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ABSTRACT

Supervised fine-tuning (SFT) and reinforcement learning with verifiable rewards
(RLVR) are two widely used post-training paradigms for improving the reasoning
ability of large language models (LLMs). Recent methods attempt to integrate
SFT and RLVR in a single stage by reweighting or scheduling their objectives.
However, such coupling can be counterproductive because supervised updates are
not uniformly beneficial for reward optimization, which can diminish reward gains
of RL. To address this, we propose BRIDGE, a scalable framework in which
SFT learns to supervise RL by selectively transferring knowledge that improves
reward optimization. Specifically, BRIDGE employs two nested optimization
loops during meta-training: the inner loop updates base model parameters using a
fused SFT-RL gradient. Concurrently, the outer loop updates a lightweight low-
rank adapter (LoRA) to coordinate the two objectives by maximizing a reward-gap
signal, defined as the reward of joint SFT-RL training over an RL-only baseline.
Across three model scales and five reasoning benchmarks, BRIDGE consistently
outperforms two-stage cold start, naive mixing, and representative single-stage
integration baselines, yielding over three points average absolute improvement and
more stable training dynamics.

1 INTRODUCTION

Large reasoning models (LRMs) have demonstrated strong performance across a range of domains,
particularly in challenging tasks such as mathematics (Cobbe et al., 2021; [Hendrycks et al., [2021b;
Chen et al., [2026) and programming (Chen et al.l 2021} |(Codeforces| 2025). Two post-training
paradigms are widely used to elicit such reasoning capabilities: supervised fine-tuning (SFT) (Muen-
nighoff et al., [2025) and reinforcement learning with verifiable rewards (RLVR) (DeepSeek-Al
et al.}|2025). These paradigms offer complementary strengths. SFT can mimic high-quality expert
trajectories efficiently, but it is prone to overfitting (Chu et al.,[2025). RLVR, in contrast, encourages
the policy to actively explore reward-yielding trajectories, which can improve generalization (Song,
2025} Jiang et al., [2023)), but it is inefficient due to trial-and-error search. A common recipe therefore
uses a two-stage SFT-then-RL pipeline. However, this pipeline does not consistently outperform pure
RL (Table[2), as also reported in prior work (Zhang et al., 2025bta). These observations motivate
more effective approaches to integrating the two paradigms.

Existing methods for integrating SFT and RLVR for reasoning can be grouped into two categories.
First, objective-level combination integrates SFT and RL by weighting or scheduling their objectives,
ranging from interleaved recipes (e.g., alternating RL and SFT when RL stalls) (Ma et al.| 2025
to single-stage multi-objective training with adaptive reweighting or gating (Zhang et al., |2025b;
Chen et al.| 2025a; |Fu et al.}[2025)). Second, data-augmented RL incorporates SFT data as off-policy
trajectories within the RL objective (Yan et al., [2025)), typically weighted by importance-sampling
ratios to mitigate distribution mismatch; however, it often underperforms objective-level combination
in practice (Zhang et al.,[2025b; |Chen et al., 2025a). Despite their practical success, objective-level
combinations rarely characterize how the two learning signals interact. As shown in Figure [} we
find that a simple combination of SFT and RL updates even decrease the reward of RL, indicating
that not all supervised updates are helpful for reward optimization.
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In this work, we address the challenges by formulating the integration as a meta-learning problem,
BRIDGE, which treats SFT as an upper-level teacher and RL as a lower-level student. By modeling
the hierarchical structure—with the SFT objective explicitly conditioned on the RL solution—we
enable SFT to provide fargeted guidance that directly supports RL optimization, rather than updating
SFT and RL independently and balancing them via heuristics.

A direct bilevel solver typically requires second-order derivatives (Finn et al., 2017; Hu et al., 2023)),
which are prohibitive at LLM scale. To reduce computational overhead, we adopt a first-order,
penalty-based relaxation. Concretely, the lower level updates mix two objectives, while the upper
level updates maximizes the reward-gain—the reward difference of mix SFT-RL training over RL
training alone. We further separate these roles across parameter types: the lower level updates the
LLM parameters (the student), whereas the upper level updates a newly initialized low-rank adapter
(LoRA; Hu et al.| 2021)) as meta-parameters (the teacher). This design yields an efficient, scalable
algorithm suitable for large-scale training.

To validate the effectiveness of our approach, we conduct comprehensive experiments with three
LLMs of varying scales on five diverse math reasoning benchmarks. Results demonstrate that
BRIDGE consistently outperforms all baselines, including SFT, RL, two-stage pipelines, and recent
hybrid training methods. Notably, BRIDGE requires less wall-clock training time than the two-stage
method while delivering superior performance, highlighting its practical efficiency. Furthermore,
extensive ablation studies confirm the necessity of the bilevel design and demonstrate the robustness
of our method to hyperparameter variations across different model sizes and task difficulties. These
improvements confirm the benefits of coupling SFT and RL through bilevel optimization, enabling
the model to selectively learn from supervised signals that contribute to reward maximization.

2 BACKGROUND AND PRELIMINARIES

We review two prevalent post-training paradigms for reasoning in LLMs—supervised fine-tuning
(SFT) and reinforcement learning with verifiable rewards (RLVR)—and discuss a widely used hybrid
objective. We show that combining the two objectives does not necessarily improve reward and can
sometimes lead to lower reward.

2.1 FINE-TUNING METHODS FOR REASONING MODELS

Let g (y | =) denote a language model with parameters 6 that defines a conditional distribution over
output sequences y given an input prompt x. We assume a reasoning dataset D = {(x,r,y)}, where
x is an input question, y is a verifiable target answer, and r is an expert reasoning trace. During
training, SFT and RLVR operate on different views of the same dataset: SFT uses (z,,y), while
RLVR uses (z,y) to compute rewards.

SFT. Given a question x, SFT maximizes the log-likelihood of the expert trace 7 and final answer y
jointly:

JSFT(Q) = E(a:,ym)ND[lOg 779(7"7?/ | .I‘)] (1)
This encourages LL.Ms to imitate expert reasoning patterns and to produce the corresponding answer.

RLVR. RLVR does not require annotated reasoning traces. Given a question z, the policy samples
a reasoning trace 7 and an answer g, and receives a reward based on answer correctness. A standard
KL-regularized objective is:

JRL(0) := Eu y)n, (7,9)~m (12) [R5, Y)]

2
— BkL Eznp [DKL(We(' | ) || ret (- | r))] .

where m.o¢ is a fixed reference policy and Skr, > 0 controls the strength of KL regularization. Here
R(y,y) is computed by a deterministic, rule-based verifier (e.g., code execution or regular-expression
matching). In practice, Jry, is optimized using policy-gradient variants such as GRPO (DeepSeek-Al
et al., |2025) and DAPO (Yu et al., [2025)).

Two-stage pipeline. The prevailing paradigm (DeepSeek-Al et al.}[2025)) adopts a sequential protocol.
The model is first optimized via Jspt to acquire foundational reasoning patterns (SFT warm-up),
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Figure 2: Comparison of three training paradigms. Left: The two-stage pipeline first performs SFT
then RL, with unidirectional knowledge transfer. Middle: Single-stage hybrid training combines
SFT and RL objectives via weighting or scheduling on shared parameters, without modeling their
interaction. Right: Our meta-learning approach introduces a teacher module (w) that learns to
supervise the student LLM (6*(w)), enabling bidirectional adaptation between the two objectives.

thereby providing a high-quality initialization for the subsequent maximization of Jrr,. This approach
mitigates the exploration difficulties inherent in training from scratch but decouples the supervised
signal from the reward optimization phase.

Single-stage hybrid methods. Current methods often integrate SFT and RLVR by optimizing a
weighted sum:

Inyb(0) == Jr(0) + 1 Jsrr(0), >0, 3

where p trades off reward maximization and imitation learning. In practice, p is typically set by
heuristics (e.g., fixed values, decay schedules (Zhang et al.,2025b)), or adaptive rules based on entropy
or gradient statistics (Fu et al., [2025)).

2.2  ANALYSIS OF FINE-TUNING METHODS

To understand the interaction between supervised

and reinforcement learning signals, we conduct a os{ ot
preliminary evaluation of three canonical fine-tuning |~ sFT+RL
paradigms on mathematics problems (Grades 3-5).
We compare RL (training from scratch), Two-Stage
(SFT—RL) (SFT followed by RL), and Hybrid
(SFT + RL) (multi-task learning with a fixed scalar
weight A = 1). Figure|[T]illustrates the mean reward
trajectories throughout training.

Mean Reward

The results highlight limitations in current method-
ologies. While RL (Red) eventually improves, it
suffers from training inefficiency due to the lack
of pr~ior know!edge, requiring extensive exploration Figure 1: Reward comparison of three differ-
to discover high-reward regions. Conversely, the o ¢ types of training methods.

SFT—RL approach (Blue) leverages SFT for a

strong initialization. However, this advantage is primarily static. By discarding the supervised
signal after the warm-up, the subsequent training phase reverts to unguided exploration. Conse-
quently, the benefit of the SFT initialization is most pronounced in the early stages but diminishes
as the model struggles to navigate the complex reasoning landscape without ongoing directional
guidance. Notably, the naive SFT+RL method (Purple) yields the worst performance, significantly
lagging behind even RL.

0 40 80 120
Training Steps

This suggests that not all supervised updates are beneficial for reward maximization; thus, we ask a
natural question: How can we dynamically extract the useful components of the supervised signal
that actively facilitate the optimization of the RL reward?
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3 METHODOLOGY

We propose a meta-learning method that models the teacher-student relationship between SFT and
RL. We first introduce the formulation, then present the learning algorithm.

3.1 BRIDGE: META-LEARNING FOR SFT AND RL

Given a reasoning dataset D and an LLM parameterized by 6 (defined in Section [2.1)), our objective
is to integrate the SFT objective (Eq.equation [T)) with the RL objective (Eq.equation [2) such that SFT
updates facilitate reward optimization in RL. We treat SFT as the teacher, since it has access to expert
reasoning traces, and RL as the student, since it relies on policy exploration to discover high-reward
traces. We model their relationship through the following bi-level optimization:

max Jsrr(w, 6% (w)),
“

s.t. 0% (w) = arg max JrL (0, w).

where 6 denotes the student LLM parameters and w denotes the teacher’s meta-parameters, instanti-
ated as a lightweight LoRA module.

This formulation has a hierarchical structure inspired by Stackelberg games: SFT serves as the upper-
level leader with access to RL’s solution, providing supervision that improves reward optimization,
while RL acts as the lower-level follower, optimizing the policy under guidance from SFT. This
coupling enables the two objectives to cooperate dynamically, each adapting to the other’s feedback.

Figure [2] contrasts our approach with prior paradigms. The two-stage pipeline and single-stage
hybrid methods both apply two objectives to the same LLM either sequentially or simultaneously,
without modeling their interaction. In contrast, our method introduces a separate teacher module w
(implemented as LoRA), which learns to supervise the student LLM. By conditioning each component
on the other’s parameters, this design enables tighter coordination between the two learning signals.

3.2 LEARNING ALGORITHM VIA PENALTY RELAXATION

To efficiently solve the bi-level problem in Eq. equation @ at LLM scale, we employ penalty-based
methods (Shen & Chen, |[2023; Shen et al.,|2025)) that avoid expensive second-order computations.
We first reformulate Eq. equation [4]as a single-level problem, then apply first-order optimization.

We define the penalty function measuring the sub-optimality of the lower-level problem as:
p(w,&) = Ineélix JRL(GI,U)) - JRL(G,w). (5)

which satisfies p(w, ) = 0 if and only if § € arg maxy JrL(0',w). For A € (0,1), consider the
following penalized objective:

max L(0,w) := (1 — \)Jspr(6,w) — Ap(w, 9). (6)

0,w

Update for ¢ (student). Since maxy: Jrr,(6’, w) does not depend on 6, the update of LLM student
is as follows:
0" = 0F + a[(1 — N VaJser (0, w) + AVeJrL(6, w))] (7

This yields a convex combination of SFT and RL gradients.

Update for w (teacher). For the update of teacher’s meta-parameters, we use Danskin’s theorem.
Assuming Jgy, (-, w) satisfies the required regularity conditions (e.g., Jry, (6, w) is differentiable in w
and arg maxg Jrr(0', w) is non-empty), we have:

Vu ngE}X JRL(elvw) = vaRL(Q*(w)aw)a (®)
where 0* (w) = arg maxy Jry, (0, w). In practice, we approximate 6* (w) by taking a single gradient

ascent step with respect to the RL objective: 0 =0+ aVy Jrr (0, w), yielding the approximate
gradient update for w:

Vwla(0%,w") = (1 = NV Jser (8, w")

. ©))
+A [VMJRL(& w) — VwJRL(07w):|

4
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Algorithm 1: Learning Algorithm of BRIDGE
1: Initialize student parameters 6°, teacher parameters w°, and auxiliary parameters §° := 6°;
reasoning dataset D, penalty coefficient J, iterations K, learning rates a, 3;
2:fork=0to K —1do
: Sample mini-batches Bspr ~ D and Bry, ~ D
/I Compute base objectives
Compute Jspr (87, w") on Bspr
Compute Jrr, (6%, w") and Jrr (6%, w") on Bry
/I Define composite objectives
Jjoim(e’“, wk’) =(1-X) JSFT(Qk, wk) + A JRL(G’“, ’LUk)
9:  Compute Jimeta (8%, w*) according to Eq. equation
10: // Update student via joint objective
11: 0k+1 < gk +(XV9JJoillt(9k7wk)
12:  // Update auxiliary parameters via RL objective
13: ék+1 — ék + OéVéJRL(ék, wk)
14: // Update teacher to maximize cooperative gain
15: W WP + BV Jmeta (07, w")
16: end for

AN U

Interpretation of teacher’s behaviors The update rule for the meta-parameter w (Eq. equation [9)
can be interpreted as gradient ascent on the surrogate objective

Jmeta (8, w) = (1 — X)Jspr (0, w)

A 10
+ )\[JRL(G,U)) — JRL(Q,’LU)] (10)

where the first term preserves supervision from expert trajectories, and the second term is a cooperative
gain signal measuring how much the joint SFT-RL model (using ¢) improves the RL objective relative
to an RL-only one (using 0). Maximizing Jyeta therefore encourages the teacher parameters w
to shape supervision based on its utility for reward optimization, rather than implicitly treating all
supervised updates as uniformly beneficial.

Algorithm 1 presents the learning procedure for BRIDGE. At each iteration, we sample SFT and RL
mini-batches; update base parameters @ via the joint objective; update auxiliary parameters 6 via pure
RL; and optimize LoRA parameters w to maximize cooperative gain—the improvement of the joint
objective over pure RL. This process enables SFT to meta-learn how to guide RL’s optimization.

4 EXPERIMENT

4.1 SETTINGS

Datasets. Following the setup of SimpleRL (Zeng et al.,|2025), we use the MATH dataset (Hendrycks
et al.,|2021a) for RL training, and train on the hard split, which contains 8.5K problems with difficulty
levels ranging from 3 to 5. For intermediate reasoning traces, we distilled from DeepSeek-R1
(DeepSeek-Al et al) 2025). For evaluation, we adopt five mathematical reasoning benchmarks:
MATHS500 (Hendrycks et al.} 2021a), Minerva Math (Lewkowycz et al.,[2022), OlympiadBench (He
et al.,[2024)), and two recent competition-level datasets—AMC 2023 and AIME 2024.

Models. To demonstrate the generality of our approach, we experiment with three LLMs: Qwen?2.5-
3B (Yang et al.,|2024])), Llama-3.2-3B-Instruct (Grattafiori et al., [2024)), and Qwen3-8B-Base (Yang
et al.| 2025). All models use prompt formats consistent with SimpleRL (Zeng et al., 2025).

Baselines. We compare BRIDGE against a representative and comprehensive set of baselines,
spanning widely used standard training recipes and major families of recent single-stage hybrid
training methods. Specifically, we include: (i) Original Model: the base or instruction-tuned
backbone without reasoning-specific training; (ii) SFT: imitation learning on expert reasoning traces;
(iii) RL (Zeng et al., [2025): GRPO applied directly to the backbone without SFT warm-up; (iv)
SFT—RL (two-stage) (DeepSeek-Al et al.| |2025): the sequential pipeline that first performs SFT
and then applies RL with decoupled objectives. We further compare against single-stage hybrids
that integrate SFT and RL within a unified training stage: (v) SFT+RL: a multitask baseline that
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Table 1: Performance of BRIDGE compared to baselines on Qwen2.5-3B across five math benchmarks

MATH Minerva Olympiad

Method 500 Math Bench AIME24 AMC23 Average
Base 32.4 11.8 7.9 0.0 20.0 14.4
SFT 53.4 18.8 21.5 33 42.5 27.9
RL 64.4 26.5 27.0 33 40.0 32.2
SFT—RL  66.0 24.3 26.8 9.0 35.0 322
SFT+RL 55.6 20.6 25.0 33 42.5 29.4
LUFFY 65.2 23.5 27.3 33 42.5 32.4
SRFT 62.6 22.1 24.4 9.0 37.5 31.1
CHORD 66.0 23.2 25.9 6.7 40.5 32.5
BRIDGE 66.2 23.9 28.9 13.3 47.5 36.0

Table 2: Performance on LLlama3.2-3B-Instruct.
MATH Minerva Olympiad

Method 500 Math Bench AIME24 AMC23 Average
Instruct 38.0 14.3 13.0 13.3 25.0 20.7
SFT 38.4 10.3 11.9 27.5 33 18.3
RL 48.6 15.1 17.8 10.0 17.5 21.8
SFT—RL 450 11.8 12.0 33 22.5 18.9
SFT+RL 45.8 13.6 17.3 33 20.0 20.0
LUFFY 49.0 14.0 17.1 6.7 22.5 21.9
SRFT 454 13.6 15.4 33 17.5 19.0
CHORD 46.0 14.3 17.9 33 22.5 20.8
BRIDGE 51.8 15.1 19.3 10.0 27.5 24.7

directly combines and optimizes the SFT loss and the RL objective; (vi) LUFFY (Yan et al., 2025)
(data-augmented RL): incorporates demonstration-style information into RL rollouts to stabilize and
improve policy optimization; (vii) CHORD (Zhang et al., [2025b): balances supervision and RL
by dynamically weighting the objectives, including token-wise reweighting; (viii) SRFT (Fu et al.|
2025)): reduces interference between objectives via entropy-aware weighting and clipping.

We use Verl (Sheng et al.|[2024) for RL training; full settings are in Appendix

4.2 MAIN RESULTS

Overall performance. Tables[IH3|show that BRIDGE achieves the highest average accuracy across
all three LLMs: 36.0% on Qwen2.5-3B, 24.7% on Llama-3.2-3B-Instruct, and 49.9% on Qwen3-8B-
Base. These correspond to absolute gains of 3.5, 2.8, and 4.0 points over the respective strongest
baselines. Notably, BRIDGE is the only method that consistently surpasses standard recipes (e.g.,
RL and the two-stage SFT—RL pipeline) across all settings, validating the efficacy of our meta
formulation in extracting beneficial supervision without hindering reward optimization.

Comparisons across baseline families. Grouping baselines clarifies the role of different integration
strategies. Among standard recipes, RL generally outperforms SFT on final accuracy, though
less efficient. The two-stage pipeline (SFT—RL) proves a strong baseline, yielding consistent
improvements on the Qwen family at both 3B and 8B. For single-stage hybrids, naive objective-level
mixing (SFT+RL) often produces performance between SFT and RL, indicating that simply summing
objectives does not reliably improve upon RL—instead yielding a compromise solution. More
sophisticated hybrids (e.g., CHORD, SRFT) employ heuristic weighting or scheduling of the two
objectives, partially mitigating the adverse effects of supervision on RL exploration. However, these
methods still leave a consistent margin to BRIDGE, which explicitly optimizes supervision to improve
downstream reward gains rather than assuming that supervised updates are uniformly beneficial.
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Table 3: Performance on Qwen3-8B-Base.

MATH Minerva Olympiad

Method 500 Math Bench AIME24 AMC23 Average
Base 55.4 243 22.5 3.3 27.5 26.6
SFT 67.8 32.0 29.8 45.0 13.3 37.6
RL 76.2 36.0 424 10.0 50.0 42.9
SFT—RL 804 38.2 39.6 16.7 525 455
SFT+RL 72.2 34.2 39.2 10.0 45.0 40.1
LUFFY 75.4 36.4 43.1 10.0 55.0 44.0
SRFT 72.2 324 40.0 6.7 47.5 39.8
CHORD 76.6 37.5 422 13.3 60.0 459
BRIDGE 79.0 39.7 44.0 16.7 70.0 49.9

Performance across model families and scales. Baseline rankings vary across backbones, whereas
BRIDGE remains consistently strong. For the strongest standard recipe, the two-stage SFT—RL
pipeline is competitive on Qwen 3B and 8B but underperforms RL on Llama-3B-Instruct, indicating
that this fixed recipe, though strong, is not uniformly reliable across model families. Among hybrid
baselines, CHORD is comparatively stronger on the Qwen backbones, while LUFFY is slightly
stronger on Llama-3.2-3B-Instruct. Despite this variability, BRIDGE improves over the strongest
baseline across different LLM families and preserves its advantage when scaling from 3B to 8B
parameters. The gap between BRIDGE and the best hybrid widens from 3.5 points at 3B to 4.0 points
at 8B, suggesting that principled SFT-RL coordination compounds with model capacity.

Generalization to challenging benchmarks. A critical limitation of SFT-based baselines is their
tendency to plateau on challenging tasks. As shown in Table [3] while the two-stage pipeline
(SFT—RL) improves performance on the standard benchmarks like MATHS500, it underperforms
RL in generalization on the more challenging OlympiadBench and Minerva Math. This indicates
that supervised warm-up can restrict the policy to local optima. In contrast, BRIDGE preserves
RL’s superior generalization ability on more challenging tasks, achieving the highest scores on
OlympiadBench and AIME24 across all models. This suggests that our meta objective encourages
the model to leverage SFT only when it aids RL learning, ignoring supervised signals that lead to
rote memorization and hinder generalization.

5 ANALYSIS AND ABLATION STUDY

Training Dynamics. We
2500 R analyze the dynamics of
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—&— BRIDGE
—— SFT+RL
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length during training for
RL, SFT—RL, BRIDGE,
and SFT+RL on Qwen2.5-

3B. As shown in Figure
Bl the four methods exhibit
markedly different patterns.

W @ 120 W w0 120 RL suffers from online RL’s
Training Steps Training Steps . .

sample inefficiency, show-
ing slow growth in both re-
sponse length and reward.
Cold-start (SFT—RL) begins with extremely long responses due to SFT warm-up, causing slow
training (see in Table[d)), followed by a sharp decline and gradual recovery. Despite starting with
higher rewards, Cold-start’s second-phase RL lacks proper guidance, resulting in final rewards similar
to RL-Zero. SFT+RL mixes two objectives directly without proper coordination, which slows down
the RL training — both the mean reward and response length improve very slowly across the entire
training. In contrast, BRIDGE benefits from continuous SFT guidance throughout training, enabling
rapid reward growth that surpasses Cold-start and achieving superior convergence. These dynamics
demonstrate that BRIDGE'’s bilevel optimization enables more efficient policy learning through
sustained and targeted expert guidance.
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Figure 3: Mean reward and response length on Qwen2.5-3B.
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Table 4: Cost-benefit analysis on Qwen2.5-3B and Qwen3-8B. Training Efficiency. We evalu-

ated the cost-performance trade-

Metric | Qwen 2.5-3B | Qwen 3-8B-Base offs by measuring wall-clock

| RL SFT—RL BRIDGE| RL SFT—RL BRIDGE training time, average GPU mem-
Time (hr) |6.1 123 69 (385 39.1 335 ory usage per device, and final
Mem. (GB)|52.2  45.9 593|507 60.8 67.4 convergence performance across
Acc. (%) [322 322 364 429 455 49.9 two model scales: Qwen2.5-

3B (4xA100-80GB) and Qwen3-
8B-Base (8xMI300-192GB). As
shown in Table ] two-stage pipeline (SFT—RL) requires nearly 2x the training time of RL, despite
the short SFT stage. This overhead stems from long sequence lengths induced by the SFT stage (Fig.
[3). BRIDGE achieved 44% and 14% time savings compared to the two-stage pipeline for the 3B
and 8B models, respectively. Despite a modest 11% increase in memory usage for the larger model,
BRIDGE consistently delivered superior performance improvements (13% for 3B and 9.7% for 8B
models), demonstrating favorable cost-benefit trade-offs for practical deployment.

Ablations on the meta-objective, penalty coefficient, and LoRA configurations are in Appendix [C]

6 RELATED WORK

Integrating SFT and RL. Recent work has unified supervised fine-tuning (SFT) and reinforce-
ment learning (RL) within a single stage, moving beyond the decoupled “SFT then RL” paradigm.
Integration methods typically fall into two types. First, objective-level combinations mix SFT and
RL losses, using fixed or adaptive weighting schedules (Ma et al.| 2025} Zhang et al.,[2025b; |Chen
et al.,[2025a; [Fu et al.,[2025). CHORD and SRFT exemplify this line via token-level reweighting or
entropy-aware mixing. Second, data-augmented RL injects SFT demonstrations as off-policy data
(e.g., LUFFY (Yan et al.| 2025))), but often struggles with distribution mismatch. While effective in
practice, these approaches typically rely on heuristic coupling and do not characterize when supervi-
sion benefits reward learning. Our method, BRIDGE, reframes integration as a bilevel problem that
meta-learns hiow SFT should assist RL to maximize total reward gain.

Bilevel Optimization in LLMs. Bilevel optimization (BLO) provides a principled framework
for hierarchical learning, with early roots in Stackelberg games. BLO solvers are broadly either
implicit-gradient based (Hong et al., 2020; Khanduri et al.,[2021}|Shen & Chen| 2022} |Xiao et al.,
2023)—theoretically sound but computationally limited—or penalty-based relaxations (Shen & Chen,
2023; Kwon et al., [2023; [Shen et al., 2024} |[Lul 2024)), which scale to large models via first-order
gradients. Recent applications to LLMs include data selection (Lin et al.,2024; |Shen et al.| [2025]),
inverse RL (Li et al.} 2024)), and meta-learning (Choe et al., [2023}; |Shirkavand et al., [2025). To our
knowledge, this is the first to frame reasoning-model training as a BLO problem. Explicitly modeling
SFT-RL interaction enables adaptive supervision that improves reward optimization.

Extended related work is provided in Appendix

7 CONCLUSION

This work investigates how to effectively integrate supervised fine-tuning and reinforcement learning
to improve the reasoning capabilities of LLMs. We begin by analyzing widely used training paradigms
and identify a key limitation of existing baselines: two-stage pipelines decouple SFT from the reward-
optimization phase, while naive single-stage objective mixing can be counterproductive because
supervised updates are not uniformly beneficial for reward optimization. To address this, we introduce
BRIDGE, a bilevel optimization framework that models SFT as the upper-level objective and RL as
the lower-level objective. By employing a penalty-based relaxation, BRIDGE explicitly encourages
joint training to outperform standalone RL, fostering tighter cooperation between the two learning
paradigms. Empirical results on five mathematical reasoning benchmarks demonstrate that our method
consistently outperforms strong baselines in both accuracy and training efficiency. Furthermore,
extensive ablation studies confirm the necessity of the bilevel cooperation signal and the robustness
of the method to hyperparameter variations. Overall, this work demonstrates that learning useful
supervision is a viable and effective strategy for integrating SFT and RL, and that bilevel optimization
offers an effective foundation for advancing reasoning-centric post-training methods.
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APPENDIX

A IMPLEMENTATION DETAILS

All models are trained using the VERL framework (Sheng et al.l 2024), employing the GRPO
algorithm. We use a batch size of 128, a mini-batch size of 64, a learning rate of 5 x 10~7, and
8 rollouts, training for 2 epochs. The KL loss and entropy loss coefficient are set to 1 x 10~4
and 1 x 1075, respectively. The maximum response length varies by model: up to 4K tokens for
Qwen2.5-3B, and up to 6K tokens for both LLaMA-3.2-3B-Instruct and Qwen3-8B-Base. During
evaluation, we use greedy decoding to compute pass@ 1 accuracy. All experiments are conducted on
compute clusters equipped with NVIDIA A100 GPUs and AMD MI300 GPUs.

B RELATED WORK

Post-training for reasoning.  Post-training typically follows two paradigms: supervised fine-tuning
(SFT) and reinforcement learning (RL). RL has been widely used to improve the capabilities of
language models (Bai et al., 2022; Rafailov et al.,[2023) and to align model outputs with human values
across diverse scenarios (Chen et al.| [2025c;b)), particularly through reinforcement learning from
human feedback (RLHF) (Ouyang et al., 2022). More recently, reinforcement learning with verifiable
rewards (RLVR) (Shao et al., [2024; DeepSeek-Al et al., |2025)) has replaced subjective preference
feedback with automatically verifiable, rule-based rewards. Recent studies analyze the trade-off
between the two paradigms; for example, (Chu et al.| (2025)) compare SFT and RL for reasoning tasks
and find that RL generalizes significantly better, whereas SFT is prone to overfitting. A common
practice therefore adopts a two-stage SFT—RL pipeline, where SFT is often used as a warm-up stage
before RL. Within this recipe, the choice of supervised traces matters: SimpleRL (Zeng et al., [2025)
observes that fine-tuning on short-CoT datasets can harm reasoning ability, while He et al.| (2025)
find that long-CoT distilled data can improve the reasoning performance of smaller models when
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used as a warm-up stage before RL training. However, the advantage of the two-stage pipeline over
pure RL is inconsistent, motivating tighter integration of the two learning signals.

Integrating SFT and RL. Recent efforts move beyond the decoupled “SFT then RL” recipe by
mixing two objectives within one stage. Existing integration methods largely fall into two families.
Objective-level combination mixes SFT and RL objectives via fixed or scheduled weights, including
interleaved recipes (Ma et al.,[2025) and single-stage hybrid training with adaptive reweighting or
gating (Zhang et al., [2025b; |Chen et al., [2025a; |Fu et al., [2025). Representative examples include
CHORD, which stabilizes training with global and token-wise reweighting (Zhang et al.| 2025b)),
and SRFT, which mitigates interference via entropy-aware weighting and clipping (Fu et al., 2025).
Data-augmented RL instead injects SFT demonstrations as off-policy guidance within RL (e.g.,
LUFFY) (Yan et al.,2025)), often requiring additional mechanisms to handle distribution mismatch
and data pairing constraints. Despite empirical progress, most hybrids couple the signals heuristically
and rarely characterize when a supervised update is actually beneficial for reward optimization.
BRIDGE instead treats SFT-RL cooperation as a bilevel problem, meta-adapting the supervision
to maximize the reward gain of joint training over RL alone and yields larger and more robust
improvements than simple loss mixing. It offers a new perspective on integrating imitation and
exploration for large reasoning models.

Bilevel Optimization in LLMs. Bilevel optimization (BLO) is a classical framework for modeling
hierarchical learning problems, originating from Stackelberg leader-follower games. Two major
classes of methods have been developed to solve BLO problems. Implicit gradient methods (Hong
et al.| 2020; |Khanduri et al., 2021; |Shen & Chenl 2022} Xiao et al., [2023) compute gradients through
the lower-level problem using second-order derivatives. While theoretically robust, these methods
are often computationally expensive and memory-prohibitive when applied to large-scale models
such as LLMs. In contrast, penalty-based relaxation methods (Shen & Chen, 2023 Kwon et al.}
2023} [Shen et al., [2024; |Lul [2024) approximate the BLO formulation using only first-order gradients,
making them substantially more scalable and thus better suited for LLM applications. Recent work
has explored the use of bilevel optimization in LLMs for tasks such as data selection (Lin et al.,|2024;
Shen et al.| 2025)), inverse reinforcement learning (L1 et al., |2024)), and meta-learning (Choe et al.}
2023} |Shirkavand et al.| 2025)). To the best of our knowledge, our work is the first to cast reasoning-
oriented LLM training as bilevel optimization, introducing a novel augmented model architecture for
modeling and solving this problem. This provides a principled framework for integrating supervised
and reinforcement learning, where SFT actively assists RL optimization rather than merely serving as
warmup.

C ABLATION STUDY

Impact of the Meta-Objective ([/meta). We isolate the contribution of the meta-objective Jnet
(Eq.[I0) by disabling the upper-level update to assess the necessity of the bilevel formulation. As
shown in Tabld>] removing this term reduces BRIDGE to a naive multi-task learning between SFT
and RL with fixed weighting, resulting in a substantial 9.6-point drop in average accuracy on Qwen3-
8B-Base. This degradation confirms that simply combining objectives is insufficient; Jpe, is critical
for aligning supervised updates with the ultimate reinforcement learning goal, ensuring that SFT
provides targeted assistance.

Table 5: Ablation of Jpea on Qwen3-8B-Base.

Configuration  Average accuracy

BRIDGE 499
- W/0 Jmeta 40.3

Balancing Supervision and Exploration ()\). Finally, we analyze the weighting parameter A\, which
controls the interpolation between the SFT and RL objectives in our penalty formulation (Equation [6)).
We evaluate average accuracy across five benchmarks for A € {0.0,0.3,0.5,0.7,1.0}. Table@reports
average accuracy on Qwen3-8B-Base. At A = 0, the formulation reduces to pure SFT; at A = 1, it
reduces to pure RL. Intermediate values perform substantially better, with A = 0.5 achieving peak
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performance. These results suggest that BRIDGE benefits from a balanced coupling of supervised
and reward-driven learning, rather than relying exclusively on either signal.

Table 6: Sensitivity to A on Qwen3-8B-Base.

A 00 03 05 07 1.0
Avg. 37.6 472 499 49.0 429

Robustness to LoRA Configuration. Finally, to verify that the gains of BRIDGE are not artifacts
of a specific parameter-efficient fine-tuning configuration, we ablate the LoRA rank r and scaling
factor oo on Qwen3-8B-Base while keeping all other training settings fixed. Table [/|demonstrates
that performance is negligible variance across (r, &) choices. This stability suggests that BRIDGE
is robust to low-rank hyperparameter settings and that the improvements stem from the objective
function itself.

Table 7: LoRA sensitivity ablation on Qwen3-8B-Base.

rla MATHS500 Minerva Olym. AIME24 AMC23 Avg.

32/16  79.0 39.7 440 167 70.0 499
16/32  79.0 38,6 440 160 70.0 495
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