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Abstract

Reinforcement learning with verifiable rewards
(RLVR) improves mathematical reasoning, but
sparse sequence-level rewards make training
heavily dependent on long, repeated roll-
out generation. On-policy distillation (OPD)
makes these rollouts more informative by hav-
ing a larger teacher score every student token,
at the cost of a large-teacher forward pass in ev-
ery RL step. We propose SPEC-Distill, a spec-
ulative prefix distillation framework in which
the teacher shapes rollout construction rather
than defining an auxiliary reward.! SPEC-
Distill runs the teacher once offline to build a
reusable pool of expert trajectories; during RL,
the student treats these as speculative drafts,
accepts a prefix under a lenience-controlled cri-
terion, completes the response under its own
policy, and is updated only by verifiable re-
wards with standard GRPO. This removes on-
line teacher scoring and reduces the number of
fresh student-generated tokens. On Qwen3-4B,
SPEC-Distill raises average accuracy from 66.1
to 73.2 over GRPO and outperforms OPD at
both scales where OPD is available; against
full-response expert reuse such as Luffy, it
reaches comparable accuracy on Qwen3-1.7B
while cutting online rollout tokens by about
60% and rollout time from 10.90 to 7.06 hours.
Analysis further shows that teacher prefixes
are best used as an early scaffold, after which
reusing the student’s own rollouts provides the
strongest balance between expert guidance and
on-policy exploration.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR) has become a practical recipe for elicit-
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Figure 1: Online teacher scoring versus offline prefix
reuse. OPD couples each RL step to large-teacher in-
ference in order to construct token-level KL rewards.
SPEC-Distill instead pays the teacher cost once to
build an expert prefix pool; online training then ver-
ifies reusable prefixes with the student, completes each
response under the student policy, and optimizes only
verifier rewards.

ing stronger reasoning in language models, espe-
cially on mathematical and coding tasks where cor-
rectness can be checked deterministically (Cobbe
et al., 2021; Chen et al., 2021; Shao et al., 2024;
DeepSeek-Al, 2025). By replacing learned reward
models with exact-match answers, symbolic ver-
ifiers, or unit tests, recent GRPO-style systems
have driven rapid progress in math-centric post-
training (Shao et al., 2024; DeepSeek-Al, 2025;
Wang et al., 2025). However, RLVR remains
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rollout-intensive: verifier rewards are typically
sparse and sequence-level, so each update requires
many long samples before the policy receives use-
ful learning signals. On-policy distillation (OPD)
attempts to make these rollouts more informative
by adding a stronger teacher to the RL stage: the
student samples trajectories, the teacher scores
them online token by token, and teacher-student
divergence provides dense supervision (Agarwal
et al., 2024; Lu and Thinking Machines Lab, 2025).
Regardless of how the teacher is deployed, OPD
requires an additional large-teacher inference pass
over student trajectories before every policy up-
date. When the teacher is much larger than the
student, this online scoring path can dominate mem-
ory, compute, and scheduling overhead beyond the
student-only RL loop.

This raises a complementary question: can the
student still benefit from a stronger teacher without
invoking that teacher to score every token? We
answer by separating the teacher’s exploratory role
from the verifier’s evaluative role. The teacher
should guide where the student explores, while the
verifier remains the judge of what the student opti-
mizes. This separation suggests a different form of
distillation: the teacher should shape the student’s
training experience, not become an online reward
model.

We propose SPEC-Distill, a distillation frame-
work for RLVR built around this principle. SPEC-
Distill first runs a stronger teacher offline to collect
expert trajectories. During online training, these
trajectories serve as speculative drafts: the student
verifies each draft token by token, accepts only a
compatible prefix, and then completes the response
under its own policy. The completed rollouts are
scored solely by the verifier and optimized with
the standard GRPO objective, with no teacher for-
ward pass or KL-based reward inside the RL loop.
After the initial teacher-prefix stage, SPEC-Distill
switches the speculative source to the student’s own
cached rollouts, so guidance gradually shifts from
teacher experience to self-generated experience as
the policy improves.

We evaluate SPEC-Distill primarily in the non-
think RLVR setting across Qwen3-1.7B, 4B, and
8B students. SPEC-Distill improves average accu-
racy over standard GRPO from 50.9 to 55.2, 66.1
to 73.2, and 73.2 to 76.0, respectively, while keep-
ing the online loop close to vanilla GRPO: student
rollout, verifier scoring, and policy update. The
strongest gap appears on Qwen3-4B, where SPEC-

Distill outperforms OPD by 14.1 average points
(73.2 vs. 59.1) while using fewer online rollout to-
kens (242.5M vs. 372.3M) and removing online
teacher scoring. In the matched Qwen3-1.7B com-
parison with Luffy, SPEC-Distill trades only 1.0
average point for a much smaller online rollout bud-
get, reducing online rollout tokens from 660.0M to
264.3M and rollout time from 10.90 to 7.06 hours.

Contributions. We summarize our contributions

as follows.

* We reinterpret the teacher’s role in RLVR dis-
tillation: rather than providing dense token-
level rewards on every student rollout, the
teacher supplies offline speculative prefixes
that guide rollout generation, while optimiza-
tion remains verifier-driven.

* We propose SPEC-Distill, a multi-stage dis-
tillation framework that keeps the online RL
loop free of teacher forward passes and re-
duces fresh rollout generation by reusing ac-
cepted speculative prefixes.

* We identify the speculative source schedule as
a key design choice and show that teacher-to-
self reuse after the initial teacher-prefix stage
outperforms weaker reuse strategies.

e We validate SPEC-Distill on instruction-tuned
non-think RLVR across student scales, with
an additional base-model zero-RL check in
the appendix, showing gains over GRPO and
OPD where available with a favorable rollout-
efficiency trade-off.

2 Related Work

2.1 RLVR and Rollout-Level Experience
Reuse

Reinforcement learning with verifiable rewards
(RLVR) improves reasoning by replacing learned
reward models with deterministic verifiers such
as answer checkers, symbolic evaluators, and unit
tests (Cobbe et al., 2021; Lightman et al., 2024;
Chen et al., 2021). Recent math post-training
systems scale these signals with algorithms such
as GRPO, which normalizes rewards within sam-
pled response groups and applies a clipped policy-
gradient update (Shao et al., 2024; DeepSeek-Al,
2025; Wang et al., 2025). Follow-up work fur-
ther stabilizes or diversifies this loop, including
hybrid token—sequence policy optimization (Min
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et al., 2026) and entropy-dynamics alignment for
few-shot RLVR (Liu et al., 2026). Because these
verifiers typically provide only sequence-level suc-
cess or failure, the rollout distribution plays a cen-
tral role in determining which reasoning paths re-
ceive useful feedback. Under sparse sequence-level
rewards, prior work improves rollouts either by
reusing expert experience, as in Luffy’s teacher-
generated reasoning traces (Yan et al., 2025), or by
improving rollout efficiency, as in SPEC-RL’s spec-
ulative reuse of cached student rollouts (Liu et al.,
2025). Both lines can be viewed as changing how
candidate trajectories are proposed, while leaving
the verifier as the training signal.

SPEC-Distill connects these two directions. It
uses teacher trajectories as high-quality drafts, but
reuses them through speculative verification rather
than injecting full expert responses. The student
accepts only the prefix compatible with its current
policy, completes the response itself, and is updated
by the original verifier reward. Thus, teacher expe-
rience affects the rollout path rather than replacing
verifier-driven optimization.

2.2 Knowledge Distillation

Knowledge distillation trains a student to match
a stronger teacher through softened predictions,
demonstrations, or KL-based imitation losses (Hin-
ton et al., 2015; Kim and Rush, 2016; Sanh et al.,
2019; Gu et al., 2024; Ko et al., 2024), and has
been extensively studied in structured NLP settings
such as neural machine translation (Zhang et al.,
2019; Miao et al., 2023) and document-level rela-
tion extraction (Zhang et al., 2023). Off-policy dis-
tillation can prepare teacher outputs in advance, but
optimizes toward fixed teacher data rather than tra-
jectories induced by the current student. On-policy
distillation reduces this mismatch by querying a
teacher on student-generated trajectories: GKD
minimizes teacher-student divergence on student
outputs (Agarwal et al., 2024), while OPD-style
RLVR methods use teacher-student KL as dense
reward (Lu and Thinking Machines Lab, 2025).
This yields token-level supervision on the student’s
own samples, but it also changes the online RL
pipeline from verifier-only feedback to teacher-
rescored feedback. The trade-off is that every stu-
dent trajectory must be rescored by the teacher be-
fore the policy update, adding substantial overhead
beyond standard student-only RL.

SPEC-Distill avoids the OPD bottleneck by pay-
ing the teacher cost once offline. Unlike full-

response expert-reuse methods such as Luffy, how-
ever, our main efficiency gain comes from prefix-
level speculative reuse: the student verifies an of-
fline expert draft, reuses only the accepted pre-
fix, and generates the remaining continuation itself.
This keeps the teacher outside the online loop while
also reducing the number of fresh on-policy rollout
tokens. In this sense, SPEC-Distill sits between of-
fline imitation and online teacher scoring: it reuses
teacher structure as a proposal source, but keeps
the policy update and final credit assignment tied
to verifier rewards.

3 Method
3.1 Problem Setup
Let XY={x1,...,xx} denote the training prompt

set. The student policy mg generates a response
y for a prompt x € X, written as'y ~ 7y(- | x).
A deterministic verifier assigns each completed
trajectory (x,y) a binary reward R(x,y)e{0,1}.
Group Relative Policy Optimization (GRPO; Shao
et al. 2024) samples a group of G responses
{y1,...,yq} for each prompt, normalizes the re-
wards within the group to obtain advantages A;,
and updates the policy with a clipped surrogate
objective:

Jarro(0) = E

G
X~ X [Z min(p; A;,

{yi}lewweold(-|x) i=1
clip(pi, 1—¢, 1+¢) AZ)} ,
(D

where p;=my(y; | x)/mg,,,(yi | x) and € is the
clipping threshold.

Speculative decoding in RL. Speculative decod-
ing accelerates autoregressive generation by letting
a target model verify in parallel the tokens proposed
by a cheaper draft model, keeping the longest prefix
compatible with the target distribution (Leviathan
et al., 2023). SPEC-RL (Liu et al., 2025) transfers
this draft-and-verify mechanism to RL, treating pre-
viously generated trajectories as speculative drafts
during on-policy training. A cached trajectory pro-
poses a sequence of tokens, and the current policy
my accepts each draft token y,; with probability

7oyt | X, Y<t)>

ap = min(l, £ —
T(ye | X, ¥<t)

2

where 7 is the distribution under which the draft
was generated and />1 is a lenience parameter.
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Raising ¢ above 1 relaxes the criterion so that more
draft tokens are reused even when the current pol-
icy assigns them lower probability, which reduces
the number of tokens that must be produced from
scratch. SPEC-Distill reuses this acceptance ma-
chinery, but changes the source of the drafts.

3.2 Speculative Prefix Distillation

SPEC-Distill turns teacher guidance into a rollout-
construction mechanism for RLVR. It consists of
an offline cache-construction stage and an online
speculative rollout stage. Offline, a frozen teacher
is run once to build a reusable cache of expert
drafts. Online, early RL steps draw drafts from this
teacher cache; after the teacher-prefix phase, the
draft source switches to the student rollout cache.
The accepted teacher tokens serve only as a rollout
prefix; the verifier reward and policy update re-
main unchanged. This staged design is important:
simply replacing SPEC-RL’s draft source with a
teacher cache for all of training would keep rollout
proposals anchored to a static offline distribution,
whereas SPEC-Distill uses the teacher as an early
scaffold and then lets the student recycle its own
evolving experience.

The rest of this subsection formalizes the three
modules used by SPEC-Distill. We first define the
offline teacher cache Cp, then introduce a source
schedule that chooses between teacher drafts and
student drafts during online RL, and finally de-
scribe the shared speculative verification rule that
turns a draft into an accepted prefix plus a student-
generated continuation. Algorithm 1 summarizes
the complete pipeline.

Offline expert experience generation. Before
RL begins, the frozen teacher mr generates expert
drafts offline. For each prompt x € X', we sample
G teacher drafts

y;-‘FNﬂ'T(-|X), i=1,...,G,

and store each draft together with its teacher token
probabilities

v/ |
Pz’T = [WT(Z/iT,t | Xayz?:<t)]t);1 )

and insert the pair into the teacher cache:
Cr(x) « Cr(x) U{(y{,p])}.

The teacher cache is the only teacher artifact con-
sumed by the RL stage and the teacher model itself
is neither loaded nor queried during online opti-
mization.

Algorithm 1 SPEC-Distill

Require: Prompts X, teacher 77, student 7y, group size G,
RL steps K, teacher-prefix steps K7, leniences /7, {s.
Output: updated student policy
Offline expert experience generation

1: CT,CS (—@

2: forx € X do

3: fori=1,...,Gdo

4: yi ~mr(-| %) .
5: pf  [rr(yl | x,yT )1
6: Cr(x) « Cr(x) U{(y{,p{)}
7:  end for

8: end for

Online speculative prefix distillation
9: fork=1,...,Kdo
10:  for x in batch By sampled from X do

11: C¥V(x)« 0

12: fori=1,...,Gdo

13: if £ < Kr then

14: (vi,pf) ~ Cr(x)

15: 0+ ET

16: else

17: (v{,pf) ~ Cs(x)

18: R gs

19: end if

20: yi < SPECROLLOUT(7g, X, y¥, p?, £)

21 p! < [mo (i | x,yi,<0)) Y]

22: CE™(x) = C5 (x) U {(y4, )}

23: end for

24: r; < R(x,y:), i=1,...,G

25: Cs(x) « C5°¥(x)

26:  end for

27:  Update 7y using {(x,y:,7i) x € Bg, @
1,...,

28: end for

Online source schedule. During online RL, each
rollout draws its draft from one of two specula-
tive source caches. For the first K7 optimization
steps, drafts are sampled from the offline teacher
cache Cp with lenience /1. Afterward, drafts are
sampled from the student cache Cg with lenience
£g. The student cache stores previously completed
student rollouts together with the token probabil-
ities needed for acceptance. It is refreshed from
completed student rollouts during training, so the
second phase reuses trajectories produced by stu-
dent snapshots that actually appeared in the RL
loop. In practice, we choose K7 to cover the initial
teacher-prefix pass over the training prompts, so
Cs(x) has been populated before it is used as the
draft source.

Draft verification and continuation. We now
describe the SPECROLLOUT procedure used in Al-
gorithm 1:

SPECROLLOUT(mg, x,y%, p, /)

Given a cached draft y? = (y¢,...,y%) for prompt
x, p? = (pf,...,p¢) stores the token probabilities
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assigned by the model that generated the draft. For
teacher drafts, these probabilities come from the
offline teacher cache Cr; for student drafts, they
come from the cached student rollout in Cg.

The current student first evaluates the draft to-
kens in parallel under its own policy:

curr

d d
(yi ‘ X7Y<i)7

Each draft token is then accepted sequentially with
probability

pqurr
di:min<1,€- ld>. 3)
p;

Let n be the first rejected position, i.e.,

n=min{i : u; > &;}, u; ~U(0,1),
and set n = L + 1 if all draft tokens are accepted.
The accepted prefix is y2,. When n < L, the
remaining draft suffix is discarded and the current
student generates a fresh continuation:

y92n ~ 7['9(' ‘ X7yd<n)'

If all draft tokens are accepted, we set yin to the
empty sequence, so the returned rollout reduces to
the full draft y = y?. The final rollout y returned
by SPECROLLOUT is yin &3] y9>n. The completed
trajectories are scored by the same verifier reward
R(x,y) and then passed to the base GRPO update
in Equation (1).

Algorithm 1 summarizes the rollout construc-
tion process of SPEC-Distill. The teacher is used
only in the offline cache-construction step, where
it generates the fixed teacher cache Cr together
with token probabilities. During online RL, each
rollout first samples a cached draft according to
the source schedule: early steps draw from Cr,
while later steps draw from the refreshed student
cache Cg. Both sources are consumed by the same
SPECROLLOUT procedure, which verifies a com-
patible prefix and lets the current student gener-
ate the remaining continuation. After each rollout
batch, completed student trajectories are written
into Cg for later self-reuse. Thus, after the offline
teacher pass, the online training loop only requires
the student, the rollout engine, and the verifier.

3.3 Key Properties of SPEC-Distill

Teacher-free inner loop. After the offline stage,
the teacher is neither loaded nor forwarded during
RL optimization; the online loop needs only the

student, the rollout engine, and the verifier. This
is in direct contrast to OPD-style recipes that must
rescore student trajectories with the teacher during
training (Agarwal et al., 2024; Lu and Thinking
Machines Lab, 2025).

Semi-on-policy rollouts. SPEC-Distill is best
described as semi-on-policy rather than on-policy.
Conditioned on a draft, SPECROLLOUT emits an
accepted draft token yf with probability pfdi =
min(p¢, £p¢"t) instead of p§™™*, and draws ev-
ery token after the first rejection from my. The
GRPO ratio does not remove this mismatch. In
our implementation 7g_, is recomputed by the stu-
dent actor over all rollout tokens, so accepted pre-
fixes are re-scored under the student rather than
carrying cached draft probabilities; p; then cor-
rects between the update policy and the rollout-time
student, but not between the rollout-time student
and the acceptance-induced behaviour distribution.
An unbiased estimator would additionally reweight
each accepted-prefix token by

gurr (;urr 1
. ]ZZ = max <pld, ) )
min (pi , Ep,fu”) P 14
4

while continuation tokens need no correction.
Equation (4) exposes the two knobs that govern
the gap: w; = 1 exactly when the draft source co-
incides with the current policy, which is the regime
the refreshed student cache approaches late in train-
ing, and w; > 1/¢, so the lenience bounds how
far a single accepted token can distort the update.
Under our defaults this bound is e * during the per-
missive teacher-prefix phase and e~!/2 under /g,
so the early scaffold is materially off-policy while
the longer self-reuse phase stays close to on-policy.
We do not apply this correction and therefore do not
claim that the update is unbiased. What we instead
report is the size of the affected region: accepted
draft tokens account for 11.4% to 60.4% of roll-
out tokens during the teacher-prefix epoch depend-
ing on student scale, and the exact teacher-prefix
footprint decays to 1-3% afterward (Figure 3, Ap-
pendix A.4). In the limiting case where every draft
token is accepted, the rollout equals the cached tra-
jectory and is treated as an ordinary student sample,
scored by the verifier and entered into the update
through the same p;. Finally, unlike exact specu-
lative decoding, we do not resample the rejected
position from a residual distribution, which is a
further deliberate simplification of the rollout path.

w; =
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Tokenizer compatibility. The acceptance rule in
Equation (3) compares p¢ and pS™* on the same to-
ken at the same position, so SPEC-Distill requires
the draft source and the student to share a tokenizer
and vocabulary. For student self-reuse this holds
automatically. For the teacher cache it is a genuine
restriction: the teacher must segment text exactly
as the student does, which is satisfied in all our
experiments because every teacher—student pair is
drawn from the Qwen3 family. A teacher from a
different family would break the positional corre-
spondence between the two probability sequences
and would require string-level re-tokenization and
alignment before the acceptance rule could be ap-
plied. We treat this as a concrete extension rather
than a property of the current method.

Prefix-level controllability. Teacher information
enters SPEC-Distill only through rollout construc-
tion. Its strength is therefore controlled by the
source schedule and the accepted-prefix length,
rather than by an auxiliary loss or a teacher-scored
reward. In particular, K7 determines how long
drafts are drawn from the teacher cache Cr, while
{7 and fg control how permissively teacher and
student drafts are reused. Larger lenience values
increase the expected accepted-prefix length and re-
duce fresh student generation, whereas smaller val-
ues return control earlier to the current student pol-
icy. This provides an interpretable way to balance
teacher imitation and student exploration without
changing the verifier reward or the GRPO update.

Plug-and-play and efficiency. Since SPEC-
Distill only modifies how rollouts are constructed,
it can be paired with RLVR algorithms such as
GRPO, PPO, REINFORCE, and their variants
while leaving reward computation and policy up-
dates unchanged. Its efficiency benefit comes from
reusing accepted draft prefixes. Although accepted
draft tokens still require student verification, they
avoid fresh autoregressive sampling for the ac-
cepted segment. In our rollout setting, this substan-
tially reduces online rollout tokens and wall-clock
rollout time.

4 Experiments

4.1 Experimental Setup

Training data. Following the DeepMath-6K set-
ting used in SPEC-RL (Liu et al., 2025), we
sample 6,144 verifiable reasoning problems from
DeepMath-103K (He et al., 2025) for RL training.

We refer to this prompt set as DEEPMATH-6K and
keep it fixed across all methods.

Settings and models. We evaluate SPEC-Distill
primarily in the non-think RLVR setting, with
detailed hyperparameters summarized in Ap-
pendix A.1 and Table 3. Our primary setting fol-
lows G-OPD (Yang et al., 2026) and uses Qwen3
models (Yang et al., 2025) in non-think mode,
where the students are Qwen3-1.7B, Qwen3-4B,
and Qwen3-8B, and the teacher is Qwen3-14B.
This setting tests whether expert prefixes improve
RLVR even when both the teacher and student are
already strong; Appendix A.3 reports a comple-
mentary zero-RL check with base checkpoints. All
experiments are implemented with VERL (Sheng
et al., 2024) and VLLM (Kwon et al., 2023).

Baselines. We compare SPEC-Distill with four
categories of baselines. First, we include the raw
Base model and standard RLVR with GRPO (Shao
et al., 2024), which measure performance with-
out expert guidance. Second, we compare with
SPEC-RL (Liu et al., 2025), which applies the
same lenience-controlled acceptance rule but al-
ways draws drafts from the student’s own cached
rollouts. SPEC-RL therefore never uses a teacher,
and isolates how much of our gain comes from the
offline teacher prefixes rather than from speculative
reuse itself. Third, we compare with Luffy (Yan
et al., 2025), which guides exploration by mix-
ing one full expert trajectory into each GRPO re-
sponse group. Fourth, we compare with OPD (Lu
and Thinking Machines Lab, 2025), which uses
online teacher scoring to construct dense rewards.
For OPD, we follow the open-source matched non-
think setting of G-OPD (Yang et al., 2026).

Evaluation. We evaluate mathematical reason-
ing on AMC23 (Mathematical Association of
America, 2026a), AIME24/25 (Mathematical As-
sociation of America, 2026b), GSM8K (Cobbe
et al., 2021), MATH500 (Hendrycks et al., 2021b),
and OlympiadBench (He et al., 2024), and re-
port STEM knowledge performance on MMLU-
STEM (Hendrycks et al., 2021a). We use AVG@ 16
for AMC23 and AVG @32 for AIME24/25. Differ-
ent tables average over different benchmark subsets,
so averages are comparable within each table but
not necessarily across tables.
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Method Efficiency Performance

Off-policy  On-policy  Rollout Time ;)3 s\y\E24 AIME25S GSMS8K MATHS00 Olympiad MMLU-STEM  Av.

Tokens Tokens / Hours
Student: Qwen3-1.7B
Base model - - - 44.8 11.2 10.0 81.2 71.2 354 72.6 46.6
GRPO! - 462.7 7.07 51.2 15.3 124 84.0 772 434 72.7 50.9
SPEC-RL' - - - 55.3 20.8 17.2 84.8 77.4 45.6 72.2 53.3
opPD! - 559.4 12.04 49.5 16.1 12.9 82.9 74.4 40.7 72.5 49.9
LuffyT 257.8 660.0 10.90 64.4 22.3 19.6 85.7 824 47.7 71.5 56.2
SPEC-Distillt 257.8 264.3 7.06 60.0 24.4 17.9 85.7 78.4 46.4 73.6 55.2
Student: Qwen3-4B
Base model - - - 66.7 21.0 18.8 91.2 81.8 48.1 83.9 58.8
GRPO! - 231.6 8.19 759 374 27.7 93.0 86.8 57.0 84.6 66.1
opPD! - 372.3 8.55 67.5 23.1 18.1 90.8 82.8 47.9 83.8 59.1
Luffy' 257.8 727.7 25.68 89.5 57.8 47.6 92.9 91.0 57.5 35.1 67.3
SPEC-Distillt 257.8 242.5 9.30 87.8 523 423 92.7 90.8 63.1 83.4 73.2
Student: Qwen3-8B

Base model - - - 71.6 26.0 19.7 93.2 85.4 51.6 85.6 61.9
GRPO! - 568.7 12.99 86.7 522 38.9 94.5 91.6 61.5 87.3 73.2
SPEC-Distillt 257.8 234.8 12.49 894 60.6 45.0 95.1 92.6 62.7 86.6 76.0

Table 1: Results of SPEC-Distill and baselines on Qwen3 models in non-think mode across three student scales. For
the 1.7B, 4B, and 8B students, all teacher-based methods use Qwen3-14B as the teacher. SPEC-RL applies the same
speculative acceptance rule but draws every draft from the student’s own cached rollouts, so it uses no teacher at any
stage and isolates the contribution of the offline teacher prefixes. All methods are compared at matched training
checkpoints to ensure fair comparison. T denotes online-teacher free while * requires online teacher during training.

4.2 Non-Think Distillation

Table 1 reports the main non-think results across
three Qwen3 student scales. SPEC-Distill consis-
tently improves over GRPO, raising average accu-
racy from 50.9 to 55.2 on Qwen3-1.7B, 66.1 to
73.2 on Qwen3-4B, and 73.2 to 76.0 on Qwen3-
8B. The gains are concentrated on competition-
style benchmarks such as AMC23, AIME, and
OlympiadBench, where sparse verifier rewards
make exploration hardest. This supports the role of
offline teacher prefixes as rollout guidance rather
than as a replacement for verifier-driven learning.

The teacher-free SPEC-RL baseline separates
these two ingredients on Qwen3-1.7B. Reusing
only the student’s own cached rollouts already lifts
the average from 50.9 to 53.3, so speculative reuse
is a useful training signal even without any ex-
pert data. Adding the offline teacher prefixes con-
tributes a further +1.9 points (55.2), which means
roughly half of the total gain over GRPO comes
from speculative reuse and the remainder from the
teacher scaffold. The teacher’s share is concen-
trated on the hardest benchmarks, with +4.7 on
AMC23 and +3.6 on AIME24 over SPEC-RL, con-
sistent with the view that expert prefixes matter
most where verifier rewards are sparsest.

The same table also shows a favorable effi-
ciency trade-off. Compared with OPD, which
requires online teacher scoring, SPEC-Distill im-
proves average accuracy by +5.3 points on Qwen3-

1.7B and +14.1 points on Qwen3-4B while using
fewer online rollout tokens (264.3M vs. 559.4M,
and 242.5M vs. 372.3M). Compared with Luffy,
SPEC-Distill is within roughly one average point
on Qwen3-1.7B but reduces online rollout tokens
from 660.0M to 264.3M and rollout time from
10.90 to 7.06 hours. On Qwen3-4B, Luffy re-
mains strong on math benchmarks but also pro-
duces much longer rollouts and drops sharply on
MMLU-STEM, which may indicate mild math-
domain over-specialization rather than uniformly
broad gains. Thus, SPEC-Distill improves over
GRPO and OPD while approaching full-response
expert reuse with substantially less online roll-
out work; reward trajectories are shown in Ap-
pendix A.2.

4.3 Efficiency Analysis

The efficiency benefit of SPEC-Distill is that
teacher inference is paid once to build the offline
cache, after which the RL loop reuses stored drafts
as prefix proposals without online teacher scoring.
By contrast, OPD-style distillation must rescore
student trajectories with the teacher at every RL
step to construct token-level KL rewards, so its
teacher cost grows with both training steps and
rollout length. Table 1 makes this accounting
concrete. For all students, SPEC-Distill uses the
same 257.8M offline teacher-token budget as Luffy,
but it consumes much fewer online rollout tokens:
264.3M on Qwen3-1.7B compared with Luffy’s
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Method Postprefix  \y 1023 AIME24 AIME25 GSMS8K MATH500 Olympiad MU avg
Reuse STEM
GRPO - 512 15.3 12.4 84.0 772 434 727 509
" SPEC-Distill  None 567 181 136 8.0 764 47 26 524
SPEC-Distill  Random 55.9 19.7 17.0 84.8 78.6 44.0 728 533
SPEC-Distill ~ Speculative 60.0 244 17.9 85.7 78.4 46.4 73.6  55.2

Table 2: Ablation study on the post-prefix reuse strategy, evaluated on Qwen3-1.7B with a Qwen3-14B teacher. All
SPEC-Distill variants use the same offline teacher cache Cr and the same first- K teacher-prefix phase; they differ
only after the source schedule switches away from Cr. None reverts to fresh GRPO-style rollouts; Random reuses
prefixes with uniformly random truncation points; Speculative (default) samples drafts from Cs and applies the

lenience-controlled acceptance criterion of Equation (3).

(a) Effect of Student-Cache Reuse

54 /
/

Average Accuracy
W W
(=} [
-\
[ \
n

=m= GRPO
SPEC-Distill (no self-reuse)
=@= SPEC-Distill

\

(b) Speculative vs. Random Reuse

—m= GRPO
SPEC-Distill (random reuse)
=@= SPEC-Distill

0 10 20 30 40 50
Training Step

0 10 20 30 40 50
Training Step

Figure 2: Step-level average accuracy during training for the two ablation experiments on Qwen3-1.7B (non-think)
with a Qwen3-14B teacher. (a) After the teacher-prefix phase, removing student-cache reuse (orange) narrows the
gap to GRPO (gray), whereas the full SPEC-Distill (blue) steadily pulls ahead. (b) Random prefix reuse (orange)
improves over GRPO but lags behind the speculative acceptance criterion used by SPEC-Distill (blue), especially in

later training steps.

660.0M, and 242.5M on Qwen3-4B compared with
Lufty’s 727.7M. Against OPD, the comparison is
even more favorable online: OPD requires 559.4M
and 372.3M student rollout tokens on the 1.7B and
4B students, respectively, and additionally requires
online teacher scoring over those trajectories. By
contrast, SPEC-Distill has no teacher forward pass
in the RL loop and reduces the number of student-
generated rollout tokens by reusing accepted pre-
fixes. This is the cost regime targeted by SPEC-
Distill: keep the expert’s exploratory benefit, but
make the repeated online loop close to student-only
RL; Appendix A.4 breaks down prefix reuse by
student scale.

4.4 Ablation Study

We ablate the post-prefix rollout strategy in SPEC-
Distill using Qwen3-1.7B with a Qwen3-14B
teacher. All variants use the same offline teacher
cache Cr and the same first-Kp teacher-prefix
phase. They differ only after the source schedule

switches away from Cp, when the default method
samples drafts from the student cache Cg; Ap-
pendix A.5 separately varies the teacher-prefix du-
ration. Table 2 and Figure 2 report the results.

Effect of student-cache reuse. After the first-
K teacher-prefix phase, SPEC-Distill by default
samples drafts from the student cache Cg and ap-
plies the same speculative acceptance criterion. Re-
moving this student-cache reuse entirely (“None”
in Table 2), so that post-prefix training reverts
to fresh GRPO-style rollouts, reduces the aver-
age from 55.2 to 52.4. The drop is concentrated
on the competition-level benchmarks where ex-
ploration is hardest: AIME24 falls from 24.4 to
18.1 (—6.3) and AMC23 from 60.0 to 56.7 (—3.3).
Teacher-prefix distillation alone already lifts per-
formance above GRPO (52.4 vs. 50.9), but the
student-cache phase contributes a further +2.8
points by reinforcing the reasoning patterns ab-
sorbed from the teacher—keeping those prefix
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structures in the rollout distribution prevents the stu-
dent from drifting back toward its pre-distillation
behaviour. As Figure 2(a) shows, the gap between
the full method and the no-student-cache-reuse vari-
ant widens steadily over training, indicating that
self-reuse has a compounding effect rather than a
one-time benefit.

Speculative vs. random reuse. We next com-
pare the lenience-controlled acceptance criterion
(Equation (3)) against a simpler baseline that draws
from the same student cache Cg but selects trun-
cation points uniformly at random. Random reuse
(avg. 53.3) improves over no reuse (52.4), confirm-
ing that prefix reuse provides a training signal be-
yond vanilla GRPO. However, the speculative crite-
rion (avg. 55.2) outperforms random reuse by +1.9
points, with the largest gaps on the hardest bench-
marks (AIME24: +4.7, AMC23: +4.1, Olympiad:
+2.4). Figure 2(b) illustrates the divergence: the
two curves track each other in the first 20 steps but
then separate, suggesting that the speculative crite-
rion becomes increasingly important as the student
matures and its distribution shifts further from the
cached drafts. The advantage stems from tying the
reuse decision to the student’s own token-level con-
fidence: the speculative acceptance keeps reused
prefixes closer to the current policy and places the
continuation point where the student’s distribution
genuinely diverges from the draft, rather than at an
arbitrary position.

Teacher footprint during self-reuse. To better
understand why post-prefix self-reuse helps, we use
exact-prefix overlap with the offline teacher trajec-
tory as a conservative proxy for how much teacher-
induced rollout structure remains in the current
rollout distribution. For each rollout, we compute
the longest common prefix with the corresponding
teacher draft and normalize it by the current rollout
length. Figure 3 shows that this footprint behaves
very differently after the teacher-prefix phase: the
None variant drops from roughly 11% during the
teacher-prefix phase to about 1-2% in later epochs,
whereas the Speculative variant keeps it around
10% immediately after the switch before gradually
decaying to 2-3%. This explains the +2.8 average
improvement over the no-reuse variant in Table 2:
self-reuse keeps teacher-derived prefix structure
available long enough for the student to benefit
from it, while the gradual decay indicates that the
policy is not locked to fixed teacher trajectories and
can continue verifier-driven exploration.

15% 7

o === Speculative

.g == None

-

5

= 0% |\

13)
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¥ \
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& 5% 1

b 1

g 1
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Training step

Figure 3: Persistence of teacher-prefix structure during
training. We measure teacher footprint as the fraction of
the current rollout, in characters, that exactly matches
the prefix of the corresponding offline teacher draft. The
shaded region denotes the initial teacher-prefix phase.
For None, the footprint drops sharply after the first
epoch, indicating that fresh GRPO-style rollouts quickly
lose teacher-induced rollout structure. For Speculative,
the footprint stays substantially higher after the teacher
stage and then gradually decays, suggesting that student-
cache reuse preserves an early teacher scaffold while
still allowing the policy to move away from the fixed
teacher distribution.

5 Conclusion

We introduced SPEC-Distill, a speculative pre-
fix distillation framework that moves the teacher
from the online reward path to the offline rollout-
proposal path. A cached teacher trajectory provides
an initial draft; the student accepts only a compat-
ible prefix, completes the rollout under its own
policy, and learns from verifier rewards with stan-
dard GRPO. This keeps the online stage close to
student-only RL while changing the rollout distri-
bution through accepted expert and self prefixes.
Across non-think Qwen3 settings, this design im-
proves over standard RLVR and OPD-style distil-
lation when available, while reducing online roll-
out work. The ablations further show that teacher
prefixes work best as an early scaffold followed
by speculative self-reuse, which preserves useful
rollout structure without keeping the policy fixed
to the teacher. The teacher-footprint analysis sup-
ports this view: self-reuse keeps a measurable trace
of teacher-induced structure after the initial prefix
stage, then lets it decay as the student policy be-
comes more autonomous. Overall, SPEC-Distill
suggests that in verifier-driven RL, strong teach-
ers can be especially useful as offline sources of
exploration rather than online reward models.
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Limitations

Our experiments focus on teacher—student pairs
that share a tokenizer and vocabulary, which the
token-level acceptance rule requires and which ev-
ery Qwen3 pair we study satisfies; extending the
same idea to heterogeneous model families would
require string-level re-tokenization and alignment,
and is an interesting direction. Relatedly, our anal-
ysis characterizes SPEC-Distill as semi-on-policy
and bounds the per-token correction that an un-
biased estimator would apply, but we do not ap-
ply that correction, so the reported updates are not
exactly unbiased. We also use fixed lenience val-
ues and source schedules, and adaptive schedules
that track the student’s evolving capability may fur-
ther improve the teacher-to-self transition. Finally,
we evaluate primarily on mathematical reasoning,
while domains with reliable automated feedback,
such as code generation, are natural targets for fu-
ture study.
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A Experimental Details

A.1 Hyperparameters

Non-think RLVR

Qwen3-1.7B/4B/8B
Teacher Qwen3-14B Qwen3-14B-Base
Max response length 16,384 4,096
Group size 8 8
Prompt batch size 1,024 1,024
Teacher-prefix phase 1 epoch 1 epoch
Lenience br=¢e' ls=e br=¢* ls=¢

Zero-RL
Qwen3-1.7B-Base

Setting

Student

0.5 0.5

Table 3: Experimental settings for the main non-think
RLVR experiments and the appendix zero-RL check.

Table 3 summarizes the training hyperparameters
used in the main non-think RLVR experiments and
the appendix zero-RL. The main experiments use
instruction-tuned Qwen3 checkpoints in non-think
mode across three student scales, while the comple-
mentary zero-RL uses a Qwen3-1.7B-Base student
with a Qwen3-14B-Base teacher. The zero-RL run
uses a shorter 4,096-token response budget; oth-
erwise, we keep the group size, effective prompt
batch size, teacher-prefix duration, and lenience
values aligned with the main setting. After the first
teacher-prefix epoch, SPEC-Distill switches from
the offline teacher cache to student-cache self-reuse
as described in Section 3.2. For implementation
details beyond Table 3, the main GRPO, SPEC-
Distill, Luffy, and OPD runs share a maximum
prompt length of 1,024, learning rate 5 x 1077,
PPO mini-batch size 256, and vLLM rollouts on
8 GPUs. GRPO and SPEC-Distill use the same
verifier-driven GRPO update; SPEC-Distill only
changes rollout construction through the offline
teacher cache and speculative prefix acceptance.
Luffy uses Qwen3-14B expert traces as off-policy
targets with one expert prefix per group. OPD
uses Qwen3-14B online to compute teacher log-
probabilities, with token-level rollout correction
threshold 5.0 and reverse-KL advantages; in the
aligned OPD run, the KL-loss, KL-control, and
entropy coefficients are set to 0.

A.2 Reward Training Dynamics

Figure 4 complements the held-out results in Ta-
ble 1 by showing the verifier reward observed dur-
ing RL training. Across student scales, SPEC-
Distill generally matches or exceeds the GRPO
reward trajectory while using the offline teacher-
prefix pool only as rollout guidance and keep-
ing the policy update verifier-driven. The sepa-
ration is clearest on Qwen3-1.7B and Qwen3-4B.

For Qwen3-8B, the curves are closer because the
GRPO baseline already reaches high reward early
in training and because the Qwen3-14B teacher
is much closer in model scale to the 8B student
than to the smaller students, leaving less additional
teacher knowledge for the student to absorb. These
traces should be interpreted as optimization dynam-
ics rather than held-out accuracy.

== == GRPO === SPEC-Distill

(a) Qwen3-1.7B
0.9
0.8
0.7

Reward

0.6
0.5 4

Reward

0.5

(c) Qwen3-8B

0.9 4 —Nr
0.8 =

0.7

Reward

0.6
0.5 1

1 10 20 30 40 50
Training step

Figure 4: Training reward dynamics for GRPO and
SPEC-Distill across Qwen3 student scales in non-think
mode. Curves are smoothed with a centered three-step
moving average for readability.

A.3 Zero-RL Distillation

Table 4 reports a complementary zero-RL check
from the Qwen3-1.7B-Base checkpoint with a
Qwen3-14B-Base teacher. Starting from the same
base checkpoint, SPEC-Distill improves the four-
benchmark average from 59.1 with GRPO to 63.8.
It also reduces online rollout work from 554.8M to
189.0M tokens and rollout time from 7.75 to 3.63
hours, while using 53.4M offline teacher tokens to
build the draft cache. These results suggest that
teacher-prefix guidance can also help when starting
from a base model, while our main comparisons
remain focused on the non-think RLVR setting.
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Method Efficiency Performance
Off-policy On-policy Rollout Time . MMLU
Tokens Tokens / Hours GSM8K  MATHS00  Olympiad STEM AVG
Student: Qwen3-1.7B-Base
Base model - - - 59.1 45.0 16.7 39.3  40.0
GRPO - 554.8 7.75 82.0 65.2 28.3 60.7  59.1
SPEC-Distill 534 189.0 3.63 85.1 68.6 324 689 63.8

Table 4: Zero-RL distillation result on Qwen3-1.7B-Base. SPEC-Distill uses Qwen3-14B-Base as the offline
teacher; token counts are in millions, and AVG averages the four reported benchmarks.
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(a) Accepted draft-token ratio. (b) Exact teacher-prefix overlap.

Figure 5: Scale-wise prefix reuse under the same Qwen3-14B teacher. The shaded region marks the initial teacher-
prefix epoch; after this point, SPEC-Distill switches the draft source from the offline teacher cache Cr to the student
cache Cg. (a) reports the fraction of response tokens supplied by accepted draft prefixes. (b) reports the exact
longest-common-prefix overlap with the corresponding offline teacher trajectory, used as a conservative proxy for

teacher-structure reuse.
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Figure 6: Step-level average accuracy when varying
the teacher-prefix phase duration on Qwen3-1.7B with
a Qwen3-14B teacher. The default source schedule
samples drafts from Cp for one epoch and then switches
to Cs. Longer schedules keep Cr as the draft source for
two epochs, four epochs, or all online RL steps.

A.4 Scale-wise Prefix Reuse Under a Fixed
Teacher

Figure 5 compares the three non-think Qwen3 stu-
dents while holding the teacher fixed to Qwen3-

14B. During the initial teacher-prefix epoch, larger
students accept substantially longer teacher drafts:
the average reused-token ratio is 11.4% for Qwen3-
1.7B, 32.4% for Qwen3-4B, and 60.4% for Qwen3-
8B. This indicates that teacher—student compati-
bility improves with scale inside the same model
family: larger students place higher probability on
the teacher’s next tokens and therefore pass more
speculative verification steps.

After the source switches to Cg, the accepted-
prefix ratio remains high for all students, but the
exact teacher-prefix footprint separates the scales
more clearly. The post-switch teacher-prefix over-
lap averages 6.4%, 12.8%, and 22.2% for Qwen3-
1.7B, Qwen3-4B, and Qwen3-8B, respectively, be-
fore decaying in later steps. Thus, self-reuse is
not simply copying the fixed teacher cache: all stu-
dents increasingly move away from exact teacher
trajectories, but larger students retain a stronger
measurable trace of teacher-induced rollout struc-
ture under the same teacher. This scale effect com-
plements the reward dynamics in Figure 4: the
8B student is closer to the teacher distribution and
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Teacher-prefix

MMLU

perp Step  AMC23  AIME24  AIME2S GSMS8K  MATHS00 Olympiad MU  AVG

0 443 1.2 10.0 812 712 354 726 466

10 431 132 109 80.9 736 38.4 730 476

20 472 162 109 82.6 72.4 410 732 491

Default (K = Lepoch) 5, 542 176 13.0 835 76.6 433 731 516
40 56.4 204 15.6 843 782 444 740 533

50 60.0 244 17.9 85.7 78.4 46.4 736 552

0 443 112 100 81.2 712 354 726 466

10 447 17 10.9 813 738 369 71 473

Kop — 2 epochs 20 473 145 10.1 82.9 722 412 734 438
30 516 17.4 135 84.6 776 410 740 514

40 55.8 197 14.9 842 772 434 736 527

50 592 2.6 17.6 843 80.0 46.4 749 550

0 448 112 10.0 812 712 354 726 466

10 455 122 9.4 814 722 36.6 709 469

Koy — 4 epochs 20 439 133 9.8 813 718 385 739 475
30 49.1 15.6 127 82.6 746 419 731 499

40 511 17.0 132 82.0 76.6 £ 731 509

50 56.4 218 158 84.1 772 443 729 532

0 448 112 10.0 812 712 354 726 466

10 4238 112 9.9 82.0 716 387 725 470

Ky K 20 46.1 149 109 813 736 382 723 482
30 500 14.6 11 83.0 738 40.4 722 493

40 527 16.1 132 84.1 76.6 406 721 508

50 503 18.3 15.1 832 76.8 416 727 sL1

Table 5: Step-level results for the source-schedule ablation that varies the teacher-prefix phase duration on Qwen3-
1.7B with a Qwen3-14B teacher. K1 follows Algorithm 1: during the first K7 optimization steps, drafts are sampled
from the offline teacher cache Cr before the schedule switches to the student cache Cs. We report K in equivalent
epochs over DEEPMATH-6K; K7 = K keeps using Cr for all online RL steps and never switches to student-cache
self-reuse. AVG averages the seven reported benchmark columns.

reuses more teacher-aligned prefixes, but the fi-
nal accuracy gain is also more limited because
the Qwen3-14B teacher is relatively close in scale
to the Qwen3-8B student, leaving less additional
teacher knowledge to transfer than for the smaller
students.

A.5 Teacher-Prefix Phase Duration

In Figure 6 and Table 5, we further ablate the
source schedule by varying K, the length of the
teacher-prefix phase before switching from the of-
fline teacher cache Crp to the student cache Cg. This
experiment complements the post-prefix reuse ab-
lation in Section 4.4: there, all variants share the
same one-epoch teacher-prefix phase and differ af-
ter the switch; here, all variants keep the same
speculative acceptance rule and differ only in how
long C remains the draft source before self-reuse
begins. The default setting uses one full pass over
DEEPMATH-6K, which both exposes the student
to teacher-guided prefixes and gives the student
cache enough completed rollouts to serve as the
next-stage source.

The default one-epoch K7 schedule reaches the
best final average accuracy (55.2), while using Cr

for two epochs remains close (55.0) and longer
teacher-prefix phases degrade performance (53.2
for four epochs and 51.1 when K1 = K). This pat-
tern supports the teacher-to-self schedule used in
the main experiments: the offline teacher cache is
most useful as an early source of high-quality roll-
out structure, but repeatedly drawing drafts from
the same static teacher cache throughout train-
ing can anchor proposals to a fixed distribution
and reduce the student’s opportunity to explore
with its own improving policy. Importantly, the
K71 = K variant still does not query the teacher
online; it only keeps reusing the fixed offline cache
throughout RL. The degradation therefore isolates
a scheduling effect rather than a change in teacher
compute: fixed teacher drafts are useful for boot-
strapping exploration, but the later stages benefit
from drafts produced by the evolving student dis-
tribution.
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