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Abstract

Self-distillation in reinforcement learning with
verifiable rewards (RLVR) uses successful in-
group rollouts to teach the failed ones, with
no external teacher needed. Whether it actu-
ally helps turns on three closely related design
questions that the canonical method does not
handle carefully: how to construct an appro-
priate teacher context for a given loser, where
in the response the distillation loss should act,
and what kind of signal it should carry. The
canonical Self-Distillation Policy Optimization
(SDPO) instantiation answers all three by de-
fault: a random in-group winner, a global dis-
tillation loss on the whole response, and a
Jensen—Shannon divergence on the full top-
K distribution. These three defaults com-
pound into a catastrophic late-training fail-
ure that short-horizon evaluation hides. We
propose CPSD (Counterfactual Patches Self-
Distillation), which replaces each default in
turn: pick the teacher by minimum embedding-
weighted edit distance, localise distillation to
an adaptive-stop counterfactual patch begin-
ning at the first divergent token, and replace
JS with a Plackett—Luce listwise loss that pre-
serves only the teacher’s ranking. Across six
reasoning benchmarks at a fixed 150-step bud-
get, CPSD eliminates the SDPO cliff and lifts
average accuracy by +5.7 pp over GRPO on
Qwen3-8B and +4.2 pp on Qwen3-4B.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR) (Shao et al., 2024; Guo et al., 2025a; Yu
et al., 2026a; Team et al., 2025; Hao et al., 2026a;
Wang et al., 2026b) has become the default recipe
for reasoning-LLM post-training. A natural aug-
mentation, when several rollouts of a single prompt
happen to land on both correct and incorrect an-
swers, is to let the correct ones teach the incorrect
ones in the same training step, a form of in-group
self-distillation (Hinton et al., 2015). The appeal

is direct: no external reward model is needed, no
extra inference is required, and the teacher and
student share the same architecture and decoding
distribution by construction (Agarwal et al., 2024;
Li et al., 2026b). The canonical instantiation, Self-
Distillation Policy Optimization (SDPO) (Hiibotter
et al., 2026), reports gains on tool-use and reason-
ing benchmarks.

Looking at how SDPO actually behaves over
training, however, we find that whether in-group
self-distillation works inside a policy-optimization
loop turns on three closely related design ques-
tions that the canonical method does not handle
carefully: (Q1) how to construct an appropriate
teacher context for a given loser; (Q2) which po-
sitions inside the loser’s response the distillation
loss should act on; and (Q3) what form of signal
the loss should carry. SDPO answers all three by
default: a uniformly random in-group winner, a
global loss across the loser’s entire response, and a
Jensen—Shannon divergence on the full top-K dis-
tribution (Agarwal et al., 2024). All three defaults
are wrong, in ways that compound rather than can-
cel. A random teacher steers the loser onto an un-
related reasoning trajectory; a global loss penalises
tokens the loser had already gotten right; and JS
forces the student to mirror the teacher’s full distri-
bution shape, collapsing the multi-mode reasoning
capacity that RLVR is meant to preserve. The three
failures compound into a catastrophic late-training
cliff (Figure 1a) that short-horizon evaluation hides.

We propose CPSD (Counterfactual Patches Self-
Distillation), which replaces each default with a
small, composable change. For Q1, we choose the
teacher by minimum embedding-weighted edit dis-
tance (“SEM”, for Semantic Edit Matching): the
in-group winner whose semantic trajectory is clos-
est to the loser’s in the model’s own representation
space. For Q2, we localise the distillation loss to a
short adaptive-stop window beginning at the first
position where the loser and the chosen teacher
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Figure 1: The SDPO cliff and CPSD’s early-budget gain. (left) Tool-use mean@16: SDPO peaks early then
collapses; CPSD-LM clears both baselines without collapsing. (right) Per-task peak @150 on Qwen3-8B; CPSD-LM

attains the highest peak on every task (values in Table 1).

diverge, a counterfactual patch that supplies gra-
dient at exactly the decision point and nowhere
else. For Q3, we replace JS inside the patch with a
Plackett—Luce listwise loss (Xia et al., 2008) that
preserves only the teacher’s ranking of the top-K
candidates; the student inherits the teacher’s pref-
erence order while keeping its own temperature
and calibration intact. Across six reasoning bench-
marks at a fixed 150-step compute budget, CPSD
eliminates the SDPO cliff and lifts average accu-
racy by +5.7 pp over GRPO on Qwen3-8B and
+4.2 pp on Qwen3-4B.
Our contributions are as follows:

* A re-framing of in-group RLVR self-
distillation around three closely related design
questions (teacher context, distillation scope,
and signal form), and the observation that the
SDPO defaults are wrong on all three.

* CPSD, a composable instantiation that ad-
dresses each question independently: SEM
teacher selection, first-divergence adaptive-
stop counterfactual patch, and Plackett-Luce
listwise loss inside the patch.

* Empirical evidence on six reasoning bench-
marks and two backbones (Qwen3-8B,
Qwen3-4B) that CPSD removes the SDPO
late-training cliff and lifts average accuracy
over GRPO.

2 Background

Notation. For a prompt z we sample a group
G of N rollouts {yg}i]vzl with scalar verifiable re-
wards {rg}. Wy ={g:7y > 0}and L, = {g :
ry = 0} partition the group into winners and losers.

A group is mixed if |W,| > 1 and |£,4| > 1. The
student policy is 7g; SDPO and CPSD also main-
tain an EMA teacher my with the same architec-
ture. Per-token distributions are p; (student) and
g (teacher); the student log-prob of the token at
teacher rank i is s;.

GRPO. Group-Relative Policy  Optimiza-
tion (Shao et al., 2024) normalises rewards within
a group of N rollouts and applies a clipped
PPO-style update (Schulman et al., 2017). For
rollout g with reward r,, the advantage is shared
across all tokens ¢ € y,:

At:Tg_:U'G

. L€ Yg,

where pg and oG are the mean and standard de-
viation of {ry | /=1 Within the group. The corre-
sponding GRPO loss is then:

LGrro = _Eg,t[min(ptAta ﬁtAt)]7

where py = (Yt | Y<t,2) /70,4 (Yt | y<t, x) is the
importance ratio and p; = clip(pg, 1—¢, 1+¢) is its
clipped version.

SDPO baseline. Hiibotter et al. (2026) augment
GRPO with a global in-group distillation loss. For
every loser £ in a mixed group, a “solution” is taken
as success_list[@] (the first index in the per-
group success list). Since this ordering reflects
vLLM batch position, the picker is effectively ran-
dom. The loss is Jensen—Shannon divergence be-
tween my and 7y (the latter conditioned on the cho-
sen winner’s response as “privileged context”) over
the loser’s entire response, blended with GRPO via
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a fixed coefficient. We inherit GRPO’s importance-
sampling clip but replace the SDPO picker, loss
window, and divergence form in turn (Section 4).

3 Where SDPQO’s defaults break

We give the empirical evidence behind the three
diagnoses, in the order posed in Section 1.

The late-training cliff is real and reproducible.
On the tool-use benchmark, paper-faithful SDPO
reaches its training peak after roughly forty steps
and loses almost everything within the next twenty:
by step sixty the model can no longer reliably per-
form the task at all (Figure 1a). GRPO without
distillation climbs more slowly but never collapses.
CPsSD climbs along the same early trajectory as
SDPO and continues past it without the late drop;
the same peak-end gap recurs across the six reason-
ing tasks (Tab. 1).

Teacher choice: the picker is effectively random.
Two diagnostic observations substantiate the claim
that the SDPO picker is misspecified. (i) The code-
base picks the first winner in batch order, with no
semantic content. The induced picker is effectively

wgDPO ~ Unlf(Wg),

in contrast to the embedding-distance picker
w* = argming,cyy, Levg(yt, y™) introduced in
Section 4.1. (il) Against a token-prefix-longest
baseline, the semantic picker selects a different
winner on between roughly a quarter and two-fifths

of all mixed-group pairs, depending on the task.

Distillation scope: global loss over-supervises.
The SDPO distillation loss is summed over the
loser’s entire response,

= Y _ Di(pt.at"),

teyt

SDPO
‘Cpatch

with no preference for actual decision points.
Two pieces of evidence suggest this scope is too
wide. (i) Per-position student entropy H(p!) :=
— >, P(v)log pf(v) under paper-faithful SDPO
on tool-use drops by an order of magnitude dur-
ing the steps that precede the cliff, from roughly
0.21 to 0.03; the policy commits to a single so-
lution path just before it loses the ability to re-
cover from it. (ii) Per-batch divergence-geometry
probes show that biology fires patches roughly five
times more often per batch at six times the per-
batch GRPO loss magnitude relative to tool-use.

The ratio-clip safety net of Lemma 1 guarantees
|cei Lpaten| < k|Lgrpo| but scales with Lorpo
and therefore cannot compensate for the cross-task
spread in patch density.

Signal form: JS is too rigid for multi-mode rea-
soning. The JS divergence at the heart of SDPO,
Djs(pf || q*"), matches the student and teacher on
the full top-K distribution. On single-mode tasks
like tool-use this is approximately the right con-
straint; on multi-mode reasoning tasks (biology,
chemistry, physics, material) several valid solution
paths coexist and the teacher’s distribution shape
encodes one of them. JS asks the student to in-
herit a particular distribution shape when what
it actually needs is the teacher’s preference order-
ing over candidates. A divergence that depends
on the teacher only through its ranking o7 — for-
malised in Proposition 3 — sidesteps this rigidity
by construction. The factorial ablation in Table 2
confirms that swapping JS for such a ranking loss
inside the patch contributes independently of the
teacher-choice fix.

Independence of the three causes. The three de-
faults break along orthogonal axes, parameterising
an in-group self-distillation method as the triple
(m, T, D): apicker 7 (which gradient flows), a
scope T (where it flows), and a divergence D (what
shape it pushes toward). Theorem 4 shows that
the gradient flow induced by the rank-preserving
choice of D eliminates every teacher-order inver-
sion in finite time, while Lemma 5 shows the lo-
calised scope leaves out-of-patch GRPO gradients
undisturbed. A single-axis fix recovers only part
of the late-training stability gap (Section 6); only
when all three are corrected simultaneously does
the cliff vanish and the peak-end gap close.

4 CPSD

CpSD keeps SDPO’s group structure and EMA
teacher unchanged. The contribution is a redesign
of the three components Section 3 identified as
misspecified: the teacher picker, the distillation
scope, and the divergence form. Figure 2 shows
the pipeline; formal properties of each lever —
patch-loss safety, ListMLE invariances, gradient-
flow rank recovery, and out-of-patch GRPO preser-
vation — are established in Appendix H.

4.1 Choosing the teacher: a semantic picker

For each loser ¢ € L, in a mixed-reward group,
we choose the winner with minimum embedding-
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Figure 2: CPSD pipeline. For each loser £ in a mixed-reward group, the SEM picker selects a winner w* by
embedding-weighted edit distance (not lexical prefix). The first-divergence position ¢t* defines an adaptive-stop
patch window. Inside the window the student is supervised by a Plackett—Luce ListMLE rank loss against the
EMA-teacher’s top- K order, capped by a ratio-clip safety net. The patch loss is added to GRPO, not replacing it.

weighted Levenshtein distance to £:

w* = argmin Levg yf,yw), (D

weWy

—~

where the substitution cost is the cosine distance
between input embeddings drawn from the model’s
own embedding matrix E: sub_cost(a,b) =1 —
cos(Ey, Eyp). Insertion and deletion cost 1; the dis-
tance is capped at the first 128 tokens of each roll-
out, which keeps its cost negligible relative to a
forward pass. We call this picker SEM for Seman-
tic Edit Matching: substitution cost is driven by
the model’s own embedding geometry rather than
by raw token identity. Unlike a syntactic prefix-
longest match, SEM selects the winner whose se-
mantic trajectory is closest to the loser’s even when
they paraphrase heavily from the first token.

4.2 Choosing the scope: a counterfactual
patch

Once w* is fixed, the first-divergence position
t* = min{t : arg max p! # argmaxp{"" } identi-
fies the earliest token at which the two trajectories
disagree (if the two argmax sequences never di-
verge no patch is fired for this loser). Empirically
t* lies early in the response across all five tasks
(Fig. 5). The patch window T,4¢cp starts at t* and
is adaptively truncated: distillation proceeds token-
by-token until the student already agrees with the
teacher locally — measured as per-token JS diver-
gence between pf and p}*” below a small threshold
e for k = 4 consecutive positions — or a hard cap
of 64 tokens is reached. A minimum length of 8
tokens prevents premature termination on transient

local agreement. We refer to this as the adaptive-
stop window: the patch extends only as long as
the student needs supervision to converge to the
teacher’s local decision, and stops once it does. To-
kens before t* and past the adaptive cut-off receive
no distillation gradient.

Aggregating across the loser set, the patch loss
takes the form

ﬁZW Z Dt(pf | qg*)y

N )
teTpatch

Lpatch =

where D; is the in-patch divergence introduced in
Section 4.3 below. Lemma 5 shows that positions
outside | J, Té?tch receive no distillation gradient
and propagate only the GRPO advantage signal.

The combination of SEM and patch localisation
operationalises the counterfactual reading of in-
group self-distillation: for each loser we ask “had
the model made a different decision at the first
divergence point, would a semantically similar tra-
jectory have led to the correct answer?” Distillation
pushes the student toward the positive instance of
that counterfactual at exactly the location where it
failed, and at no other location.

4.3 Choosing the signal: a ranking-only loss

Inside Tpatch We replace JS divergence with a
Plackett—Luce listwise loss (Xia et al., 2008). Let
or € Sk be the permutation that sorts the teacher’s
top-K log-probabilities in descending order, and
let s; be the student log-probability of the token at
teacher rank 7. Under the Plackett—Luce model the
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probability that the student’s scores reproduce the
ranking o7 factorises as

PPL(O'T | S) = ﬁ ;Xp&
i=1 Zj:i exp(sj)

The per-position negative log-likelihood, averaged
over rank positions, is

2

K
DrissmLe(Pellar) = % Z [logzesj *Sz‘], 3
i=1 j=i
computed in O(K) memory with a reverse
logcumsumexp pass over the student log-probs
sorted in teacher order.

What distinguishes ListMLE from JS is its asym-
metric treatment of teacher and student. The loss in
Equation (3) depends on the teacher only through
the permutation o7 over the teacher’s top-K to-
kens: teacher logit magnitudes, temperature, and
the residual mass on non-top-K tokens never enter.
On the student side, the loss is invariant to a uni-
form additive shift of the student’s log-probabilities
at a position (the same gauge freedom softmax
already discards), so the student is supervised to
reproduce the teacher’s ordering of those top-K to-
kens, not the absolute scale of its own logits. JS, by
contrast, requires the student’s top-K distribution
to match the teacher’s distribution shape pointwise.
This is the explicit form of the “distribution shape
versus ranking” distinction we draw in Section 3;
Propositions 2-3 state these two invariances for-
mally, and Theorem 4 shows that gradient flow
under Equation (3) eliminates every teacher-order
inversion in finite time.

4.4 Glue: slow EMA teacher and ratio-clip
safety

After each optimiser step the teacher tracks the
student via a slow exponential moving average,
0 (1—a)f +ab, a=0.01. A frozen teacher
(a = 0, as recommended by Zhao et al. 2026d)
loses roughly seven points on biology in our setting;
a fast EMA (a > 0.05) drives the late tool-use
collapse described above. Slow EMA at 0.01 keeps
the teacher useful without letting it lag.

To prevent intermittent magnitude spikes from
dominating the additive loss, the effective patch
coefficient is dynamically shrunk:

. K |L
Cup = - mm{l, 7@&2;53‘ } : (4)

Algorithm 1 CPSD training step

Require: 7y, mg/, prompt x, group size N, verifier r(-),
ListMLE depth K, patch cap Lmax=64, threshold €, run-
length k=4, EMA rate agma=0.01, ratio-clip k=0.25,
coef ¢=0.25

Sy Yol ~ ol | 2), g 1Y)

W {g:rg=1}, L+ {g:7y=0}

: LGRPO f]Eg,t[min(ptAt, clipf(pt)At)]

ifW =0V L =0then

Lpatch <= 0, ceg <0
else
for all / € L do
w* + argmin, .y, Leve(y',y™) 01
t* + min{t :
arg max p} # arg max p’g“* } Q2
10: Téﬁ)tch « AdaptiveStop(t*; €, k, Lmax)
11: end for

. 1 1
12 Epatch < mze W
patch

DLiscMLE(Pf l quﬂ*) Q3

rlLgrpoOl
? ‘C‘C'patchl

unmixed group

R AR S

D er(®
SN

13: Ceff < C- min{l ratio-clip
14: end if
15: 0 < 6 — n v6'(£GrRP() + Ceft Epatch)

16: 0" + (1 — agma) 0’ + agma 0 teacher EMA

with k = 0.25 a fixed cap. Lemma 1 shows this
clip guarantees |cer Lpateh| < & |[Lgrpo| When-
ever the patch is non-trivial. The clip almost never
fires under JS but is load-bearing under ListMLE,
whose logcumsumexp accumulation produces in-
trinsically larger raw magnitudes.

4.5 Algorithm

The per-microbatch objective is additive, Liopa =
LGRPO + Ceft * Lpateh, 50 GRPO continues to drive
the global update even when no group is mixed.
The variant CPSD-JS fixes only the first two ques-
tions (SEM picker plus patch localisation; JS diver-
gence inside the patch) and serves as the Q1+Q2
ablation; the full CPSD-LM fixes all three. Compar-
ing the two isolates the contribution of the ranking-
only signal from the contribution of the counterfac-
tual teacher choice and patch scope.

5 Experiments

Our experiments are organised around two ques-
tions that follow directly from the three-question
framing of Section 3. First, does correcting all
three SDPO defaults jointly recover the stability
that paper-faithful SDPO loses? The main results
below answer this. Second, is each of the three
corrections necessary on its own? The factorial
ablation in Section 6 answers this.
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Table 1: Main results. Best mean@16 within the first 50 / 150 steps (fixed 150-step budget). Bold = best per
column within each model block. Average is the unweighted mean over the six tasks.

Chemistry Physics Biology

Materials Tool Use LCB Average

@50 @150 @50 @150 @50

@150 @50

@150 @50 @150 @50 @150 @50 @150

Qwen3-8B
+ GRPO
+ SDPO
+ CPSD

60.98
72.95
70.48

69.82
78.18
81.73

66.02
67.03
68.98

71.64
69.84
72.50

44.38
54.75
57.75

55.50
63.50
67.12

74.00
73.54
77.99

75.07
80.19
80.32

65.72
67.46
68.84

67.00
67.46
69.49

61.00
57.00
60.88

63.09
61.29
65.16

62.02
65.45
67.49

67.02
70.08
72.72

Qwen3-4B
+ GRPO
+ SDPO
+ CPSD

63.66
70.86
68.42

70.33
79.97
78.81

63.44
67.58
65.62

71.25
68.20
72.27

36.75
48.25
55.00

50.25
57.75
58.63

75.27
71.94
77.53

74.73
71.94
79.92

59.74
59.10
61.58

61.58
59.10
62.13

56.60
50.90
57.80

61.48
55.48
63.20

59.24
61.44
64.33

64.94
65.41
69.16

5.1 Setup

Model and training stack. We run experiments
on Qwen3-8B and Qwen3-4B (Yang et al., 2025);
each backbone serves as both the on-policy stu-
dent and the slow-EMA teacher. Training uses
verl (Sheng et al., 2025), FlashAttention-2 (Dao
et al., 2022), and vLLM for rollout (Kwon et al.,
2023) on 4xH200. Each method runs to exactly
150 training steps on each backbone for an apples-
to-apples comparison.

Tasks. Six reasoning benchmarks: tool-use
(JSON exact-match verifier), the four SciKnow-
Eval (Feng et al., 2024) domains biology, chem-
istry, physics, and material (MCQ verifier), and
LiveCodeBench-v6 (Jain et al., 2025) (code gener-
ation with sandbox-executed unit tests).

Metrics. We report validation mean@16 accuracy
at two budgets: the peak within the first 50 training
steps (peak@50, an early-training reading) and the
peak within the full 150 steps (peak@ 150). The
two columns together summarise both how quickly
a method reaches a useful policy and how much
additional budget is rewarded.

Baselines. GRPO, no distillation; and SDPO,
paper-faithful with solution_list[@] picker and
global JS loss. The main-table method is CPSD-
LM. The Q1+Q2 ablation CPSD-JS, which fixes
the teacher and scope but keeps JS inside the patch,
appears in the factorial ablation (Tab. 2), not as a
main-result row. All methods share the same opti-
misation hyper-parameters; full settings are listed
in Appendix B.

5.2 Main results

Table 1 summarises peak@50 and peak @ 150 for
CPSD-LM against the two baselines across all six
tasks. Two patterns are worth highlighting.

The cliff is eliminated. On tool-use, paper-
faithful SDPO peaks early (peak@50 = peak @150
because the cliff hits before step 60) and then col-
lapses on the training set. CPSD-LM reaches a
higher peak than SDPO and, as Figure 1a shows,
its trajectory remains stable past step 60. End-of-
training accuracy is no longer divorced from the
peak; removing the cliff is what makes the 150-step
peak a meaningful deployment metric rather than
an artefact of stopping at the right moment.

Highest peak on every task (Qwen3-8B). At
the fixed 150-step budget, CPSD-LM attains the
best peak @150 in every column of the Qwen3-8B
block of Table 1: tool-use 69.49 (+2.5 over GRPO,
+2.0 over SDPO), biology 67.12 (+3.6 over the
SDPO 63.50 ceiling that previously dominated this
task), chemistry 81.73 (+11.9 over GRPO, +3.6
over SDPO), physics 72.50 (+0.9 over GRPO), ma-
terial 80.32 (narrowly above SDPO 80.19), and
LCB-v6 65.16 (+2.1 over GRPO 63.09, +3.9 over
SDPO 61.29).

5.3 Training dynamics across tasks

Figure 3 extends the tool-use trajectory of Fig-
ure la to the four SciKnowEval domains. The late-
training drop visible on tool-use recurs in milder
forms on biology, physics, and material; CPSD-LM
is the only method whose peak-end gap stays close
to zero across all four.

6 Analysis and Ablations
We isolate the contribution of each CPSD lever.

Factorial 2 x2: picker vs. loss form. Table 2 sep-
arates Lever 1 (picker) from Lever 3 (loss form) on
tool-use. Switching from a random in-group win-
ner to the SEM picker contributes 4+-2.30 pp (JS col-
umn) and +2.09 pp (ListMLE column); swapping
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Figure 3: Validation mean@16 over training on the four SciKnowEval domains (Qwen3-8B, eval every 10 steps;
3-point median smoothed). CPSD-LM attains the highest peak on every panel; on material it also avoids the late
SDPO drop, and on physics it is the only method whose end value equals its peak.

Table 2: Factorial 2x2 ablation on tool-use (mean@16
peak @150, 150 steps, Qwen3-8B). Picker (Axis 1) and
in-patch loss form (Axis 2) vary; all cells share the same
adaptive-stop patch localisation, differing only in which
winner the patch is anchored to (random vs SEM) and
which loss runs inside the patch (JS vs ListMLE). Both
axes contribute additively, and the combination (SEM
picker, ListMLE patch) attains the best peak.

JS patch  ListMLE patch (ours)

65.50 67.40
67.80 69.49

random winner
SEM picker (ours)

Table 3: Q2: adaptive patch vs. global loss. Peak@ 150
mean@16 with the CpPSD-LM stack on Qwen3-8B.
Global reproduces SDPO’s whole-response distilla-
tion; adaptive patch applies ListMLE inside the SEM-
anchored adaptive-stop window (Sec. 4.2).

Scope Tool-use Bio. Chem.
global (entire response) 68.04 6492 7942
adaptive patch (ours) 6949 67.12 81.73

the in-patch loss from JS to ListMLE contributes
+1.90 pp (random row) and +1.69 pp (SEM row).
Both axes are positively additive, and CPSD-LM
(SEM + ListMLE) attains the highest peak: remov-
ing either lever forfeits 1.7-3.99 pp.

Picker non-triviality. To confirm that the SEM
picker is not a relabelling of the syntactic prefix-
longest baseline, we compute, on 5 x 20 = 100
prompts x 8 base-model rollouts per task, the dis-
agreement rate between the two pickers (Fig. 4).
Disagreement is 44—65% across tasks; when the
two pickers select different winners, the chosen
winners differ by mean cosine distance 0.03—-0.05
in the model’s embedding space, indicating SEM is
reaching for a semantically distinct trajectory that
prefix-matching does not surface.

80 1

%)

3 b=
L L

SEM # prefix-longest (
o
L

Material

Tool-use Biology Chemistry Physics

Figure 4: SEM vs prefix-longest picker. Bars: percent
of in-group losers on which the two pickers select dif-
ferent winners (160 losers per task). The number under
each task is the mean cosine distance between the two
pickers’ choices in embedding space, computed only
over the disagreement subset.

Patch vs. global. Table 3 contrasts the adaptive-
stop patch (Sec. 4.2) with the global whole-
response loss used by SDPO, holding all other
components of CPSD-LM fixed. Localising the
distillation loss to the adaptive-stop window im-
proves peak @150 by +1.5 pp on tool-use, +2.2 pp
on biology, and +2.3 pp on chemistry. The global
variant penalises tokens the loser had already gotten
right and re-introduces the over-correction failure
described in Section 3; the patch supplies gradi-
ent only at the decision point and stops once the
student has locally re-aligned with the teacher.

First-divergence geometry. Figure 5 plots, per
task, the empirical distribution of the first-
divergence position t* between pairs of base-model
rollouts. Across five benchmarks the medians clus-
ter between 8 and 11 tokens, and the mode is at
t* < 8 on every task. Two consequences: (i) the
“decision point” is consistently near the start of the
response, not deep in the chain of thought, so lo-
calising distillation at t* captures the structurally
informative region; (ii) the long tail (~10% of pairs
have t* > 32 on chemistry, ~20% on tool-use) jus-
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Figure 5: First-divergence position ¢* across five tasks (base Qwen3-8B, 20 prompts x 8 in-group rollouts, ~560
pairs per task). Bins are 2 tokens; the rightmost bin aggregates all t* > 64. The distribution is heavily right-skewed:
medians lie at 8—11 tokens and 73-82% of rollout pairs diverge within the first 32 tokens. First-divergence is
therefore a well-defined early geometric anchor; localising distillation at ¢* targets exactly the decision point while
leaving the (typically much longer) downstream completion unconstrained.

tifies the adaptive cap rather than a hard short-fixed
length, since occasional late divergences still bene-
fit from a longer patch.

Geometry-probe diagnosis (Figure 7, appendix).
An instrumented CPSD training run logs per-batch
divergence-geometry metrics: SEM non-lexical
winner %, mean first-divergence position, patch
pairs per batch, first/random JS-mass ratio, ratio-
clip firing fraction, and raw GRPO loss. Across
tasks these vary by an order of magnitude; in partic-
ular, biology fires 5x more patches at 6x the per-
batch GRPO loss magnitude, structurally requiring
a lower ¢, which fixed nominal hyper-parameters
do not deliver. We present this as a diagnostic de-
vice, not a per-task scheduler.

7 Related Work

Self-distillation in RLVR. SDPO (Hiibotter
et al., 2026) is our immediate baseline: in-group
self-distillation with a global JS loss. Several recent
works diagnose related failure modes: OPSD (Zhao
et al., 2026d) argues that even slow EMA teach-
ers degrade reasoning via epistemic suppression
and recommends a frozen-at-init teacher; Kim et al.
(2026b) show that EMA rates as low as 0.05 sup-
press “wait/hmm”-style epistemic verbalisation by
up to 40% out-of-domain. Concurrent work on
self-distillation RLVR includes RLRT (Kim et al.,
2026a) (reverse teacher signal on correct rollouts),
OGLS-SD (Yang et al., 2026) (outcome-contrast
teacher), AOPD (Jia et al., 2026) (advantage-gated
FKL), SDAR (Lu et al., 2026) (sigmoid-gated
distillation), RLAD (Zhang et al., 2026) (TRRD
blends student/teacher ratios), AMR-SD (Wei et al.,
2026) (adaptive multi-rollout), Sample-Routing
SDPO (Li et al., 2026a) (unifies GRPO and SDPO

at sample granularity), Entropy-Aware OPD (Jin
et al., 2026), PCSD (Lv et al., 2026) (persis-
tent consistency for self-distillation in agentic
RL), and contrastive reinforced policy optimization
with privileged self-distillation (Wu et al., 2026),
and ROSD (Zhao et al., 2026e) (reflective on-
policy self-distillation across domains), and Uni-
OPD (Hou et al., 2026) (a dual-perspective recipe
for on-policy distillation). CPSD is the localised,
rank-target variant: it does not invent a new teacher
signal but corrects the SDPO loss where and how
it acts.

Listwise distillation and learning-to-rank.
ListMLE (Xia et al., 2008) and the Plackett—Luce
model it instantiates predate LLMs by decades;
in the LLM era, listwise targets have appeared in
offline preference optimisation (LiPO, Liu et al.,
2025a; LIRE, Zhu et al., 2024; PLD, Bassam et al.,
2026; LPO, Qu et al., 2026). To our knowledge,
CPSD is the first to use a rank-only listwise loss
inside an on-policy RLVR localised counterfactual
patch. The combination is what is new: not the
loss, not the patch, but a patch-target that preserves
multi-mode reasoning while still correcting the
precise decision point.

8 Conclusion

Self-distillation in RLVR collapses for three closely
related reasons: the canonical method picks a
teacher essentially at random, applies a global dis-
tillation loss that over-corrects correctly-generated
intermediate tokens, and uses a JS divergence tar-
get that is rigid enough to crash student diversity
on multi-mode reasoning tasks. CPSD addresses
each cause with a small, composable change: a
SEM embedding-edit-distance picker, an adaptive-
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stop first-divergence patch window, and a Plackett—
Luce ListMLE rank loss inside the window. The
combined method matches or exceeds GRPO and
SDPO on all six reasoning benchmarks at the same
compute budget on Qwen3-8B and on five of six
tasks on Qwen3-4B; on chemistry, physics, mate-
rial, and LCB-v6 it attains end-of-training accuracy
that equals its peak, where SDPO drops 7-60 pp.
We show that where and how self-distillation is ap-
plied inside RLVR matters at least as much as the
choice of teacher, and that rank-only targets are a
simple and underappreciated stability mechanism.

Limitations

Scale. Results cover Qwen3-8B and Qwen3-4B;
smaller (0.5B) and larger (32B) backbones, as well
as model families other than Qwen3, are untested.

Observational probe. The first-divergence ge-
ometry probe (Appendix F) is observational. We
do not construct a controlled synthetic environment
where patch geometry can be intervened while re-
ward is held fixed; the case for adaptive-stop lo-
calisation rests on the patch-vs-global comparison
(Table 3) rather than on a controlled causal study.
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A Dataset Statistics

We use publicly available benchmarks with their
standard training splits and evaluate on held-out
validation or test splits. The training and held-out
evaluation sizes, split names, and verifier types are
listed below; the four SciKnowEval domains use
the same multiple-choice verifier.

Task Train Held-out split  Verifier

Tool-use 4,046 validation (68) JSON exact match
Biology 450 validation (50) 4-way MCQ
Chemistry 1,890 validation (210) 4-way MCQ
Physics 720 validation (80)  4-way MCQ
Material 841 wvalidation (94) 4-way MCQ
LCB-v6 131 test (131) Sandbox unit tests

Table 4: Training and held-out evaluation split statistics.

B Implementation Details

Codebase. Implementation on top  of
verl (Sheng et al., 2025) with FlashAttention-
2 (Dao et al., 2022) and vLLM (Kwon et al., 2023).
CPsD’s three levers are toggled by environment
flags:

Lever (Section) Environment flag(s)

SEM picker

(Sec. 4.1) SDPO_EDITDIST_WINNER=1

Adaptive-stop patch

(Sec. 4.2) SDPO_PATCH_ADDITIVE=1
SDPO_PATCH_ADAPTIVE_STOP=1
SDPO_PATCH_LEN=64 (cap)

ListMLE inside patch

(Sec. 4.3) SDPO_LOSS_MODE=rank_listmle

Default SDPO_LOSS_MODE=js recovers CPSD-JS.

Hardware and wall-clock. 4xH200, per-step
training time (8-step warm average): tool-use
78.7 s, biology 91.0 s, chemistry 80.2 s, physics
84.4 s, material 72.8 s, LCB-v6 230 s (with parallel
reward manager). Total to 150 steps: 3—6 hours per
task.

Hyper-parameters. Identical across methods
(top block) and CpsD-specific (bottom block):

C Patch-Coefficient Sweep

On biology, sweeping the patch coefficient ¢ €
{0.04,0.15,0.25,0.40,0.50} gives end accuracies
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Parameter Value

Shared across GRPO / SDPO / CPSD

learning rate 3x107°
mini_batch 8
train_batch 32
rollout_n 8
distillation blend « 0.5
distillation_topk 100
is_clip 1.2
response_len 8192
CPSD-specific (adaptive-stop patch)
SDPO_PATCH_ADAPTIVE_STOP 1
SDPO_PATCH_LEN (cap) 64
SDPO_PATCH_COEF (c¢) 0.25
teacher_update_rate (agma) 0.01
SDPO_PATCH_RATIO_CLIP_CAP (k) 0.25

of {56, 60,62.4,60,57}. The geometry-probe ta-
ble predicts the optimum: biology fires patches 5x
more often than tool-use at 6x the per-patch JS
mass, so a fixed nominal ¢ over-presses on biology.
The ratio-clip safety net partially compensates but
is by construction conservative.

D Teacher EMA Rate

On biology, a € {0,0.01,0.05} yields end accu-
racies {55.4,62.4, collapse}. Frozen teacher (the
OPSD recommendation, Zhao et al., 2026d) drops
7 pp on our stack; fast EMA collapses. Slow EMA
at 0.01 is the load-bearing middle. The cross-task
mechanism 1is identical (cf. Kim et al., 2026b’s
“epistemic suppression” under EMA teachers): on
our stack, some teacher movement is required to
keep up with the student.

E Supplementary Analyses

Peak-to-end-of-training stability (Fig. 6). For
each (task, method) trained at the 150-step budget,
we compute the gap between the peak and the last-
step validation mean@16. CPSD keeps the gap
below 12 pp on every task and below 7 pp on four
of five; SDPO collapses 60.7 pp on tool-use and
drifts 7.5 pp on material.

Divergence-geometry summary (Tab. 5). The
combined per-task geometry numbers referenced
throughout Sections 4 and 6.

F Geometry Probe

Figure 7 reports per-batch audit metrics over the
first 60 training steps of an instrumented CPSD
training run on each task. The five quantities are
independently logged at every PPO microbatch and
aggregated; cell values are row z-normalised for

607 = GRPO i SDPO W CPSD
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Figure 6: Peak — end gap per (task, method). Lower
is more stable. Tool-use SDPO bar is clipped at 25 pp
for legibility (true value 60.7); annotated values are raw.
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Ratio-clip GRPO EMA 4 003
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Figure 7: Divergence-geometry probe across tasks
(first 60-step averages, row z-normalised; raw values
printed in cells). Biology has roughly 5x the patch-pair
density and 6x the GRPO loss of tool-use, yet ratio-clip
rarely fires because the threshold scales with GRPO
loss.

colour and the raw average is printed inside each
cell.

G Additional Related Work

Beyond the self-distillation methods discussed in
Section 7, recent work has explored various as-
pects of LLM reinforcement learning and post-
training, including information-theoretic step-level
optimization for self-refining LLMs (Zhao et al.,
2026b) and rubric-guided process rewards for step-
wise model routing (Ye et al., 2026b), in-context
policy optimization for self-improvement (Yu et al.,
2026b), and learnability-grounded trajectory selec-
tion for reasoning distillation (Yu et al., 2026c).
Hao et al. (2026a) analyze entropy interventions
in RLVR from an entropy-change perspective;
uncertainty-aware advantage shaping has also been
explored to promote deeper reasoning in RLVR
(Xie et al., 2026a), alongside semantically diverse
exploration for efficient reasoning (Zhao et al.,
2026f). Related analyses audit data membership
in reinforcement learning with verifiable rewards
(Liu et al., 2025b) and study external thought ma-
nipulation for efficient reasoning (Liu et al., 2025c¢).
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Table 5: Divergence-geometry summary per task (Qwen3-8B). SEM=£pref.: percent of in-group losers where the
SEM picker chooses a different winner than the prefix-longest baseline (160 losers per task, base-model rollouts).
Median t*: median first-divergence position in tokens. Patches: average loser/winner patch pairs per training
batch. JS ratio: log,, of first-divergence JS-mass over a random-position window of equal width (training audit).
Ratio-clip: average effective patch coefficient as a fraction of the GRPO loss budget. Biology stands out on patch

density (5—6x tool-use) and ratio-clip firing.

Task SEM#pref. (%) median ¢* patches/batch JS ratio (log,,) ratio-clip (%)
Tool-use 44 4 11 13 4.19 3.20
Biology 51.9 10 66 3.67 18.80
Chemistry 65.0 9 21 3.84 6.20
Physics 47.5 8 18 3.66 5.40
Material 60.6 8 15 391 4.40

Other RL-based reasoning work explores inference-
time query refinement (Zhou et al., 2026¢) and hier-
archical temperature policies driven by model inter-
nals (Zhou et al., 2026d). Wang et al. (2026b) pro-
pose scheduling strategies for LLM reinforcement
learning using reasoning trees. Hao et al. (2026b)
present experience-driven approaches for reason-
ing and creating domain agents; related work also
studies reinforcement learning for GUI agents (Hu
et al., 2026) and experience distillation for guided
exploration in agentic RL (Xie et al., 2026b). Liu
et al. (2026) introduce meta-cognitive memory pol-
icy optimization for long-horizon LLM agents; re-
lated work also develops answerable working mem-
ory for long-document VQA agents (Zhou et al.,
2026a), while VeriTrace evolves mental models
for deep-research agents (Zhao et al., 2026a). Hao
et al. (2026¢) explore collaborative self-evolution
in multi-agent systems; related work also stud-
ies offline emotion-skill distillation for adversar-
ial negotiation (Long et al., 2026b) and emotion-
aware multi-agent negotiation (Long et al., 2026a).
These works address complementary aspects of
LLM post-training. Other analyses examine re-
inforcement learning in pre-training space (Tan
et al., 2026) and bottom-up optimization of internal
language-model policies (Tan et al., 2025). CPSD
focuses specifically on the design of in-group self-
distillation within single-turn RLVR.

Beyond verifier-based RLVR, related post-
training and reasoning work also targets struc-
tured domains. Recent studies address noisy table
question answering (Ye et al., 2026a), trajectory-
supervised table pruning (Guo et al., 2026), cost-
efficient stepwise routing for table reasoning (Ye
et al., 2026c), and reliable data synthesis for
text-to-SQL reasoning (Guo et al., 2025b), as
well as knowledge-graph RAG under incomplete
knowledge (Zhou et al., 2026b). These applica-

tions provide complementary examples of process
supervision and step-level decision making out-
side the benchmark setting considered here; re-
lated evidence-routing work also studies halluci-
nation mitigation in multimodal generation (Zhao
et al., 2026c¢); other multimodal studies consider
language-guided segmentation and saliency-aware
foreground-background disentanglement (Yao
et al., 2026a,b), as well as latent-pixel consis-
tency for multimodal reasoning in deepfake de-
tection (Wang et al., 2026a).

H Theoretical Properties

This appendix collects five formal results that un-
derwrite the design choices in Section 4: the safety
guarantee of the ratio-clip (Lemma 1), two invari-
ances of the ListMLE objective (Propositions 2
and 3), the convergence behaviour of gradient
flow under ListMLE (Theorem 4), and the non-
interference of the localised patch with out-of-
patch GRPO gradients (Lemma 5).

Notation. Throughout this appendix the total loss
is Liotal := LGRPO + Ceff Epatch with ce de-
fined by the ratio-clip rule of Lemma 1. As is
standard in implementations of magnitude-based
safety nets, ceg enters the backward pass as a stop-
gradient constant: it is recomputed at every step
from the current |[Lgrpo| and |Lpatcn| but is de-
tached from the autograd graph, so Oceg/06 = 0.
We adopt this convention in Lemma 5. The vec-
tors = (s1,...,55) € RE collects student log-
probabilities at a fixed token position over the
teacher’s top-K tokens; Sk denotes the symmetric
group on K symbols and o7 € Sk is the teacher’s
preference permutation (precise definition in Propo-
sition 3).
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H.1 Ratio-clip safety

Lemma 1 (Ratio-clip safety). Let c,x > 0 and
Lpatch 7 0. The effective patch coefficient

Coff = c-min{ 1, 7“[’(}”0'}

c |£patch|

satisfies |Ceft Lpaten| < K |LGRPO-

Proof. We split on the value of the min (the two
branches are equal at the boundary ¢|Lpatch| =
k|Larpo|, where either case applies). If min =
1 then ¢[Lpaten| < k|Lgrro| by definition
of min, hence |cefLpatch] c|Lpaten| <
k|Larpol. If min = k|Larpol/(c|[Lpaten|) then
Ceff = HIEGRPO’/‘EpatCh‘ and so ’Cef‘f Epatch‘ =
k|Lcrpo|- In either branch the inequality
holds. u

H.2 ListMLE invariances

For the remainder of this appendix we fix K > 1,
write s € R¥ and 0 € Sk, and study the loss

K K
DristMLE(S;0) = & [logz e5o(@)
i=1 j=i

Proposition 2 (Additive-shift invariance). For ev-
eryc € Rand o € Sk, DrissmLi(s + ¢c1; o) =
DListMLE(S; 7).

Proof. Fix rank position ¢. Under the substitution
s—s+cl,

K
logz eSeTe — (s
j=i
K
= 10g<ecz es(’m) — So(i) —
J=1
K
= logz eSoi) — So(i)
j=t

which is the original per-rank summand. Summing
t=1,..., K completes the proof; the argument is
unchanged for K = 1 (the sum has one term and
is trivially preserved). O

o(i) T ©)

Proposition 3 (Teacher rank-only dependence).
Let qp € RE) be a teacher score vector
with pairwise distinct entries, and let o :=
argsort(q;) be the unique permutation that
sorts q; in strictly descending order. For ev-
ery strictly increasing ¢ R — R applied

componentwise, argsort(¢(q:)) = or, and
consequently DLiStMLE(s; arg sort(¢ ))
DristMLE(S; oT).

Proof. The right-hand side of (5) references only s
and o, so the loss depends on q; at most through the
chosen permutation. For any indices a, b with g, #
b, Strict monotonicity gives ¢(q,) > ¢(q) <~
qa > qp; since the entries of q; are pairwise distinct,
every pair satisfies this hypothesis. The descending-
sort permutation is therefore identical for q; and

o(qr)- ]

The role of o7 in (5) is therefore purely combina-
torial: under the distinctness hypothesis the loss is
invariant to any teacher temperature, logit scale, or
non-top-K residual mass. In practice the hypothe-
sis is satisfied almost surely (under any continuous
distribution on q;); ties are handled in implementa-
tions by a fixed tie-breaking rule applied uniformly
across q; and ¢(qy), which preserves the equality
of the resulting permutations.

H.3 Convergence of gradient flow

Theorem 4 (Gradient flow eliminates rank inver-
sions). Fix o € Sk and consider the continuous
gradient flow

5(t) = —VsDrissmii(s(t); o),

with s(0) € RE. Call a pair (a,b) with a < b
a teacher-order inversion of s(t) if 54,.(q)(t) <
Sop(b)(t). Then

1. The number of teacher-order inversions of s(t)
is non-increasing in t.

2. Every inversion present at t = ( is resolved at
some finite time t* < o0.

Proof. Global existence. Each per-component gra-
dient of the loss is a difference of softmax proba-
bilities (computed below), so VL is smooth and
componentwise bounded by 1 on RX. Local exis-
tence and uniqueness follow from Picard-Lindeldf;
since the vector field is uniformly bounded, solu-
tions admit no finite-time blow-up, hence extend to
a unique global solution s € C'([0, 00); R¥).
Reduction to identity permutation. Let Py,
denote the coordinate permutation (P,,s); :=
Sop(i)- From equation (5), DristMLE(S; 07) =
DristMLE(Psp8;1d). The gradient flow on s is
conjugate, under r(t) := P,,s(t), to the gradi-
ent flow on r for the loss Drisomre(+; id), because
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P, is orthogonal and V(D o P) = PTVDo P.
Moreover the teacher-order inversions of s cor-
respond bijectively to the identity-order inver-
sions of r. We may therefore assume without
loss of generality that op = id; let L(s) :=
DListMLE<S§ ld) and ZZ(S) = Z]K:l €%, so that
L(s) = 7 Xity [log Zi(s) — i)

Step 1 — per-component gradient. For each
me{l,...,K},

oL
@(S) = %

M=

|2~ 10m =1

[ - 1].

Since e*™ /Z; < 1 for m > i, every component of
VL liesin [-1/K, (m — 1)/K] C [-1,1], con-
firming the boundedness used above.

Step 2 — pair-gap derivative. For a < b, let
Agp(t) := s4(t) — sp(t). Subtracting two copies of
the formula in Step 1 and factoring e®?,

s
N,
OE

Il
=

|
==

7

b

Sb

a
. e A, 1 1
Aab:f[(l—e b)ZZ‘i‘Z Zi|
=1 i=a+1
(0)
The factoring is valid for every (s,, s5) € R? since
eda = % eBab,

Step 3 — sign at Agp < 0. When Ay, < 0 we
have 1 — e®ab > (), both bracketed terms in (6)
are non-negative, and the second sum is over the
non-empty range {a + 1,...,b} (since a < b), so
whenever A, (t) < 0,

> 0. 7)

Step 4 — the half-line Ay, > 0 is forward-
invariant. Suppose Ay, (0) > 0. We claim
Ag(t) > 0 for all ¢ > 0. If not, by continuity
of A,y there exists a first crossing time t* > 0
with Ay (t*) = 0 and Ay (t) < 0 on some right-
neighbourhood of ¢*. But (7) applied at the cross-
ing point gives Ay (t*) > 0, so by continuity of
A there is € > 0 with A, (t) > 0 on [t*, t* + €],
contradicting the right-neighbourhood condition.
Hence no inversion can be created from a non-
inversion, and the inversion count is non-increasing.
This proves (1) and also shows that once an in-
version is resolved (i.e. A, reaches 0), it stays
resolved.

Step 5 — finite-time resolution of an existing in-
version. Suppose Ay, (0) < 0. By (7), Aab(t) >0
as long as Ay (t) < 0, so on that interval A is
strictly monotone-increasing. Assume for contra-
diction that A, (t) < O for every t > 0.

Each per-rank summand of L equals log(l +
Zj>i esj_si) > 0, so L > 0 pointwise. Gradi-
ent flow on a C! function satisfies %L(s(t)) =
—|IVL(s(t))||? < 0, hence L(s(t)) < L(s(0)) =:
Ly for all ¢ > 0. The i = a summand of L(s(t)) is
non-negative and at most K - L(s(t)) < K Lo, so

log Za(s(t)) — sa(t) < KLo,

or equivalently, with Oy := efffo,

Za(s(t)) < Cpe®e®,
For eachi € {a + 1,...,b} the partial sum Z; =
Z]K:l e®i has fewer terms than Z,, so Z;(s(t)) <

Za(s(t)) < Cy e*(), Define the bracketed lower-
bound integrand

esv(®) b 1

For eachi € {a + 1,...,b}, the inequality Z; <
C1 e’ gives

esb(t) > esb(t) eiAab(t)
Zi(s(t)) = Cres«® — )
S b
cy’

the last inequality using Agy(t) < 0 = e~ 2o () >
1. Summing over the b — a > 1 indices,

b—a 1
B > >
(t) - KOy T K(C;

> 0, (®)

holding uniformly for every ¢ > 0 while Ag(t) <
0. By (7), 0 < B(t) < Ag(t) on that interval.
Integrating A, from 0 to 7" and using A, (T) <

O’
/TB(t)dtS /TAab(t)dt
0 0
= Ap(T) — Agp(0) < |Agy(0)]-

Since B > 0 is continuous, the monotone conver-
gence theorem as 1T’ — oo gives fooo B(t)dt <
|Aq4(0)] < co. But (8) forces [ B(t) dt = o0, a
contradiction. Hence A5 (t*) = 0 at some finite ¢*,
and by Step 4 the inequality Ay, () > 0 persists
for all ¢ > t*, completing (2). O
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Remark (scope). Theorem 4 is an idealised result
about gradient flow on the K -dimensional score
vector s in isolation; it formalises why ListMLE
is a suitable target for in-patch supervision (ev-
ery teacher-order inversion is detected and elimi-
nated in finite time, with no spurious inversions
introduced). The full training dynamics under
Liotal = LGRPO + Ceff Lpateh involve additional
gradient contributions through the GRPO term and
the parameter-space mapping 6 — p;; the theorem
isolates the rank-recovery property of the ListMLE
component alone.

H.4 Patch localisation

Lemma 5 (Out-of-patch invariance). Let Lpatch =
> ter ZteT“) Dy, where Dy depends on the stu-
patch

dent parameters 0 only through p;. Assume in addi-
tion that Lgrpo depends on 0 only through {p: } -
(i.e. no direct differentiable dependence on 6 out-
side the per-position distributions), and that ceg is
treated as a stop-gradient constant in backpropaga-
tion (see Notation, above). For any token position
to & Uper T, pat o the contribution to OLyqa1/00
flowing through py[to] equals the contribution from
Lcrpo through py[to] alone.

Proof. Because ceg is detached from the autograd
graph, its derivative with respect to 6 vanishes in
the backward pass; combined with the assump-
tion that Lgrpo, Lpatch depend on ¢ only through
{p~}+, the chain rule gives

OLtotal ILGRPO
90 = > op, T Cf

T

aﬁpatch] . apT
op, | 00"

Since Lpatch depends on p- only through positions

0)
inJ, T éatch, O0Lpatch /0Py, = 0 whenever ty ¢
U Téﬁteh The 7 = ¢ summand therefore reduces
9LgrPO | opt .
to 781)? 50 as claimed. O

This formalises the statement in Section 4.2 that
tokens outside the patch window receive no distil-
lation gradient: at positions where the loser had
already agreed with the chosen winner, the only
training signal is GRPO’s own advantage-weighted
update.

I Use of Large Language Models

Large language models were used only for lan-
guage polishing and grammar checking. All
manuscript content and experimental procedures
and results were manually reviewed and verified

by the authors, who take full responsibility for the
paper.
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