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Abstract

Large Language Models (LLMs) are typically
adapted to downstream tasks through Super-
vised Fine-Tuning (SFT), where Cross Entropy
(CE) loss is used to maximize the likelihood
of ground-truth tokens. While effective for
aligning with observed data and establishing
strong domain grounding, SFT alone often
limits the model’s ability to explore alterna-
tive plausible outputs, potentially narrowing
its decision space. Conversely, Reinforcement
Learning (RL) enables reward-driven explo-
ration and refinement but relies heavily on a
well-aligned initialization to achieve stable and
sample-efficient training. In real-world deploy-
ments, practitioners frequently grapple with the
question: How much SFT is sufficient, and
when should RL take over? This work inves-
tigates the complementary trade-off between
SFT and RL approaches such as GRPO, fo-
cusing on how both stages jointly influence
model exploration and exploitation. We pro-
vide a quantitative analysis across multiple do-
mains to understand how varying the extent of
SFT influences a model’s exploratory behavior
and downstream RL effectiveness. Our findings
aim to guide in determining optimal SFT check-
points (CKPTs) that balance domain alignment
with exploration capacity, thereby maximizing
final domain performance while minimizing
overfitting after the joint post-training. Our
data and code are open source at GitHub.

1 Introduction

Foundation model development has been empow-
ering applications in language, vision, robotics and
beyond (Li et al., 2019; Sun et al., 2019). These
models usually go through a multi-step process
until its finally applied to utility in a specific do-
main. Initially a base (or a pre-trained model) is
usually created by pre-training on large-scale text
and image data (Radford et al., 2018; Dai and Le,
2015; Devlin et al., 2019). The primary goal of
pre-training is to encode the world’s (in a narrow

sense, the Internet’s) knowledge into the model, the
model is trained to predict the next token over many
different sequences prior to it. However, while a
base model can be very knowledgeable, the train-
ing objective of simply predicting the next token
also makes it less useful in most applications.

In order to make the LLM actually helpful in
answering questions, we usually take a base model
and go through post-training. Post-training aims to
align model behavior with desirable properties such
as helpfulness, honesty, and harmlessness, while
also enhancing task-specific capabilities beyond
those acquired during pre-training (Qiu et al., 2025;
Parthasarathy et al., 2024). Prior work has explored
improvements to individual post-training methods,
for example by augmenting the standard SFT objec-
tive with entropy regularization to preserve output
diversity (Li et al., 2024), or by leveraging self-
generated data through self-play to iteratively ex-
tend performance beyond the limits of static human-
annotated datasets (Chen et al., 2024). Other stud-
ies have examined the comparative effects of SFT
and RL on properties such as generalization and
memorization (Shenfeld et al., 2025; Chen et al.,
2025). However, in practical deployments (?Tou-
vron et al., 2023b), these methods are typically ap-
plied in sequence as part of a unified post-training
pipeline. Despite this widespread practice, there
remains limited systematic understanding of how
one stage influences the effectiveness of the subse-
quent stage, or how to monitor and optimize this
interaction. In particular, relatively little work has
jointly analyzed the combined effects of SFT and
RL within a single framework.

In this work, we demonstrate that both SFT and
RL are necessary to achieve strong domain exper-
tise, while also identifying how to determine the
optimal extent of SFT for a given dataset. We
argue that post-training outcomes depend on the
model’s pretraining knowledge and the entropy of
the supervision data, and we introduce quantitative
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indicators to characterize this interaction. Through

controlled ablations on diversity, entropy, and ac-

curacy, we empirically analyze how the combined

SFT+RL pipeline shapes final model performance.
Our main contributions are:

* We systematically quantify the effect of SFT
on token-level probability concentration and
reduced generative stochasticity is based on
the inherent capacity of the base model and
also the dataset complexity.

* We study the extent of model drift from the
pretrained model with its changes in output
diversity, entropy, and exploration capacity.

* Through comprehensive empirical findings,
we propose practical indicators for determin-
ing when it is more beneficial to transition
from SFT to RL fine-tuning.

2 Related Work

Pretraining vs. Post-training Modern LLMs rely
on a two-stage training paradigm. Pretraining on
massive web-scale corpora enables models to ac-
quire broad linguistic, factual, and reasoning capa-
bilities by optimizing next-token prediction objec-
tives (Radford et al., 2019; Brown et al., 2020;
Chowdhery et al., 2023; Touvron et al., 2023a;
Achiam et al., 2023). However, pretrained mod-
els often lack task alignment, controllability, and
domain specialization. Post-training methods have
therefore emerged as critical stages for aligning pre-
trained models with human preferences and down-
stream task requirements (Ouyang et al., 2022;
Bai et al., 2022). Recent work has shown that
strong pretrained representations significantly im-
prove post-training efficiency and downstream per-
formance scaling (Kaplan et al., 2020; Hoffmann
et al., 2022; Wei et al., 2022), while other studies
demonstrate that post-training is essential for in-
struction following, safety, and domain adaptation
even when pretraining is extensive (Sanh et al.,
2021; Chung et al., 2024; Touvron et al., 2023a).
In this work, we propose how to optimally monitor
the jointly used post-training methods RL and SFT.

SFT vs. RL Prior studies indicate that SFT is
limited by its reliance on fixed supervision distribu-
tions, which can restrict exploration and propagate
annotation biases, often leading to sharper and less
stochastic output distributions (Gururangan et al.,
2020; Sanh et al., 2021; Chung et al., 2024). In con-
trast, RL enables optimization directly against re-

ward signals, allowing models to discover solutions
beyond demonstration data and to explicitly penal-
ize undesirable responses (Stiennon et al., 2020;
Bai et al., 2022; Rafailov et al., 2023; Chu et al.,
2025). RL also introduces on-policy sampling,
which exposes models to their own failure modes
and provides corrective training signals that are ab-
sent in SFT. Recent work has also explored orthog-
onal improvements to each paradigm individually:
for SFT, methods such as entropy-augmented ob-
jectives and diversity-enhanced supervision aim to
improve generalization and mitigate distributional
collapse (Li et al., 2024; Chen et al., 2024), while
for RL, classical policy-gradient approaches such
as REINFORCE (Williams, 1992) and emerging
reward-shaping techniques seek to improve learn-
ing stability, and alignment quality.

Nevertheless, empirical studies consistently
demonstrate that models trained using staged
pipelines combining SFT followed by RL achieve
superior performance, controllability, and align-
ment compared to models trained using either
paradigm in isolation (Ouyang et al., 2022; Bai
et al., 2022). We aim to establish a principled
framework for determining how to optimally bal-
ance imitation-based learning and reinforcement-
based optimization by analyzing the consequences
of over-reliance on either stage in isolation.

Through comprehensive empirical analysis, we
show that there exists an optimal post-SFT regime
in which models are best suited for subsequent
RL alignment. We characterize this regime using
a proposed metric, the Rigidity Index (an inverse
proxy for entropy), and identify an inflection point
in the accuracy-rigidity curve where rigidity be-
gins to increase faster than accuracy. We demon-
strate that initializing RL from CKPTs prior to this
point yields limited performance gains, while ini-
tializing beyond it produces only marginal accuracy
improvements at the cost of substantial losses in
exploration capacity and output diversity.

Beyond identifying the optimal SFT regime for
RL initialization, our analysis reveals several pre-
viously underexplored dynamics of staged post-
training. We show that model rigidity serves as a
predictive indicator of downstream RL improve-
ment potential, with excessive rigidity limiting
achievable gains under fixed RL budgets. Further-
more, diversity losses incurred during heavy SFT
persist throughout RL training and are not recov-
ered by reward-driven optimization. We also ob-
serve reduced sensitivity to sampling temperature
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in highly fine-tuned models, indicating constrained
generative support even under stochastic decoding.
Finally, by analyzing KL divergence relative to the
pretrained model, we demonstrate that greater de-
parture from the base model will lead to a greater
distributional shift and would not necessarily trans-
late to improved task performance.

3 Experimental SetUp

3.1 Tasks and Dataset

We consider two domains: Math and Science. For
each domain, the available data is partitioned into
three disjoint subsets: one used for training with
SFT method, one used for the corresponding RL
training and one used as a test set. Benchmark
datasets and the partitioned test set remain fixed
across all experiments, enabling consistent perfor-
mance comparison and qualitative analysis across
different training configurations.

In the Math domain, models are trained using the
DeepMath (He et al., 2025) dataset (7k samples)
and evaluated on the held-out DeepMath test set
(2k samples) as well as two additional benchmarks:
Olympiad Bench (He et al., 2024), and MATH-500
(Hendrycks et al., 2021).

In the Science domain, models are trained on
OpenScience (NVIDIA Corporation, 2025) data
(4k samples) and evaluated on the OpenScience
held-out test set (1k samples), and GPQA-Diamond
(Rein et al., 2024). All experiments are conducted
using two model variants: DeepSeek-R1-Distill-
Qwen 1.5B (DQ-1.5B) and DeepSeek-R1-Distill-
Qwen 7B (DQ-7B) (Guo et al., 2025).

Different training hyperparameters, including
learning rate schedules, weight decay, and advan-
tage estimation strategies, can significantly influ-
ence the trade-off between downstream task perfor-
mance and model rigidity. To systematically study
this relationship, we train multiple model variants
across diverse hyperparameter settings and select
models that outperform less fine-tuned CKPTs in
domain accuracy while minimizing collapse in
token-level stochasticity. We identify the Pareto
frontier between task performance and model rigid-
ity, representing the set of models for which any
further improvement in task accuracy necessarily
results in significant increase in rigidity.

3.2 Maetric Definitions

Domain accuracy alone does not fully capture the
effects of extensive SFT on model behavior. To

better understand these impacts, we additionally
evaluate two complementary metrics: the KL diver-
gence with respect to the pretrained model and a
newly proposed metric, the Rigidity Index. KL di-
vergence quantifies the extent to which fine-tuning
causes the model to deviate from the pretrained
distribution, serving as a proxy for the loss of gen-
eralization and out-of-distribution robustness.

3.2.1 Rigidity Index

We quantify model rigidity at decoding time using
Rigidity Index, which measures the concentration
of probability mass among the top-k tokens at each
decoding step. Intuitively, higher rigidity corre-
sponds to lower entropy and reduced exploratory
capacity during generation.

Letz,; € R" denote the model logits over a vo-
cabulary of size V' for batch element b at decoding
step t. We first compute log-probabilities using the
log-softmax:

eXp(Zb,t,v)
log py.¢(v) = log = .
Zv':l exp(zb,t,v')

Let K, denote the set of the top-k tokens with
the highest log-probabilities at step ¢t. We define
the normalized top-k probability distribution as:

pb,t(v)
UIE’Cb,t pb,t(vl)

forv € Ky (2)

ﬁb,t(v) = Z

The entropy over the top-k distribution is then
computed as:

Hb,t == Z ﬁb,t(v) 10g15b7t(71)- 3)

vEICb’t

We normalize the entropy by its maximum value
log k and define the Rigidity Index as:

Hy
Rot =1~ 1o p

)

Finally, the overall Rigidity Index is the average
over all decoding steps and batch elements:

B T
- 1
Rigidity = BT Z Z Ry;. ®)
b=1t=1

3.2.2 Inflection Point Calculation

Since accuracy and the Rigidity Index operate on
different numerical scales, we first apply min—-max
normalization to rescale both metrics to a common
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range, enabling meaningful comparison of their rel-
ative growth dynamics. Let A(t) and R(t) denote
the normalized accuracy and rigidity at SFT step ¢,
respectively.

We define their marginal growth rates as:

oa(t) = 2280

gr(t) = =5 (©

The first inflection point t* is defined as the ear-
liest training step satisfying:

t* =min {t | gr(t) > ga(t)}. (7

This criterion marks the transition where rigidity
grows faster than accuracy, indicating diminishing
marginal utility from further supervised fine-tuning.
We also highlight the region surrounding the inflec-
tion point, which represents the most promising
range of SFT CKPTs for subsequent RL tuning.

3.2.3 Type Token Ratio (TTR)

We calculate the diversity in the model trajecto-
ries using TTR. TTR is defined as the ratio of the
number of unique tokens to the total number of
tokens across all generated solutions. We should
observe an increase in TTR to indicate higher diver-
sity in trajectories. Let S = {s1,..., sy} denote a
set of IV generated solutions, where each solution
§; = (ti’l, ... ,ti’|si|) is a sequence of tokens. The
Type—Token Ratio is computed as:

|U¢]\i1{ti,j | j = 17--~7|3i|}|
Zij\il |Sz|
4 The Effect of SFT

TTR =

®)

In domain-specific SFT where each input is paired
with a single annotated response, the optimization
objective reinforces only one trajectory in the out-
put space. This leads to progressive concentration
of probability mass around the supervised target,
resulting in reduced entropy and increased diver-
gence from the pre-trained base distribution.

4.1 Accuracy vs Rigidity Tradeoff

As expected, increasing the number of supervised
fine-tuning (SFT) steps leads to consistent improve-
ments in domain-specific accuracy. In Figure 1 and
5, we observe a near-linear relationship between
model accuracy and the corresponding decline in
exploration capacity, as measured by the Rigid-
ity Index. Although early training epochs exhibit

some variability in rigidity, an overall linear in-
crease emerges with respect to the number of SFT
steps. Additionally, we identify the first inflection
point in each graph, defined as the stage at which
the rate of increase in rigidity surpasses the rate
of accuracy improvement. In practice, optimiza-
tion pipelines often prioritize maximizing accuracy,
which can inadvertently favor heavily SFT-trained
models for subsequent fine-tuning stages. By iden-
tifying this inflection point, we analyze how mod-
els trained before and after this transition differ in
their behavior and adaptability during downstream
RL training. The blue asterisks highlight the max-
imum accuracy achieved after RL. when starting
from each corresponding SFT CKPT. As shown in
the figure, the RL performance gradually levels off
and reaches its peak near the inflection point.

For mathematical tasks at 1.5B scale, SFT pro-
duces a smooth accuracy trajectory, with late onset
of rigidity dominance and sustained RL effective-
ness near the transition region. In contrast to math,
science tasks at 1.5B scale exhibit early rigidity
growth relative to accuracy gains, indicating pre-
mature distributional compression that constrains
subsequent RL improvements. For mathematical
tasks at 7B scale, the model maintains plasticity
over a larger SFT regime, enabling sustained ac-
curacy improvements before rigidity growth dom-
inates. Although scaling to 7B substantially im-
proves science accuracy and delays rigidity onset,
the specialization pressure remains stronger than in
mathematical domains, leading to earlier transition
into a rigidity-dominated regime.

The earlier transition observed in science bench-
marks may be partly attributed to the smaller train-
ing corpus (7k in math versus 4k in science). A
reduced dataset accelerates coverage of the em-
pirical distribution, leading to faster entropy ex-
haustion during fine-tuning. Consequently, sub-
sequent updates primarily sharpen existing output
modes rather than acquiring new capabilities, caus-
ing rigidity to increase disproportionately relative
to accuracy. This effect is especially pronounced
in smaller models, where limited capacity further
amplifies data scarcity.

4.2 Dataset Entropy Exhaustion and SFT
Saturation

We also observe that supervised finetuning satu-
ration occurs at similar training durations across
both 1.5B and 7B parameter models especially for
Math Domain. While larger models possess greater
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Figure 1: Orange markers and curves represent the Rigidity Index, while light blue markers and curves denote model accuracy
for DQ-1.5B (Top row) and DQ-7B (Bottom row) during supervised fine-tuning on Math and Science tasks. The red vertical line
indicates the identified inflection point, where rigidity growth begins to exceed accuracy improvement. Blue asterisks denote the
maximum accuracy achieved after subsequent RL training when initialized from the corresponding SFT CKPTs.

representational capacity, SFT primarily operates
as a distribution sharpening mechanism over pre-
trained representations rather than learning new
domain knowledge from scratch. Hence, the point
of diminishing accuracy returns is governed more
strongly by dataset entropy and supervision diver-
sity than by model capacity. Since both models
are trained on identical supervision data, they ex-
haust dataset signal at comparable training steps.
Larger models often exhibit faster adaptation to
supervised targets due to improved representation
reuse and optimization efficiency, which can further
explain why saturation does not necessarily occur
later for higher-capacity models. Our observations
therefore suggest that the transition from beneficial
alignment to rigidity-driven over-specialization is
primarily data-limited rather than capacity-limited.

Let D = {(z,y)} denote a supervised
dataset drawn from an underlying data distribution
Wg(y|x). Supervised fine-tuning (SFT) optimizes
the model policy 7y (y|z) by minimizing the cross-
entropy loss:

Lspr(0) = ~Eqop, yory(-|2) [log mo(ylz)] (9)

Let us define the conditional entropy of the
dataset distribution as:

Hp(Y|X) = ~Eyp | ) ms(yle)log ms(yla)

y
(10)
During SFT training over steps ¢, the model dis-
tribution g, progressively approaches m3. We de-
fine the dataset entropy exhaustion ratio as:

E,-p [H (m,(+|2))]
Hp(Y|X)

r(t)=1- (11)

where

H (7, (+|2)) = —Zﬂot(y|$)10g7ret(y|x)

Y

(12)
measures the conditional entropy of the model
output distribution. As training progresses, I'(t)
increases, indicating that the model distribution col-
lapses toward the low-entropy supervision distri-
bution. This condition formalizes that the training
distribution is proportional to the entropy in the

data distribution.

5 The Effect of RL

5.1 Experimental Setup

To establish a uniform comparison across mod-
els trained with varying levels of supervised fine-
tuning, we evaluate RL performance using the
GRPO method (Shao et al., 2024) with a static
trajectory-level reward assigned to each query.

To isolate the effect of RL training, we deliber-
ately avoid incorporating KL divergence penalties
or entropy regularization during advantage estima-
tion. This allows us to evaluate the pure contribu-
tion of RL optimization without explicit constraints
that enforce proximity to the reference policy.

Similar to the SFT stage, RL training exhibits
inherent stochasticity. To account for this variabil-
ity, we conduct multiple independent RL runs for
each SFT-initialized model and select trajectories
that demonstrate the most significant improvement
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Figure 2: RL performance on different SFT CKPTs of DQ-1.5B and DQ-7B across Math (Top row) and Science
(Bottom row) domains. SFT CKPT yielding the highest post-RL performance is highlighted with a solid line.
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Figure 3: (Top row) Shows the evolution of the average log-probability gap between the top two tokens during
RL training when initialized from different SFT CKPTs. As the number of SFT steps increases prior to RL, the
probability gap widens more rapidly, indicating increased distribution sharpness and reduced exploratory behavior
at each decoding step. (Bottom row) Illustrates the trajectory of output entropy during RL training for models
initialized from varying SFT CKPTs. Models starting from heavier SFT exhibit lower initial entropy and experience
a steeper entropy decline during RL. X-axis indicates the no. of RL training steps for a given batchsize.

in domain accuracy. For consistency and fairness
across models, each RL experiment is conducted
under a fixed number of training epochs, and a
constant evaluation dataset.

While determining optimal stopping criteria for
RL remains an important direction for future work,
the objective of this study is to evaluate the rela-
tive final performance outcomes when applying a
controlled and equivalent amount of RL training to
models initialized from different SFT stages.

5.2 Analysing SFT CKPTs post RL

In Figure 2 and 6, we present the effects of ini-
tializing RL training from different SFT CKPTs
across both Math and Science benchmarks. For
both the 1.5B and 7B models, we illustrate the
RL training trajectories when initialized from SFT

CKPTs spanning from early epochs (epoch 1) to
later stages (epoch 4 or 5). We observe that models
initialized from lightly supervised CKPTs, such as
epoch 1, fail to achieve strong accuracy improve-
ments during RL and tend to plateau early. In
contrast, CKPTs (marked with solid line) closer to
the identified inflection point consistently achieve
the highest performance gains under RL training.
Furthermore, models trained beyond the inflection
point exhibit performance that is largely compara-
ble to models initialized at the inflection point. This
suggests that additional SFT beyond this stage pro-
vides diminishing returns in RL performance while
substantially increasing model rigidity. For clarity,
RL training from the base model is not plotted be-
cause its substantially lower accuracy compresses
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Olympiad Bench Test DeepMath GPQA-Diamond Test Openscience
RL CKPT Pre-RL  Post-RL Pre-RL  Post-RL Pre-RL  Post-RL Pre-RL  Post-RL
DQ-1.5B
Epoch-1 0.108 0.137 (+27%) 0.126 0.134 (+6%) 0.72 0.76 (+5%) 1.05 1.12 (+7%)
Epoch-2 0.126 0.148 (+17%) 0.144 0.155 (+7%) 0.83 0.90 (+9%) 1.19 1.23 (+3%)
Epoch-3 0.130 0.166 (+28%) 0.159 0.173 (+9%) 0.87 0.97 (+13%) 1.26 1.34 (+7%)
Epoch-4 0.141 0.180 (+28%) 0.166 0.191 (+15%) 0.97 1.05 (+7%) 1.34 1.44 (+8%)
Epoch-5 0.144 0.191 (+32%) 0.173 0.209 (+21%) 0.97 1.16 (+19%) 1.37 1.48 (+8%)
DQ-7B
Epoch-1 0.173 0.180 (+4%) 0.166 0.199 (+20%) 0.79 0.83 (+5%) 1.41 1.77 (+26%)
Epoch-2 0.177 0.188 (+6%) 0.173 0.217 (+25%) 0.87 0.90 (+4%) 1.62 1.91 (+18%)
Epoch-3 0.199 0.202 (+2%) 0.195 0.227 (+17%) 0.89 0.94 (+6%) 1.73 2.13 (+23%)
Epoch-4 0.245 0.249 (+1%) 0.235 0.260 (+11%) 0.90 0.97 (+8%) 1.77 2.24 (+27%)
Epoch-5 0.264 0.267 (+1%) 0.260 0.274 (+6%) 0.94 1.01 (+8%) 1.88 2.38 (+27%)

Table 1: KL divergence with respect to the base model pre & post RL across SFT CKPTs for DQ-1.5B and DQ-7B models.

the scale of the figures; however, these runs were
performed and do not alter the reported trends.

In Figure 3 to further analyze these behaviors,
we evaluate the impact of RL training using entropy
trends and the gap between the top two token log-
probabilities. We observe that models trained with
heavier SFT already begin RL with a larger gap be-
tween their top two token probabilities, indicating
increased output confidence and reduced stochastic-
ity. Moreover, this gap widens more rapidly during
RL for heavily SFT-trained models, suggesting ac-
celerated distribution sharpening. A similar pattern
emerges in entropy analysis: models with greater
SFT begin RL with lower entropy and experience a
faster entropy decline as RL progresses. Together,
these observations reinforce the hypothesis that ex-
cessive SFT leads to reduced exploratory capacity,
which persists and amplifies during subsequent RL
optimization. Collectively, these results indicate
that the inflection point serves as an effective indi-
cator for identifying an optimal balance between
insufficient and excessive supervised fine-tuning.

5.3 KL Divergence Pre & Post RL

The table 1 reports the KL divergence with respect
to the pretrained model for CKPTs obtained before
and after RL fine-tuning across multiple bench-
marks. Each row corresponds to a model initialized
for different epochs, with all CKPTs subsequently
trained using an identical RL procedure and budget.
We observe that models subjected to more exten-
sive SFT already exhibit higher divergence prior to
RL, and this gap widens further after RL training.
Consistent with prior observations that RL seeks
to optimize behavior without inducing large distri-
butional shifts relative to the base model (Shenfeld
et al., 2025), we observe moderate increases in KL
divergence after RL across most settings. However,

models that undergo more extensive SFT begin RL
from already shifted distributions, and RL training
on these CKPTs causes further distributional shift
away from the pretrained model. Consequently, the
overall deviation grows with the amount of prior
supervised fine-tuning. Notably, the most strongly
deviated models typically correspond to the latest
SFT epochs (shown in red), indicating that deeper
supervised fine-tuning stages predispose the model
to larger cumulative shifts once RL is applied.
Although the science benchmarks also consist
of deterministic rewards, we observe substantially
larger KL divergence compared to mathematical
tasks. We hypothesize that the divergence arises
from differences in the reasoning trajectories rather
than the final outputs. Mathematical solutions
exhibit highly structured, symbolic, and procedu-
ral patterns, which remain relatively stable under
RL optimization. In contrast, science reasoning
involves more linguistically diverse and concept-
driven explanations, allowing RL to alter discourse
structure, evidence weighting, and reasoning style.
We claim that alignment modifies reasoning poli-
cies more aggressively in linguistically flexible do-
mains than in structurally constrained ones.
Overall, both pre and post-RL the KL values
increase monotonically with SFT depth, suggest-
ing that excessive supervised fine-tuning pushes
the model into progressively narrower regions of
parameter space that RL then reinforces further.

5.4 Diversity on Benchmark

To further understand the impact of the RL-SFT
CKPTs we measure output diversity using similar-
ity metrics like Jaccard similarity score and TTR on
the model outputs. Figure 4 illustrates the trade-off
wherein models initialized from higher SFT CKPTs
exhibit significantly greater token-level similarity
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Figure 4: Jaccard Similarity Score and TTR Ratio for DQ-1.5B and DQ-7B SFT + RL trained models.

following a fixed amount of RL training. Specifi-
cally, we observe that models starting from heavier
SFT consistently achieve higher Jaccard similarity
scores across all sampling temperatures. Across
all plots in Figure 4 and 7, SFT CKPTs from later
epochs (4-5) consistently start with higher Jaccard
similarity across all temperatures, whereas earlier
CKPTs (1-2) exhibit comparatively lower similar-
ity. As the extent of SFT increases prior to RL,
model outputs demonstrate elevated rollout simi-
larity at every temperature, and the rate at which
similarity decays with increasing temperature be-
comes progressively smaller. This suggests that
stronger SFT initialization leads to reduced sensi-
tivity to sampling stochasticity during RL.

This hypothesis is further supported by TTR,
we observe inverse an trend to the general Jac-
card score. In Models initialized from higher SFT
CKPTs (Epoch 5) display lower TTR scores af-
ter RL training compared to their counter lower
SFT CKPTs (Epoch 1), indicating reduced diver-
sity across rollouts. We also see there is much
slower increase in TTR especially for the DQ-7B
models on both the domains, indicating that the
decoding hyperparameters turn much less effective
in over SFT finetuned models.

6 Conclusion

In this work, we study the impact of the amount
of supervised fine-tuning (SFT) performed prior
to reinforcement learning (RL) on model accuracy,
generalization, and behavioral diversity. Our find-
ings show that excessive SFT followed by RL leads
to increasingly rigid models, characterized by a
narrow solution space, reduced output diversity,
and degraded generalization relative to the pre-

trained model. Conversely, insufficient SFT results
in models that lack the domain-specific knowledge
required to benefit effectively from RL, yielding
lower overall performance.

These results highlight a critical trade-off be-
tween specialization and flexibility: while SFT im-
proves in-domain accuracy, beyond a certain point
it amplifies distributional shift and rigidity when
coupled with RL. We demonstrate that selecting
an appropriate SFT CKPT—where KL divergence
from the pretrained model and rigidity remain con-
trolled while accuracy is near-optimal—is essential
for effective RL fine-tuning. This balance enables
models to retain the generalization and exploratory
capacity of the pretrained model while achieving
strong domain performance, underscoring the im-
portance of principled CKPT selection in multi-
stage training pipelines.

7 Limitations

Due to computational constraints, experiments
were conducted with restricted context lengths, do-
mains, and model scales; evaluating the proposed
findings on longer contexts, more challenging tasks,
and a broader range of model sizes would be neces-
sary to assess generality. Additionally, the analysis
focuses on conventional SFT followed by RL, and
alternative alignment methods may yield different
optimal regimes. The observed rigidity—accuracy
trade-off may also depend on dataset characteristics
such as size, entropy, and annotation style, as well
as on the specific reward function used during RL.
Furthermore, the proposed rigidity index captures
only certain aspects of output diversity and may
not fully represent reasoning flexibility. Finally,
the results are derived from a particular pretrained
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architecture, and broader validation across models
is required to establish robustness. In our future
work we will investigate scaling laws for optimal
SFT initialization across model size, data entropy,
and task complexity.
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A Appendix
A.1 SFT & RL Results on MATH-500

We observe a similar relationship between rigidity
and accuracy slopes on the MATH-500 benchmark
in figure 5. For DQ-1.5B, the inflection point oc-
curs slightly later than for DQ-7B.

In figure 6, we also see the similar pattern as
other MATH benchmarks for post RL accuracy on
different SFT CKPTs.

A.2 Diversity Ablation on Olympiad Bench
and MATH-500

In Fig. 7, we observe similar diversity patterns on
MATH-500 and Olympiad Bench for both models.
Although minor irregularities exist—for instance,
the TTR at epoch 3 slightly exceeding that of epoch
2 on Olympiad Bench—the overall trend remains
consistent across checkpoints.

A.3 Variance Across Multiple RL Runs on
Test DeepMath

We tested for variance across multiple runs to estab-
lish the reliability of the observed training dynam-
ics. We conducted two independent RL runs with
different random seeds for the DQ-1.5B model on
the Math domain and report the mean and standard
deviation of peak accuracy and final entropy across
runs on the TEST DEEPMATH dataset. The results
in table 2 demonstrate that our findings are con-
sistent across seeds notably, the checkpoint at E5
shows near-zero variance in both accuracy (£0.01)
and entropy (£0.006), strongly supporting the ro-
bustness of the inflection point as a stable initial-
ization target for RL.

B Licenses

Here, we discussed about the licenses of the arti-
facts we used in our work.

For models we used DeepSeek-R1-Qwen-Distill-
1.5B and 7B models (Guo et al., 2025), which are
originally licensed under MIT License.

For data we used DeepMath-103k (He et al.,
2025) and nvidia/OpenScience (NVIDIA Corpo-
ration, 2025) data which are license under MIT
License and Creative Commons Attribution 4.0 Li-
cense respectively.

All of the licenses above enable us to perform
research experiments.

C Others

When constructing this paper, we used gpt-4
(Achiam et al., 2023) for several paraphrasing.

ost- cc ost- cc ost- cc ost- nt ost- nt ost- nt
SFT CKPT (Runl) (Run2) (Mean) (Runl) (Run2) (Mean)
E3 0.704 0.725 0.714 £ 0.011 0.356 0.345 0.350 + 0.006
E4 0.748 0.767 0.758 £ 0.010 0.326 0.334 0.330 + 0.004
ES 0.802 0.798 0.800 + 0.002 0.267 0.268 0.267 + 0.000
E6 0.784 0.806 0.795 £ 0.011 0.234 0.242 0.238 + 0.004

Table 2: Variance across two independent RL runs (different random seeds) for DQ-1.5B on the Math domain,
evaluated on TEST DEEPMATH. We report mean and standard deviation across runs for post-RL peak accuracy

and final entropy.
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Figure 5: Orange markers and curves represent the Rigidity Index, while light blue markers and curves denote model
accuracy for DQ-1.5B (Left) and DQ-7B (Right) during supervised fine-tuning on Math-500 Benchmark. The red
vertical line indicates the identified inflection point, where rigidity growth begins to exceed accuracy improvement.
Blue asterisks denote the maximum accuracy achieved after subsequent RL training when initialized from the
corresponding SFT CKPTs.
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Figure 7: Jaccard Similarity Score and TTR Ratio for DQ-1.5B and DQ-7B SFT + RL trained models.
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