value keeps the update closer to standard
SFT. As discussed in Section 3, high-entropy to-
kens typically act as branching points that benefit
from exploration, while low-entropy tokens encode
deterministic facts, where stability is preferred. To
respect such heterogeneity, we adaptively assign
temperatures based on the token uncertainty. We
first compute a token-level entropy increment A,
then determine the temperature required via binary
search. Finally, we use these specialized tempera-
tures to construct the teacher distribution in Eq. (5).

Specifically, given the current token entropy
H = H (wgh( | st)), we compute the entropy
increment /\; via:

At = Amax : SlngId('Y : (Ht - Hpivot))7 (7)

where Apax is the maximum allowable entropy
increase, 7y is a scaling factor, and Hpiyor is the en-
tropy pivot that decides the activation threshold of
exploration: increasing Hpiyor makes exploration
more selective, while decreasing it expands the set
of tokens receiving substantial entropy increase.
We adopt soft-gating rather than a hard mask to
avoid brittle thresholding and introduce a smooth,
adaptive margin: for high-entropy tokens (Hy >>
Hpivor), the sigmoid term approaches 1, pushing

the target entropy toward H; + Apax and thus
strongly encouraging diversity at those positions.
Conversely, for low-entropy tokens (H; < Hpiyor),
the sigmoid term approaches 0, keeping the target
entropy close to H; and thereby minimizing inter-
ference with the model’s established knowledge.

Given the entropy increment A;, our goal is
to find a temperature for teacher distribution that
matches the desired entropy target, as:

min |H (76" (- | 8157)) — (He + Ar)| <6,
Tt

where € is a small constant. Given that entropy
is monotonically increasing with respect to tem-
perature 7 (see proof in Appendix B), we can ef-
ficiently solve for 7; € [Tmin, Tmax] Using a binary
search. To minimize computational overhead dur-
ing training, we implement the temperature search
as a fully vectorized operation and approximate the
entropy using only the top-k logits, which focuses
computation on the most influential tokens while
significantly accelerating the calculation. Details
of binary search are provided in Appendix D.

S Experiments

Training. We use OpenR1-Math-46K (Yan et al.,
2025) as the training dataset for both SFT and
RL stages, which contains 46K mathematics prob-
lems and corresponding answers generated by
DeepSeek-R1 (Guo et al., 2025). We adopt
Qwen2.5-Math-7B (Yang et al., 2024) as the base
model, except in Section 5.3, where we study ro-
bustness across different models. For the SFT stage,
we train for 3 epochs, and for the RL stage, we train
for 500 steps using GRPO (Shao et al., 2024). We
set the entropy pivot Hpiyor = 1.2 nats, the scaling
factor v = 2.0, the maximum entropy increment
Amnax = 0.5 nats, and the loss weight & = 1. The
temperature clip range is Tynin = 1.1, Tmax = 1.5.
Further training details and hyperparameters are
provided in Appendix E.

Evaluation. To evaluate the model’s perfor-
mance, we utilize six challenging and widely used
mathematical reasoning benchmarks, including:
AIME 2024, AIME 2025, AMC (LI et al., 2024),
Math-500 (Hendrycks et al., 2021), Olympiad
Bench (He et al., 2024), and Minerva (Lewkowycz
et al., 2022). Furthermore, to assess the ex-
tent of knowledge retention and generalization
ability, we evaluate the model on three OOD
benchmarks: ARC-Challenge (Clark et al., 2018),



Table 2: Performance comparison in the SFT stage.

Method

In-Distribution Tasks Out-of-Distribution Tasks Other

AIME25/24 AMC23 MATH. Miner. Olymp. Avg.T‘GPQA MMLU. ARC-C Avg.T‘EntropyT Speed.|

Qwen2.5-Math-7B

Base Model

4.6/8.3 35.5 501 121 165 212 | 262 324 632 406 | 0.15 -

Vanilla SFT with Regularization

Vanilla SFT 229267 596 858 455 504 485 | 277 475 788 513 | 031 43.2
SFT with Entropy 233/254 603 861 442 492 481 | 280 459 772 504 | 036 446
SFT with KL 21.6/246 582 839 452 463 466 | 274 478 780 511 | 030 502
SFT Variants
GEM (Lietal,2024)  24.6/267 602 857 477 509 493 | 306 490 814 537 | 0.66 445
DFT (Wuetal, 2025)  233/250 593 866 464 499 484 | 31.1 488 790 530 | 029 437
PSFT (Zhuetal., 2025) 25.0/288 604 869 483 526 503 | 299 478 767 55| 032 452
Our Method
CurioSFT 26.3/29.6 599 870 498 532 510 | 317 495 813 542 | 043 53.9
Impr. vs SFT +3.4/+2.9 +0.3 +1.2 +4.3 +2.8 +2.5 | +4.0 +2.0 +2.5  +29 +0.12 +10.7
w/o Adaptive Temp. 24.6/267 590 864 488 531 498 | 295 473 798 522 045 519
w/o Separate Teacher ~ 25.0/28.8 582 854 493 528 499 | 308 482 802 53.0 | 039 455
GPQA-Diamond (Rein et al., 2024), and MMLU- 520 CurioSFT
Pro (Wang et al., 2024). We set the sampling tem- ’ PSFT %
perature to 0.6 and Top_p = 0.95, and keep other o
settings consistent with the training. Due to the > 50.0 GEM
. . O
large number of questions in MMLU-Pro, we gen- © DFT  ofT (0)
. . 35
erate a single response per question for MMLU- S (o) ) SFT w/ Entropy
Pro, while using 8 responses per question for all << 48.0 1
other benchmarks, and compute the average accu- SFT w/ KL © Baselines
racy as the final reported metric. © % Ours
T T T
0.78 0.84 0.90

5.1 Effectiveness of CurioSFT

Baselines. We compare CurioSFT against two
categories of baselines: (a) Vanilla SFT with Reg-
ularization, which includes adding entropy loss
and KL divergence constraints relative to the base
model. (b) Advanced SFT Variants, which are de-
signed to mitigate over-confidence and encourage
diversity. Specifically, PSFT (Zhu et al., 2025) em-
ploys trust-region constraints to limit policy shift;
DFT (Wu et al., 2025) re-weights token updates
based on model internal knowledge; and GEM (Li
et al., 2024) maintains diversity by encouraging the
model to diverge from over-confident distributions.

Results. Table 2 shows that CurioSFT achieves
the best overall performance on both in-distribution
and OOD benchmarks. Compared to vanilla SFT,
CurioSFT improves the ID average from 48.5%
to 51.0% (+2.5 points) and the OOD average
from 51.3% to 54.2% (+2.9 points), while pre-
serving higher token entropy (0.31 — 0.43, +0.12
nats). Enforcing a KL constraint slows the train-
ing while offering little benefit for entropy preser-
vation. Among SFT variants, GEM achieves the

N-gram Diversity
Figure 4: Accuracy vs. N-gram diversity.

highest entropy by keeping away from overcon-
fident distributions. However, this occurs at the
cost of ungrounded entropy, leading it to underper-
form CurioSFT on in-distribution tasks. PSFT and
DFT improve training stability, but since they do
not explicitly target exploration preservation, their
overall improvements remain limited. As shown in
Figure 4, we also report N-gram diversity (1 minus
N-gram similarity) and confirm that entropy preser-
vation consistently increases generation diversity.
Overall, these results indicate that CurioSFT suc-
cessfully preserves effective entropy while mitigat-
ing knowledge forgetting during the SFT stage.

Ablation Study. We ablate key components of
CurioSFT to quantify their contributions. Remov-
ing the Entropy-Guided Temperature Selection
module (Section 4.2) and using a fixed tempera-
ture 7 = 1.3 leads to a clear OOD drop (54.2% —
52.2%, -2.0 points), highlighting the importance
of token-level adaptivity for retaining knowledge.
Next, we remove the separate teacher model and



Table 3: Performance comparison in the RL stage.

In-Distribution Benchmarks Out-of-Distribution Benchmarks

Model

AIME25 AIME24 AMC23 MATH. Miner. Olymp. Avg. ‘ GPQA MMLU. ARC-C Avg.

Vanilla GRPO
Vanilla GRPO 18.8 20.8 62.8 84.7 46.7 500 473 ‘ 40.3 50.1 84.1 582
Hybrid SFT with RL
LUFFY (Yan et al., 2025) 29.4 23.1 65.6 87.6 49.5 572  52.1| 399 53.0 80.5 57.8
Prefix-RFT (Huang et al., 2025)  26.4 31.8 68.2 88.4 50.9 55.7 53.6| 39.1 52.1 84.0 584
RL-PLUS (Dong et al., 2025) 25.9 334 68.1 90.2 523 58.8 548 | 404 54.7 823  59.1
SFT-then-RL Paradigm

SFT + RL 24.6 32.1 68.1 88.2 51.9 57.1  53.7| 41.1 53.3 835 593
GEM (Li et al., 2024) + RL 27.5 34.6 71.1 90.8 52.1 61.3 562 | 40.3 54.1 837 594
DFT (Wu et al., 2025) + RL 24.2 31.3 69.8 91.3 50.5 59.0 544| 404 54.0 849  59.8
PSFT (Zhu et al., 2025) + RL 26.7 36.7 71.5 91.2 52.0 627 56.8| 42.8 554 85.1  61.1
CurioSFT+ RL 304 39.2 72.7 91.7 54.9 63.2 587 | 432 56.0 859 61.7
Impr. vs SFT+RL +5.8 +7.1 +4.6 +3.5 +3.0 +6.1 +5.0| +2.1 +2.7 +2.4  +24

directly use the current model as the teacher, which
causes a modest performance degradation, support-
ing the role of a stable teacher signal in providing
reliable entropy-preserving guidance.

Complexity. CurioSFT introduces additional
computation due to an extra forward pass and token-
wise temperature search, but the overhead remains
within a practical and acceptable range (43.2 —
53.9 seconds per step). Moreover, most of the cost
can be reduced by removing the separate teacher,
at the risk of a small performance drop.

5.2 Unlocking the Potential of the
SFT-then-RL Paradigm

Baselines. We next examine whether the pre-
served entropy during SFT leads to meaningful
gains in the RL stage. We compare our solution
against two families of baselines. First, we consider
single-stage hybrid SFT+RL methods that fuse of-
fline demonstrations with on-policy exploration
into one single stage. Specifically, LUFFY (Yan
et al., 2025) optimizes an RL objective on a mix-
ture of online rollouts and offline demonstrations;
Prefix-RFT (Huang et al., 2025) injects expert pre-
fixes to steer exploration; and RL-PLUS (Dong
et al., 2025) reuses expert examples during RL
through multiple importance sampling. Second,
we consider the standard two-stage SFT-then-RL
paradigm, where we run GRPO from the SFT
checkpoints in Section 5.1.

Results. Table 3 summarizes the results after the
RL stage. CurioSFT +GRPO pipeline achieves
the best overall performance, improving the two-
stage baseline SFT+RL from 53.7% to 58.7% on

Table 4: Robustness across different backbones.

Method AIME24/25 AMC MATH. Miner. Olymp. Avg.
Base model: Qwen3-4B-Base
Base model 6.3/4.2 420 53.0 17.9 20.8  24.0

SFT 20.4/19.6 53.0 83.5 474 4777 453
SFT + GRPO 27571229 629 89.0 50.2 579 517
CurioSFT 21.3/250 544 84.2 483 482 469
CurioSFT+ GRPO 28.8/279 650  89.7 53.6 59.1 54.0

Base model: Llama-3.1-8B-Instruct

2.1/25 193 432 26.3 148 18.0
SFT 83/11.7 383 68.1 32.7 356 325
SFT + GRPO 9.6/121 403 74.1 355 389 351
CurioSFT 10.0/104 389  69.0 33.0 36.6  33.0
CurioSFT+ GRPO 14.2/11.7 429 743 38.6 409 371

Base model

the in-distribution tasks (+5.0 points) and from
59.3% to 61.7% on the OOD tasks (+2.4 points).
The gains are most pronounced on the challeng-
ing AIME benchmarks, where CurioSFT+GRPO
reach 39.2% on AIME24 (vs. 32.1% for SFT+RL)
indicating that CurioSFT provides a substantially
better initialization for RL exploration. Moreover,
CurioSFT + GRPO consistently outperforms single-
stage hybrid methods, demonstrating that a well-
designed SFT stage that preserves effective explo-
ration can unlock a higher RL performance ceiling.

5.3 Algorithm Robustness

We further evaluate CurioSFT on Qwen3-4B-
Base (Yang et al.,, 2025) and Llama-3.1-8B-
Instruct (Grattafiori et al., 2024). As shown in Ta-
ble 4, CurioSFT consistently improves over vanilla
SFT on both backbones, improving the averaged
accuracy from 45.3% to 46.9% on Qwen3-4B (+1.6
points) and from 32.5% to 33.0% on Llama-3.1-
8B-Instruct (+0.5 points). These results validate
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Figure 5: Sensitivity to the entropy pivot Hpjyor.

that CurioSFT generalizes across model families
and sizes.

5.4 Hyperparameter Tuning

Unlike entropy loss, which typically requires care-
ful tuning of the loss weight, CurioSFT adaptively
computes a token-wise temperature and thus avoids
introducing an additional sensitive coefficient. In
practice, the key hyperparameter is the entropy
pivot Hpiyor in Eq. (7), which controls the overall
strength of the entropy regularization. Increasing
Hiivor weakens the overall encouragement (fewer
tokens receive a large entropy increment), while de-
creasing it makes the entropy increment larger for
more tokens, thereby preserving more entropy. We
sweep Hpiyor from 0.4 to 1.4. As shown in Figure 5,
performance peaks around Hpivoc = 1.2. Impor-
tantly, across the entire range, CurioSFT consis-
tently maintains performance gains over the base-
line, indicating that the proposed method is robust
to the choice of Hjyoy.

6 Related Work

SFT in Post-Training. SFT plays an irreplace-
able role in enhancing model capabilities during
post-training (Achiam et al., 2023; Team et al.,
2023). Generally, SFT serves two primary func-
tions: (a) serving as a large-scale knowledge in-
jection (Mecklenburg et al., 2024), which signif-
icantly enhances zero-shot performance on OOD
tasks (Wei et al., 2021); and (b) serving as a
cold-start initialization that enables the model to
rapidly adapt to specific response patterns, thereby
raising the performance ceiling for subsequent
post-training stages (typically RL). For example,
DeepSeek-R1 (Guo et al., 2025) utilizes a small
set of high-quality reasoning data to activate the
model’s inherent chain-of-thought capabilities be-
fore RL. ReTool (Feng et al., 2025) constructs a
diverse, high-quality tool-use dataset to instruct the
model on when to invoke specific tools. In this

paper, we focus on the latter role, investigating
how SFT can be optimized to provide a superior
initialization point for the subsequent RL stage.

SFT-then-RL vs. Hybrid SFT with RL. Sev-
eral studies argue that the two-stage “SFT-then-RL”
paradigm may underperform compared to apply-
ing RL directly to the base model (Zhang et al.,
2025a,b; Yan et al., 2025; Lv et al., 2025; Fu et al.,
2025). Hence, a line of research has explored
fusing SFT and RL into a single-stage hybrid
paradigm. For example, LUFFY (Yan et al., 2025)
updates the model using both expert demonstra-
tions and self-exploration rollouts via a weighted
RL loss. RL-PLUS (Dong et al., 2025) introduces
an exploration-based advantage function to balance
SFT and RL losses. HPT (Lv et al., 2025) integrates
the two objectives through a unified theoretical per-
spective. In contrast to these works, we empirically
demonstrate that when intrinsic exploration capa-
bilities are preserved during the SFT phase, the
SFT-then-RL paradigm achieves a higher perfor-
mance ceiling than hybrid approaches.

Diversity Regularization in SFT. The central
challenge in SFT lies in its inherent susceptibility
to overconfidence and diversity collapse. To ad-
dress this, several works have explored regulariza-
tion techniques. DFT (Wu et al., 2025) re-weights
token updates based on generation probabilities;
GEM (Li et al., 2024) employs reverse KL diver-
gence to prevent the distribution from converging to
a collapsed mode; and PSFT (Zhu et al., 2025) im-
poses trust-region constraints to limit policy drift.
However, none of these approaches address the
problem from the perspective of entropy collapse,
which is the key for effective exploration in the
“SFT-then-RL” paradigm.

7 Conclusion

In this paper, we address a critical bottleneck in
the SFT-then-RL paradigm: standard SFT induces
entropy collapse that severely constricts down-
stream exploration. We propose CurioSFT, an
entropy-preserving SFT method utilizing adaptive
self-distillation to maintain diverse yet valid ex-
ploration spaces. Experiments demonstrate that
CurioSFT consistently outperforms vanilla SFT in
both in-distribution and out-of-distribution tasks.
More importantly, we verify that the preserved ex-
ploration effectively transfers to the RL stage, un-
locking a significantly higher performance ceiling.



Limitations

While CurioSFT effectively preserves exploration
during SFT, we acknowledge two limitations. First,
our method incurs additional training overhead
compared to vanilla SFT, as it requires an extra for-
ward pass to compute the teacher distribution and
token-wise temperature selection. Nevertheless,
the added cost remains within a practical range in
our experiments. Second, our approach is bounded
by the base model’s intrinsic capabilities. Since
we rely on self-distillation to preserve and amplify
the model’s latent exploration, the benefit may be
smaller when the base model lacks sufficient prior
knowledge. Future work could incorporate external
signals to further enhance the exploration capability
beyond what self-distillation alone can provide.
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A Derivation of Entropy Loss
Let U be the uniform distribution, i.e., U (y) = ‘—1|

The KL divergence from my(- | s) to U is:
l)KL(W9(~|S)HZI>

] ) log MW 1 8)
= oy )log "0 12 Uy

yey

=Y oty ) (logmaly | 9) —log o)
yey

— Zm(y | s)logmg(y | s) + log|V|
yey

= —H(mp(- | 8)) + log|V|.

Since log|V| is constant w.rt. §, minimizing
Dxi(mo(- | s)||U) is equivalent to maximizing
H(my(- | s)). Therefore, naive entropy regulariza-
tion implicitly encourages the model distribution
to move toward the uniform distribution over V.

B Proof of Monotonicity

Theorem 1. Let my(- | s;7) = softmax(zg(- |
s)/T) be the distribution derived from logits zp(- |
s) with temperature 7. Then the entropy H(my(- |
S; 7')) is non-decreasing with respect to T.

Proof. For brevity, let 7, denote 7y (y | s;7), and
let z, denote the logit for token y (i.e., 2z, := 24 (y |
s)). Recall that:

log 7, = o log Z(7),
T

where Z(7) is the partition function. The derivative
of the entropy H (7) = —E[log 7] with respect to
7 is derived as follows:

Z 87Ty logwy Zﬂyalggiﬂy

= —Z 8—7_ylog7ry (since Zﬂ'y =1)
y Y

_ Z Omy (Zy log Z)
1 0

- _ngyé}. ®)

Using the standard derivative of the softmax func-
omy Ty

tion 5! = % (IE7r [z] — zy) and substituting this
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into Eq. (8), we have:
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Since Var,[z] > 0 and 7 > 0, the derivative is al-
ways non-negative. Notably, the variance Var,[z]
vanishes if and only if the distribution 7 is uniform.
Thus, H(mg(- | s;7)) is strictly non-decreasing in
T, except in the case of a uniform distribution. [

C Temperature scaling as the KL-closest
higher-entropy teacher

To reduce overconfidence while staying close to
7, we aim to construct a teacher distribution 7'
that satisfies two requirements: (i) it has higher
entropy than the current policy, so it encourages
exploration; and (ii) it remains KL-close to m, so the
supervision signal is stable and capability-aware.
This naturally leads to the following constrained
optimization problem:
w(-|))

H(7rt°h(- |s)) > H(w(-|s)) + A.

P1: min DKL(W‘Ch(. I's) H (10)
e

S.t.

Theorem 2 (Temperature scaling is the optimum
of P1). Given an entropy increment A, the unique
optimum 7'" of (10) is a temperature-scaled dis-
tribution: there exists a unique T > 1 such that

My |s) =n(y|s;7)

exp(2(y | 8)/7)
yevexp(z(y | 8)/7)’

and it satisfies H(m'" (- | s)) = H(w(- | s)) + A.

1D

Proof. We solve P1 by forming its Lagrangian and
applying the KKT conditions. For convenience,
denote the target entropy as H*" = H(n (- |s)) +
A. Rewrite the inequality constraint in the standard
KKT form:

g( tch)

with KKT multiplier Ay > 0. Since H(7'M) =
— ey Ny | s)lognM(y | s), we have

Htar . H(ﬂ_tch(_ | S)) < 07
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g(mteh) = Far 4 Zyev 7N (y | s)log TN (y | s).

The Lagrangian of P1 is:
’C’(Trmh’ >‘a )‘H) =

ZWtChy|SIOg y|S)
2 =

+ A(ZﬂtCh(y | s) — 1>

yey

te tch tch
+AH(H‘“+Z€;WC (y | 's)logm(y | S)),
Yy

tch (

(12)
where A is the multiplier for normalization and
Ay > 0 is the KKT multiplier for g(7'") < 0.
Taking the derivative w.r.t. 7" (y | s) and setting it
to zero:

(1+logm*(y | s)) —logm(y | s) +
+ A (1 +logm(y | 5)) = 0.

Simplifying the above equation gives:

(13)

tch (

logm(y | s) = logm(y |s)+C, (14)

14+ Ay
where C' is a normalization constant independent
of y. Define 7 := 1 4+ Ap, then we obtain a power-
form solution:

yls) oy | )7,

mh( (15)

When A > 0, the entropy constraint must be
active at optimum; otherwise one could move
7t closer to 7 and strictly decrease Dyt (7'"||7)
while remaining feasible. Thus, by complemen-
tary slackness, Ay > 0 and hence 7 > 1. Using
m(y | s) < exp(z(y | s)), we have:

tch(y ’ S) x 7T(y ‘ S)l/f o (exp(Z(y | S)))

oc exp(z(y | 8)/7),

1/7

(16)
which is exactly the temperature-scaled softmax
form in (11) after normalization. Finally, by Ap-
pendix B, under the full-support assumption the
entropy H(7(- | s;7)) is continuous and strictly
increasing in 7, so there exists a unique 7 > 1 such
that H(w(- | s;7)) = H™. Since Dk (-||7) is
convex in its first argument and the feasible set is
convex because entropy is concave, P1 is a convex
optimization problem. Therefore, any distribution
that satisfies the KKT conditions is globally opti-
mal. Consequently, the teacher distribution con-
structed by temperature scaling is the KL.-closest
distribution to 7 among all distributions whose en-
tropy is increased by at least A. O



1 @torch.no_grad()
2 def compute_tau_from_logits(
3 logits: torch.Tensor,
tau_min: float = 1.1,
tau_max: float = 1.5,
topk: int = 512,
iters: int = 15,
) -> torch.Tensor:
9 N, V = logits.shape
device, dtype = logits.device, logits.dtype
vals, _ = torch.topk(logits, k=topk, dim=-1)

def entropy_from_topk(vals_: torch.Tensor, tau_:
< torch.Tensor) -> torch.Tensor

logp = torch.log_softmax(vals_ / tau_, dim=-1)
p = logp.exp()
return -(p * logp).sum(dim=-1)

tau_1 = torch.ones((N, 1), device=device,
< dtype=dtype)
H_now = entropy_from_topk(vals, tau_1)

H_pivot = 1.2

scale_factor = 2.0

H_max = 0.5

delta = H_max * torch.sigmoid((H_now - H_pivot) =*
< scale_factor)

H_star = H_now + delta

[N
tau_lo = torch.full((N, 1), tau_min, device=device,
— dtype=dtype)
tau_hi = torch.full((N, 1),
< dtype=dtype)

32 tau_max, device=device,
33
34
35
36
37
38
39
40
41

H_lo = entropy_from_topk(vals, tau_lo)
H_hi = entropy_from_topk(vals, tau_hi)
H_star = torch.clamp(H_star, min=H_lo, max=H_hi)

for _ in range(iters):
tau_mid = (tau_lo + tau_hi) / 2
H_mid = entropy_from_topk(vals, tau_mid)
go_hi = (H_mid < H_star).unsqueeze(-1)

P
42 tau_lo = torch.where(go_hi, tau_mid, tau_lo)
43 tau_hi = torch.where(go_hi, tau_hi, tau_mid)

44

45 return ((tau_lo + tau_hi) / 2).squeeze(-1)

Figure 6: PyTorch implementation of entropy-guided
temperature search.

D Efficient Implementation of
Entropy-Guided Temperature Search

Leveraging the monotonic relationship between
entropy and the sampling temperature, we can find
a unique temperature 7; whose entropy matches
a desired target via binary search. To make this
procedure efficient in large-scale LLM training, we
implement it with two key design choices:

* Vectorized binary search. Instead of searching
for 7; token by token, we perform a batched bi-
nary search over all tokens in a mini-batch using
vectorized PyTorch operations.

* Top-k entropy approximation. The softmax dis-
tribution over the vocabulary is typically heavy-
tailed, so the entropy is dominated by the highest-
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Table 5: Hyperparameters in SFT stage

Parameter Name Value
Epochs 3
Batch Size 256
Max Response Length 8192
Learning Rate le-5
Warm Up Style cosine
Warm Up Steps 60

Table 6: Hyperparameters in RL stage

Parameter Name Value
Training Steps 500
Batch Size 128
Mini Batch Size 64

Max Response Length 8192

Learning Rate le-6
Clip Higher 0.28
Clip Lower 0.2
KL coefficient 0.0
Rollout Numbers 8
Rollout Temperature 1.0
Rollout Top_p 0.95

probability tokens. We therefore approximate the
full entropy using only the top-k logits:

— > Aoy | si)logFo(y | st)

yev:k

~
~

H (mo(- | st))

(17)
where V.;, denotes the top-k tokens and 7y is the
distribution renormalized over this subset.

The full implementation of the search procedure is
shown in Figure 6. In all experiments, we set k =
512, which reduces the complexity of the entropy
computation from O(|V|) to O(k) and leads to only
a modest training overhead.

E Experiment Setting

Training. For both SFT and RL, we use
Verl (Sheng et al., 2024) as the training frame-
work and vLLM (Kwon et al., 2023) as the infer-
ence engine. All experiments are conducted on
8x NVIDIA H800 GPUs. We update the teacher
model every n = 5 steps with a decay p = 0.99.
The full SFT hyperparameters are provided in Ta-
ble 5. For the RL stage, we generate N = 8 candi-
date responses per question to estimate the advan-
tage. We use a binary reward: a response receives



reward 1 if it matches the ground truth (verified by
Math-Verify (Kydlic¢ek, 2025)) and follows the
required format, and O otherwise. The full RL hy-
perparameters are listed in Table 6. We use the
prompt template in Table 7 for both SFT and RL
training.

Dataset Processing. We use OpenR1-Math (Yan
et al., 2025) for both SFT and RL training. We
observe that a large portion of the questions con-
tain irrelevant or distracting information. To re-
duce such noise, we rewrite the questions using
DeepSeek-V3 (Liu et al., 2024) and keep the orig-
inal ground-truth answers unchanged. Example
rephrase prompts are shown in Table 8.

Table 7: Training Prompt

<lim_startl>system

You are an exceptional mathematician.
Your task is to solve mathematical questions
through a systematic and thorough reason-
ing process. This involves careful analysis,
exploration of possible approaches, ver-
ification of intermediate steps, critical
reassessment, and iterative refinement of
your reasoning process.

Structure your response in two dis-
tinct sections: “Thought” and “Solution”.
In the “Thought” section, present your
detailed reasoning process in the following
format:

<think>

Your detailed reasoning, including brain-
storming, logical deductions, verification,
and refinement of ideas.

</think>

This section must conclude with “</think>",
and should reflect deep, reflective, and
self-correcting thinking process.

In the “Solution” section, following the
“</think>", concisely draw the final, logical,
and accurate answer from your reasoning.

Please output your final answer within
\boxed{ }.<lim_endI>

<lim_start/>user

Here is the question:{question }<lim_endI>
<lim_start|>assistant

<think>
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Table 8: Question Rephrase Prompt

I will provide a post from a math-related
forum that contains a math problem. Your
task is to extract only the math problem
statement and remove any irrelevant or
noisy content (e.g., commentary, solutions,
chat, metadata). Keep the original wording
and question type intact, and present the
extracted problem clearly and concisely.

Remove any redundant context, personal
commentary, anecdotes, or unrelated
information. But make sure not to change
the meaning of the problem and keep all
necessary mathematical or technical details.

Here are a few examples.

Example 1:

Input:

What is the remainder of 86 4 77 + 68 is
divided by 5?

no calculator, of course, paper isn’t needed
either, but sure.

Output:
What is the remainder of 8% + 77 + 68 when
divided by 5?

Example 2:

Input:

(20 points) Let x,y be non-zero real

numbers, and satisfy iigﬁ% =
5 —ysin ¢

tan g—g.(l) Find the value of ¥;

Output:

Let x,y be non-zero real numbers, and

. xsin T+ycos T 9 .
5 5 — s
satisfy Toos Fogsn ¥ = tan 55. Find the
value of £.

Now, here is the text you need to ex-
tract the problem.

Input:
{question}

Output:
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