Escaping the KLL Agreement Trap in On-Policy Distillation
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Abstract

On-policy distillation (OPD) provides dense
token-level supervision by asking a teacher
to score student-generated rollouts. However,
when the student drifts into an unrecoverable
prefix, the teacher may locally agree with the
degraded state, producing low reverse KL but
little corrective training signal. We identify this
persistent regime as a low-KL agreement trap.
Further analyses show that tokens during and
after such traps produce less useful supervi-
sion signals. We propose KAT (KL Agreement
Trap Termination), an online OPD termina-
tion rule that detects persistent low-KL agree-
ment with a dynamic training-adaptive thresh-
old. By filtering weak supervision from degen-
erate agreement, KAT improves avg@£k accu-
racy by 2.66% and pass@k by 3.43% across
four mathematical benchmarks, while reducing
average rollout length by 59.73%. We release
our code at €) xhran2010/KAT.

1 Introduction

Post-training (Gong et al., 2026; Kumar et al.,
2025) has become a decisive stage in the mod-
ern large language model (LLM) pipeline, where
capabilities such as reasoning (Chen et al., 2025;
Guo et al., 2025; Kumar et al., 2025; Zhang et al.,
2026c; Gong and Sun, 2024; Xin et al., 2025) and
tool use (Qi et al., 2025; Wang et al., 2025) are
largely shaped. A central challenge in this stage
is how to transfer the capabilities of strong but ex-
pensive models to smaller, deployable ones. LLM
distillation (Xu et al., 2024; Zhang et al., 2026b)
addresses this by using teacher models to provide
richer supervision than ground-truth labels alone,
improving smaller models’ reasoning ability.
Within this landscape, on-policy distillation
(OPD) (Li et al., 2026; Lu and Lab, 2025; Agarwal
et al., 2024) has recently emerged as a promising
recipe for training students on states closer to their
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own inference-time behavior, and now appears in
the post-training pipelines of several flagship mod-
els (DeepSeek-Al, 2026; Xiao et al., 2026; Yang
et al., 2025). At its core, OPD lets the student sam-
ple its own rollouts and asks the teacher to score
every visited state with a dense, token-level sig-
nal. This mitigates the exposure bias that off-policy
distillation (Kim and Rush, 2016) typically suffers
from, while yielding far higher sample efficiency
than sparse outcome-reward reinforcement learn-
ing (Shao et al., 2024; Schulman et al., 2017).

However, existing OPD methods often treat the
full student rollout as useful supervision. We iden-
tify an underexplored failure mode: as rollouts
progress, the student may drift into a corrupted pre-
fix, such as committing an early reasoning error or
entering a repetitive degeneration pattern, as illus-
trated in Figure 1. Conditioned on this degraded
state, the teacher’s token-level distribution may
carry little corrective information, instead produc-
ing continuations that are plausible under the erro-
neous prefix and therefore close to the student’s dis-
tribution (Lu and Lab, 2025). In this case, low KL
can reflect local teacher—student agreement in a cor-
rupted state rather than progress toward a correct
solution. This gives low teacher—student KL two
contrastive identities: benign agreement, where
the student follows a correct reasoning path, and
degenerate agreement, where the teacher locally
follows a corrupted prefix with little corrective sig-
nal, providing weak training signal and wasting
computation on uninformative tokens. This makes
the central challenge distinguishing when low KL
marks degenerate supervision that can misdirect
and dilute OPD updates.

Our key observation is that degenerate agree-
ment leaves a temporal signature beyond token-
level low KL: after a certain rollout depth, the
teacher—student KL can remain low across consec-
utive local regions. We call this persistent regime
a low-KL agreement trap. This persistence is
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Figure 1: Overview of KAT. A student rollout can drift into a corrupted prefix, e.g., an incorrect reasoning fork or
repetitive degeneration, where the teacher locally agrees with the degraded state. Darker blocks denote higher KL.

Sustained low KL indicates a low-KL agreement trap, after

which the teacher provides weak corrective supervision.

KAT reuses OPD’s reverse KL, tracks a sliding-window statistic with a training-adaptive threshold, and terminates
rollouts once persistent low-KL agreement is detected, focusing updates on informative pre-trap tokens.

crucial for distinguishing degenerate agreement
from benign agreement, since both can exhibit low
KL locally, but only the former indicates sustained
agreement on a corrupted prefix. Our analyses
show that supervision in the agreement region is
weak, and the subsequent post-agreement suffix
does not recover effective teacher signal. Thus,
once a rollout enters the agreement trap, continuing
generation is unlikely to provide useful supervision
and may dilute earlier learning signals.

Building on this diagnosis, we propose KAT
(KL Agreement Trap Termination), a simple
training-time rollout termination method for OPD
(Fig. 1). KAT reuses the teacher—student re-
verse KL already computed by OPD and monitors
whether it remains low across consecutive local
regions. Once this persistent low-KL pattern is
detected, KAT terminates the rollout online. The
stopping threshold is dynamic, calibrated from re-
cent rollout statistics and adapted to the evolving
KL scale throughout training. By removing suf-
fix tokens after degenerate agreement, KAT shifts
the effective OPD training signal toward more in-
formative prefixes and improves rollout efficiency
without introducing a new loss, auxiliary model, or
more than O(1) bookkeeping per token.

Empirically, across four mathematical bench-
marks and two student scales, KAT improves
avg@Fk accuracy by 2.66% and pass@Fk by 3.43%,
while reducing average rollout length by 59.73%.
Particularly, it also outperforms random termina-

tion and fixed-prefix truncation, showing that low-
KL agreement traps provide an effective online
signal for filtering weak supervision rather than
merely shortening rollouts. Our contributions are:

* We identify low-KL agreement traps in OPD,
where persistent teacher—student agreement
indicates weak rather than useful supervision.

* We analyze that supervision remains low-
quality after entering the trap, including in
the post-agreement suffix.

* We propose KAT, an adaptive online termina-
tion rule that removes uninformative suffixes
without changing the OPD objective.

2 Preliminaries

2.1 Notation

Let x denote a prompt and § = (91,...,97) a
student rollout sampled from the student policy
mo(- | ). We write hy = (z, 7<) for the prefix
at step t, and use p;(v) = mg(v | hy) and g (v) =
mr(v | he) for the student and teacher next-token
distributions, respectively. The token-level reverse
KL divergence is

pi(v)
qt(v)

ey

Zpt

veY

di = Dxr(pe | qt)

41419



2.2 On-Policy Distillation Objective
We adopt the standard OPD objective (Agarwal
et al., 2024; Li et al., 2026):

T

= By gory(lay | >_Dri(mo(- | T, 9<0)
t=1

Lopp(0)

7wz (- | 2,9<0)) |-

The expectation is taken over student-generated
trajectories: supervision is dense (every generated
token receives a teacher signal) and is anchored
on the student’s own state distribution. This com-
bination is what gives OPD its sample-efficiency
advantage over outcome-only RL methods, and its
robustness advantage over off-policy KD that trains
only on a static dataset.

3 Low-KL Agreement in OPD Rollouts

We motivate KAT by analyzing student rollouts
during OPD training and identifying a recurring
low-KL agreement pattern (§3.1): at certain tra-
jectory depth, the student and teacher often main-
tain sustained low reverse KL. This pattern natu-
rally partitions each rollout into three phases: pre-
agreement, agreement, and post-agreement. We
study these phases from an optimization perspec-
tive (§3.2), using gradient projections to assess
their contribution to effective learning, and further
validate the teacher supervision through a token-
level visualization (§3.3). Together, these analyses
show that the agreement and post-agreement phases
provide little useful supervision or parameter move-
ment, motivating our proposed method.

3.1 Low-KL Dynamics

Setup. We sample N = 100 student rollouts at
each of two training stages—early (within the first
10% of optimizer steps) and late (near the end of
training). For each rollout, we record the per-token
reverse KL d; and visualize it as a heatmap in
Fig. 2a, with rollout position on the horizontal axis
and rollout index on the vertical axis; color inten-
sity encodes log d;. Low-KL regions are marked
using the calibrated threshold adopted by KAT.

Observations. The heatmap reveals three robust
phenomena. First, low-KL regions are prevalent:
more than 60% of rollouts exhibit at least one ex-
tended low-KL segment. Second, early-training
rollouts enter low-KL earlier: the median onset

position of the first low-KL segment in early-stage
rollouts is markedly smaller than in late-stage roll-
outs, indicating that an under-trained student more
quickly drifts into agreements with the teacher.
Third, low-KL regions tend to be followed by
weaker KL signals: after a rollout enters a low-
KL segment, the subsequent reverse KL often re-
mains lower than its pre-segment level rather than
fully returning to earlier high-KL behavior. This
trend is especially pronounced in early training,
where many rollouts exhibit extremely small KL
values after entering such regions, indicating that
the token-level OPD signal has largely lost update
strength. This observation suggests that low-KL
regions may mark a qualitative change in the useful-
ness of later rollout tokens, motivating a closer anal-
ysis of the optimization signal they provide. A com-
plementary teacher-recoverability analysis in Ap-
pendix C supports this interpretation: recoverabil-
ity drops by 15.9 percentage points across detected
trap boundaries, compared with 5.6 points across
position-matched permuted boundaries, yielding a
10.3-point difference-in-differences.

3.2 Gradient Geometry

The observations of §3.1 induce a three-phase de-
composition of each rollout: pre-agreement posi-
tions before the first extended low-KL segment,
agreement positions inside the segment, and post-
agreement positions after it. We now ask whether
the OPD updates from these phases align with the
principal parameter directions during training.

Principal Update Subspace via Top-k SVD. Let
6o denote the parameters at the start of training and
0* that of the final analyzed checkpoint. Inspired
by (Cai et al., 2026), for each layer, we form the
net learned update AW = 6* — 6 and compute its
rank-k truncated SVD (Koren et al., 2009),

AW =~ UpSi V. )

The top-k singular directions define a principal
update subspace: the dominant directions along
which the model parameters changed over training.
Projection onto this subspace therefore provides a
proxy for how much an update aligns with the main
parameter movement learned by the model.

Projection Magnitude. At a selected analysis
checkpoint 6y, and for each rollout phase ¢ €
{pre, agr, post}, we form the phase-conditional gra-
dient g,i(b) by accumulating per-token OPD gradi-
ents only at positions belonging to phase ¢ on a
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(c) Teacher top-token word clouds by phase.

Figure 2: Evidence for low-KL agreement and weakened update alignment in OPD rollouts. (a) Per-token KL at
early and late training stages, with rollouts sorted by the first low-KL position. Low-KL regions appear in many
rollouts and occur earlier in early training. (b) OPD gradients in respective rollout stages are projected onto the
principal update subspace. Pre-agreement gradients align much more strongly with the principal update directions
than agreement and post-agreement gradients, suggesting that low-KL agreement marks a transition to less effective
optimization signal. (¢) Word clouds of the teacher’s high-probability tokens in each phase: pre-agreement is
dominated by reasoning-related vocabulary, while (post-)agreement shifts toward local fragments.

held-out probe set. We then report the fraction
of g(¢) ’s squared norm that lies inside the layer’s
principal update subspace,

| Pog” I

e

() _
Y=

3

where Py, = U;.CU,;r projects onto the principal
update subspace. A larger p,(f) indicates that phase
¢ contributes gradient signal more aligned with
the model’s principal parameter update, while a

smaller value indicates weaker alignment.

Observations. Figure 2b shows a clear order-
ing across phases. The pre-agreement phase at-
tains the largest projection ratio; the agreement and
post-agreement phases are substantially smaller.
This comparison is especially informative for atten-
tion and final MLP parameters, which carry task-
relevant updates in OPD training. The result sug-
gests that once a rollout enters a low-KL agreement
region, the subsequent gradient signal becomes less
aligned with the principal directions of parameter
movement; moreover, the post-agreement segment
does not fully recover this alignment even when the
per-token KL increases again. Thus, agreement and

post-agreement tokens may provide less efficient
supervision than pre-agreement tokens, motivat-
ing us to examine whether continuing to roll out
through these regions is worthwhile.

3.3 Teacher Vocabulary Shift

To further understand what supervision the teacher
provides in different phases, we visualize the to-
kens to which the teacher assigns high probability.

Setup. For each rollout position, we take the
teacher’s top-5 tokens under 7p(- | hy), filter out
special characters and non-content artifacts, and ag-
gregate the remaining tokens separately over three
phases. We visualize the resulting empirical to-
ken distributions as word clouds (Ji et al., 2025) in
Fig. 2c.

Observations. The word clouds show a clear
shift in the teacher’s high-probability vocabu-
lary across phases. In the pre-agreement phase,
the teacher frequently assigns mass to reasoning-
related tokens such as mathematical quantities,
equation terms, and discourse markers, suggesting
that the supervision still reflects useful intermediate
reasoning. In the agreement phase, the distribution
becomes more concentrated on local surface con-
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tinuations and problem-specific fragments, with
fewer tokens that clearly indicate stepwise reason-
ing. The post-agreement phase partially recovers
content words, but its vocabulary remains notice-
ably different from the pre-agreement phase and
contains more generic continuation tokens. To-
gether with the analysis in §3.2, this visualization
suggests that low-KL regions are not merely low-
disagreement regions; they also correspond to a
qualitative change in the teacher’s token-level su-
pervision, motivating us to consider whether these
later tokens are worth generating and training on.

4 Method: Online Termination with
Low-KL Agreement

Based on the analysis in §3, we propose KAT,
an online rollout termination method for OPD.
KAT uses the teacher—student reverse KL already
computed during OPD to detect sustained low-KL
agreement at sufficient rollout depth. It calibrates a
threshold from recent rollouts, monitors a sliding-
window KL statistic during generation, and termi-
nates the rollout once the statistic remains low for
consecutive windows. The truncated suffix is not
generated and contributes no OPD supervision.

4.1 Local KL Statistic

Consider a prompt z and a student rollout § =
(91, ..., 9r). At token position ¢, let hy = (x, §<)
denote the current prefix, and let p;, = mp(- | hy)
and g, = mp(- | h¢) denote the student and teacher
next-token distributions, respectively. We measure
their local disagreement by the reverse KL d; in
Eq. (1). Directly thresholding d; at a single token is
unreliable, since token-level KL can fluctuate due
to punctuation, formatting tokens, or local lexical
choices. We therefore track a local average over a
window of W tokens:

t
Am g Y A 2w @
i=t—W+1
where W is the sliding-window size and z; sum-
marizes the recent teacher—student disagreement
around position ¢. A small z; indicates that the
teacher and student have remained close over a
local region, which is the signal used by KAT to
detect sustained low-KL agreement.

4.2 Adaptive Threshold Calibration

The scale of KL can vary substantially across train-
ing, so a fixed threshold is difficult to choose a pri-
ori. KAT therefore calibrates the low-KL threshold

from recent rollouts. For each completed rollout g,
we record the smallest sliding-window KL value:

m(y) = min z. 3)
Intuitively, m(y) summarizes how low the rollout’s
local teacher—student disagreement becomes once
it is eligible for early stopping. During the first K
optimizer steps, KAT runs in a warmup mode: no
rollout is terminated early, and each full rollout con-
tributes its minimum score m(y) to a FIFO buffer
B. The buffer stores the most recent B minimum
scores, providing a rolling estimate of the current
low-KL scale under the evolving student policy.
After warmup, at the start of each step k > K,
KAT sets the stopping threshold from the buffer:

s, = Qi1—y(B), (6)

where @)1_, denotes the (1 — n)-quantile and 7,
controls the aggressiveness of stopping. Smaller n
yields a more permissive rule: for example, with
1 = 10%, the threshold is the 90% quantile of re-
cent rollout minima, so a rollout is considered low-
KL when its local window score falls below this
more permissive threshold. This calibrated thresh-
old makes the rule data-driven and adaptive to the
changing KL scale during optimization, avoiding
hand-tuning an absolute KL cutoff.

4.3 Online Trigger and Termination

After warmup, KAT applies the calibrated thresh-
old online during rollout. Let k denote the current
optimizer step, K the number of warmup steps, z;
the sliding-window KL statistic ending at position
t, and s; the threshold calibrated from the buffer.
We also introduce an exemption length L, which
excludes the initial KL region from the stopping de-
cision. A rollout becomes eligible for termination
only when & > K and t > Lo + W. This exemp-
tion is important because early in a rollout, reverse
KL often drops rapidly from a high-disagreement
regime to a lower one while the teacher may still
provide meaningful corrective signal. KAT there-
fore focuses on sustained low-KL agreement that
appears after this early transition.

For each eligible rollout, we maintain a counter
c for consecutive low-KL windows. The counter is
initialized to zero for each rollout and updated as

1? < )
o c—+ 2 < Sk N
0, 2t > Sk.
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Here, z; < si means that the window ending at
position ¢ is classified as low-KL. We define T’
as the consecutive trigger length: the number of
consecutive low-KL windows required before ter-
mination is confirmed. This requirement prevents
the rule from firing on isolated KL dips and makes
termination depend on a sustained low-KL pattern.
When ¢ > T at position ¢, the trigger is con-
firmed. Since this confirmation occurs only after
observing T' consecutive low-KL windows, the ef-
fective truncation point is set by backtracking to
the start of the first low-KL window in this consec-
utive run. No further student tokens are generated
for that prompt, and tokens after the effective trun-
cation point do not contribute OPD updates.

Remarks We defer the full KAT pseudocode and
the streaming teacher-scoring implementation to
Appendix D. The added online state is O(1) per
token, and the teacher signal already required by
OPD is reused without additional rollouts.

5 Experiments

5.1 Setup

Models. We evaluate two teacher—student pairs.
The teacher is Qwen3-8B, and the students are
Qwen3-1.6B and Qwen3-4B, respectively. For
each pair, the student is trained with OPD under the
same training recipe. The implementation details
are described in Appendix E.

Benchmarks and Metrics. We evaluate
mathematical reasoning performance on AMC,
MATH500, MinervaMath, and AIME24. We
report avg@k and pass@k accuracy on each
benchmark, as well as the average across bench-
marks. Following common evaluation budgets,
we use k = 32 for AIME24, and k = 8 for the
remaining benchmarks.

Baselines. We compare KAT-OPD against the
following baselines. Teacher and Student report
the zero-shot performance of the original teacher
and student models, respectively. OPD is the stan-
dard on-policy distillation baseline. We also com-
pare against two OPD variants that reduce rollout
length without using the proposed low-KL agree-
ment signal. Random Termination stops each
rollout at a randomly sampled position, controlling
for the effect of shortening rollouts without select-
ing specific low-KL regions. Fixed Prefix caps the
maximum response length at 1024, providing a sim-
ple length-based truncation baseline. KAT-OPD

0.64

1200 NW"W
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Accuracy
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Figure 3: Training dynamics of KAT versus fixed-prefix
OPD with varying lengths. KAT reaches higher accu-
racy earlier while maintaining substantially shorter ef-
fective rollout lengths, indicating that adaptive termina-
tion of agreement traps improves the accuracy—compute
trade-off over uniform prefix truncation.

is our full method, which terminates rollouts online
when sustained low-KL agreement is detected.

5.2 Main Results

Table 1 reports avg @k and pass @k accuracy across
benchmarks. Overall, KAT-OPD improves both
accuracy and rollout efficiency over standard OPD.
Averaged over the two student settings, KAT in-
creases avg @k from 30.27 to 31.08, a relative im-
provement of 2.66%, and improves pass@¥k from
54.74 to 56.62, a relative gain of 3.43%. Mean-
while, the average rollout length is reduced from
1480.0 to 596.0, saving 59.73% of rollout tokens.
The comparison with length-reduction baselines
further highlights the advantage of KAT. Standard
OPD keeps the full rollout and can therefore train
on late tokens where the teacher signal has become
weak. Fixed Prefix truncates every rollout at a fixed
length, ignoring the quality and importance of the
current trajectory state. Random Termination short-
ens rollouts at random positions and cannot distin-
guish useful reasoning prefixes from low-quality
suffixes. In contrast, KAT makes prefix-dependent
online decisions based on sustained low-KL agree-
ment between the student and teacher. This allows
it to preserve useful early supervision while ter-
minating rollouts once the teacher signal becomes
less informative, explaining why it achieves higher
accuracy with substantially fewer rollout tokens.

5.3 Analysis

Training Dynamics Analysis. Figure 3 com-
pares KAT with fixed-prefix OPD variants of dif-
ferent prefix lengths, reporting validation accuracy
and effective rollout length. For both quantile set-
tings, n = 0.3 and n = 0.7, KAT reaches the
converged accuracy region earlier and achieves
higher final accuracy, while maintaining substan-
tially shorter effective rollouts. This supports our
central motivation: useful OPD supervision is con-
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AMC MATHS500 Minerva AIME24 | Avg | Rollout

Method avg@k pass@k avg@Fk pass@k avg@k pass@k avg@k pass@k|avg@k pass@k | Length
Teacher 5828 77.11 83.18 9420 29.23 41.18 2792 63.33 ‘ 49.65 68.96 ‘ -
QOwen3-1.7B-Base
Student 10.09 4096 2055 65.60 538 2427 1.67 13.33 ‘ 942  36.04 ‘ -
OPD 20.33  53.01 4155 80.00 10.71 30.52 3.33 2333 | 1898 46.72 | 1013

- Random Termination 19.88 4699 44.50 79.20 1098 28.68 354 3333 | 19.73 47.05 682

- Fixed Prefix 20.63 4940 40.78 78.00 1039 3346 427 30.00 | 19.02 47.72 730
KAT-OPD 21.24 56.63 4333 8140 1149 3382 448 30.00 ‘ 20.14 50.46 ‘ 456
Owen3-4B-Base
Student 1491 50.60 2190 7480 6.34 30.15 521 40.00 ‘ 12.09 48.89 ‘ -
OPD 4548 7349 78.80 91.20 25.60 43.02 1635 43.33 | 41.56 62.76 | 1947

- Random Termination 44.13  68.68 79.00 91.40 2495 4559 1438 33.33 | 40.62 59.75 863

- Fixed Prefix 45.19 7231 78.05 90.60 2541 4449 1588 46.67 | 41.13 63.52 987
KAT-OPD 46.69 7590 7823 91.80 26.54 46.75 16.56 36.67 ‘ 42.01 62.78 ‘ 736

Table 1: avg@Fk and pass@Fk accuracy on four benchmarks for two teacher—student pairs. We compare KAT-OPD
against the zero-shot Student/Teacher endpoints, standard OPD, and two length-reduction baselines: Random
Termination and Fixed Prefix. The rightmost column reports the average rollout length in tokens. Best per-column

results in bold, second-best underlined.

Fixed Prefix
##4 Fixed Prefix + KAT

Fixed Prefix
366 w72 Fixed Prefix + KAT

Accuracy (
Rollout Length

NN\
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2
256 512 1024
Fixed Prefix Length

256 512
Fixed Prefix Length
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N
o
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©

2048

Figure 4: Applying KAT on top of fixed-prefix OPD
across prefix lengths {256,512, 1024, 2048} (Qwen3-
1.7B-Base). Left: accuracy; Right: effective rollout
length. At moderate-to-large budgets, KAT (hatched)
improves accuracy over the fixed-prefix baseline (solid)
while shortening rollouts, with the length gap widening
as the budget grows.

centrated in informative prefixes, so adaptive termi-
nation can improve the accuracy—compute trade-off
without preserving uniformly long rollouts.

We also observe that longer fixed prefixes do not
monotonically improve training. In particular, the
4096-token prefix underperforms the 2048-token
prefix despite exposing the student to more teacher
supervision. This suggests that late rollout tokens
may provide weak or even harmful signals: once
the student has drifted into an unrecoverable rea-
soning state, the teacher can no longer offer effec-
tive corrective guidance. Thus, simply extending
rollout length may dilute useful early-token super-
vision with low-quality suffix supervision.

KAT on Top of Different Prefix Lengths. To
disentangle KAT from the choice of prefix bud-
get, we apply it on top of fixed-prefix OPD across

prefix lengths {256, 512, 1024, 2048} (Fig. 4). At
moderate-to-large budgets, KAT improves accu-
racy while shortening the effective rollout, as it
removes uninformative suffix tokens and concen-
trates supervision on informative prefixes; the
length gap also widens with larger budgets, which
admit more post-trap suffix to truncate. At the
smallest budget (256), however, KAT yields no ac-
curacy gain and even a slight drop, since the short
cap already discards most of the low-KL agreement
region, and further truncation begins to remove use-
ful early signal as well. This indicates that KAT is
complementary to length-based truncation rather
than a substitute: a fixed prefix bounds the worst-
case length, while KAT adaptively removes the
low-KL agreement region within that budget, im-
proving the accuracy—compute trade-off whenever
the budget is large enough to contain such a region.

Training Efficiency. Table 2 reports the end-to-
end training cost of KAT-OPD compared with stan-
dard OPD and the Fixed-Prefix baseline. KAT-
OPD consistently reduces both wall-clock time and
compute across model scales. On Qwen3-1.7B-
Base, it reduces training time from 12.30h to 5.20h
(—57.7%) and compute from 1.98 to 1.30 EFLOPs
(—34.3%) relative to OPD. On Qwen3-4B-Base,
it trains 2.4 x faster (11.00h vs. 26.28h) and uses
59.4% fewer EFLOPs (2.30 vs. 5.67). Compared
with Fixed Prefix, KAT-OPD remains 23-35%
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Method GPU Hours EFLOPs
Owen3-1.7B-Base
OPD 12.30 1.98

- Fixed Prefix 7.96 1.54
KAT-OPD 5.20 1.30
Owen3-4B-Base
OPD 26.28 5.67

- Fixed Prefix 14.28 3.04
KAT-OPD 11.00 2.30

Table 2: End-to-end training cost in GPU hours and
EFLOPs. KAT-OPD reduces training time by up to
2.4x and compute by up to 59% over standard OPD,
while also outperforming the fixed-prefix baseline.

faster and uses 16-24% fewer FLOPs, showing
that adaptive termination is more efficient than a
uniform length cap. Together with the accuracy
gains in Table 1, these results show that KAT-OPD
achieves a better accuracy—compute trade-off.

Stage-wise Supervision Ablation. The low-KL
agreement trap partitions each rollout into pre-
agreement, agreement, and post-agreement stages.
To test this decomposition, we retrain OPD by
adding different truncated stages back to the KAT
training signal. Figure 6 shows that adding either
the agreement or post-agreement stage reduces ac-
curacy compared with KAT-OPD, and adding the
post-agreement stage causes a larger drop. This
indicates that supervision after entering the agree-
ment trap is already weak, and the later post-trap
suffix provides even lower-quality signals. These
results support KAT’s design choice of terminating
rollouts at the trap entry and training only on the
informative pre-agreement prefix.

Impact of Quantile . Figure 5 studies how the
quantile parameter 7 affects rollout length, accu-
racy, and the adaptive threshold. Under our thresh-
old convention, smaller 7 gives a more permissive
threshold, making low-KL windows easier to trun-
cate and thus producing shorter effective rollouts
(Fig. 5a). The accuracy curves in Fig. 5b show
that smaller n often performs better, suggesting
that more aggressive removal of low-quality suf-
fixes can improve the effective training signal. This
further supports our main observation that many
late rollout tokens provide limited useful supervi-
sion. Finally, Fig. S5c shows that the normalized
adaptive threshold generally decreases during train-
ing as the student becomes closer to the teacher.
Around step 100, several settings exhibit a tempo-

rary plateau or increase, likely due to training insta-
bility enlarging the estimate. This larger threshold
can be beneficial in unstable phases by filtering
more noisy suffixes, before relaxing as training sta-
bilizes. We additionally sweep the window size
W and trigger length 7" in Appendix B; the default
setting W = 64 and T' = 4 achieves the highest
accuracy in both sweeps, while the results provide
practical guidance on the detection-sensitivity and
confirmation-delay trade-offs.

6 Related Work

On-policy Distillation. On-policy distillation
(OPD) trains students on self-generated states
with dense teacher supervision, reducing off-policy
train—test mismatch while improving sample ef-
ficiency over sparse reward RL (Agarwal et al.,
2024; Zhang et al., 2026d). Recent work stud-
ies its mechanisms and limitations, including early
alignment with the eventual update trajectory (Cai
et al., 2026) and factors such as teacher—student
compatibility, shared high-probability tokens, and
response-length sweet spots (Li et al., 2026). Other
methods refine the OPD objective or teacher signal
with adaptive targets, entropy-aware KL, relaxed
imitation, or generalized KL constraints (Jang et al.,
2026; Jin et al., 2026; Ko et al., 2026; Yang et al.,
2026). Efficiency-oriented work such as prefix-
only OPD truncates rollouts based on the obser-
vation that useful supervision often concentrates
in early reasoning prefixes (Zhang et al., 2026a).
Complementarily, we identify persistent low-KL
agreement on corrupted prefixes as a trajectory-
dependent failure mode and use it as an online
signal to terminate uninformative suffixes without
changing the OPD loss.

Rollout Filtering in RL. Recent RL post-
training methods filter generated rollouts because
many are redundant, noisy, or harmful. Existing ap-
proaches operate at different granularities, includ-
ing rollout-level sampling or overlong filtering (Yu
et al., 2026; Xu et al., 2025), prompt/task-level fil-
tering by learning utility or difficulty (Zheng et al.,
2026; Bae et al., 2026), and response-level trunca-
tion or confidence-based trace filtering (Fan et al.,
2025; Fu et al., 2025). They typically rely on re-
wards, difficulty, length, or confidence. Comple-
mentarily, we filter within OPD trajectories using
the teacher—student KL itself, terminating suffixes
where persistent low KL indicates weak corrective
supervision rather than useful agreement.
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rollout tokens contribute weak supervision. The normalized adaptive threshold (c) decreases as training proceeds,
with a transient plateau near step 100 that lets KAT filter noisy suffixes during unstable phases.
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Figure 6: Stage-wise ablation on MATHS500. Each
rollout is split into pre-agreement, agreement, and
post-agreement stages; dashed lines denote KAT-OPD,
which trains only on pre-agreement tokens. Adding
back any truncated stage reduces accuracy, with post-
agreement causing a larger drop, indicating that super-
vision further deteriorates after the agreement trap.

7 Conclusion

We identified low-KL agreement traps in on-policy
distillation, a failure mode where the teacher and
student remain locally close on degraded rollout
prefixes but provide weak corrective supervision.
To address this, we proposed KAT, an online termi-
nation rule that reuses the reverse KL already com-
puted in OPD to detect sustained low-KL agree-
ment with a training-adaptive threshold. By trun-
cating uninformative suffixes without changing the
OPD objective or adding auxiliary models, KAT
improves the performance while substantially re-
ducing rollout length, showing that KAT can make
OPD both more effective and efficient.

Limitations

This work focuses on mathematical reasoning tasks.
Although the proposed termination rule is simple
and model-agnostic, its behavior on broader do-
mains such as code generation, open-ended instruc-
tion following, and multi-turn interaction remains

to be further studied. In addition, KAT introduces
several hyperparameters. While these parameters
are intuitive and inexpensive to tune, more sys-
tematic guidance could further improve usability
across training settings.
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Appendix
A Analysis on Qwen3-4B-Base Student

We report the analysis on the larger Qwen3-4B-
Base student. Figure 7 reports the training dynam-
ics of KAT against fixed-prefix OPD variants, and
Fig. 8 reports the effect of the quantile parameter
7 on rollout length, accuracy, and the normalized

adaptive threshold.
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Figure 7: Training dynamics of KAT versus fixed-prefix
OPD with varying lengths on the Qwen3-4B-Base stu-
dent. As in the smaller-student setting, KAT reaches the
converged accuracy region earlier (a) while maintaining
substantially shorter effective rollout lengths (b).

Training dynamics. Figure 7 mirrors the trend
observed for the smaller student. KAT converges
to its accuracy plateau noticeably earlier than the
fixed-prefix variants while operating with a sub-
stantially shorter effective rollout length through-
out training. The relative ordering of fixed-prefix
variants is also consistent: blindly increasing the
prefix length does not monotonically improve accu-
racy, again indicating that uniformly long rollouts
contain late tokens whose teacher signal has be-
come weak or even harmful. This reinforces that
the gains of KAT are not a quirk of the smaller
student but arise from selectively removing low-
quality suffix supervision.

Quantile sensitivity. Figure 8 shows that the
qualitative effect of 7 is preserved at 4B scale.
More permissive 7 shortens rollouts (Fig. 8a) and
tends to produce equal or higher average accuracy
(Fig. 8b), confirming that aggressive removal of
low-quality suffix tokens remains beneficial as the
student grows. The normalized adaptive threshold
in Fig. 8c again drifts downward as the student be-
comes closer to the teacher, with a similar transient
bump in the early training phase that lets KAT fil-
ter noisier suffixes while training is still unstable.
Together with the 1.7B results, these plots indicate
that the behavior of KAT transfers consistently
across student scales.
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as training proceeds.

B Sensitivity to Window Size and Trigger
Length

We further study the two hyperparameters that con-
trol trap detection: the sliding-window size W used
to compute the local KL statistic and the trigger
length T required to confirm consecutive low-KL
windows. We sweep each parameter while holding
all other settings fixed at their defaults.

Window size W Avg. rollout length  Acc. (%)

16 360.5 51.8
32 386.6 52.4
64 414.2 534
128 458.5 522

Trigger length T Avg. rollout length  Acc. (%)

2 413.9 51.8
3 407.4 52.0
4 4142 534
5 414.1 522

Table 3: Sensitivity to the sliding-window size W and
consecutive trigger length 7". Each sweep varies one
parameter while holding all other settings fixed.

Table 3 shows that small windows can react pre-
maturely to local KL fluctuations, whereas large
windows delay detection; the intermediate default
W = 64 achieves the highest accuracy. Average
rollout length is comparatively stable across trigger
lengths because KAT backtracks to the first low-
KL window, so increasing 7" mainly delays con-
firmation rather than changing the retained prefix;
the default 7" = 4 again performs best. Together
with the quantile analysis in Fig. 5, these results
show that W, T', and n respectively control local
sensitivity, confirmation evidence, and threshold
permissiveness.

C Teacher Recoverability Around Trap
Boundaries

Low KL at an isolated position need not indicate
degeneration: a transient dip can arise when the
teacher and student benignly agree on a valid con-
tinuation. Our claim instead concerns persistent
low KL across consecutive local regions, which
may indicate that the rollout has entered a degraded
prefix from which the teacher provides little correc-
tive signal. We test this claim directly by measuring
whether the teacher can recover a correct solution
around each trap boundary detected by KAT.

Let 7 denote a detected trap boundary and A =
64 tokens. For the student-generated prefixes end-
ingatT — A, 7,and 7 + A, we sample continua-
tions from the teacher and report the fraction that
reach the correct final answer. Because recover-
ability may decline naturally with rollout depth,
we construct a position-matched control by per-
muting detected boundary positions across rollouts
while preserving their marginal position distribu-
tion. We then evaluate teacher continuations at the
corresponding permuted boundaries, denoted 7.

Boundary —-A 0 +A
Detected trap (1) 43.8% 38.4% 27.8%
Permuted control (7) 36.9% 32.5% 31.3%

Table 4: Teacher recoverability before, at, and after de-
tected trap boundaries and position-matched permuted
boundaries. Recoverability is the fraction of teacher
continuations that reach the correct final answer.

As shown in Table 4, teacher recoverability
decreases from 43.8% to 27.8% across a de-
tected boundary, a 15.9-point drop up to round-
ing. Around the permuted boundary, it decreases
from 36.9% to 31.3%, a 5.6-point drop. The re-
sulting difference-in-differences is 10.3 percentage
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points. Thus, the decline in recoverability is sub-
stantially sharper around detected trap boundaries
than around position-matched controls. This result
does not imply that every low-KL event is degen-
erate; rather, it directly associates the persistent
low-KL pattern detected by KAT with degraded
prefixes and reduced teacher recoverability.

D Algorithm and Online Teacher Scoring

Algorithm. The full KAT-OPD procedure de-
scribed in Section 4 is summarized as pseudocode
in Algorithm 1. The only additional online state is
the rolling sum used to compute the sliding-window
statistic z; and the consecutive-window counter c.
Both can be updated incrementally during genera-
tion, so the bookkeeping cost is O(1) per token.

Online teacher scoring. Online termination re-
quires the teacher to score student-generated pre-
fixes during rollout, rather than after the full se-
quence has been generated. We implement this in a
streaming manner: as the student generates new to-
kens, the teacher receives the same growing prefix
and produces the corresponding next-token distri-
bution used to compute the reverse KL. To keep
this efficient, the teacher also maintains and reuses
its KV cache, so each new scoring step only incurs
incremental computation instead of recomputing
the entire prefix. Thus, KAT reuses the teacher
signal required by OPD while enabling termination
before uninformative suffix tokens are generated.

E Implementation Details

Models and data. All experiments use models
from the Qwen3 family. The teacher is Qwen3-8B,!
and we consider two students of different scales:
Qwen3-1.7B-Base? and Qwen3-4B-Base.? Train-
ing prompts are drawn from the DAPO-Math-17K
dataset.* For evaluation, we measure mathematical
reasoning on four standard benchmarks: AMC,’
MATHS500,° MinervaMath,” and AIME24.% All

"https://huggingface.co/Qwen/Qwen3-8B
2https://huggingface.co/Qwen/Qwen3—1.7B-Base
3https://huggingface.co/Qwen/Qwen3-4B-Base
4https://huggingface.co/datasets/
BytedTsinghua-SIA/DAPO-Math-17k
Shttps://huggingface.co/datasets/AI-MO/
aimo-validation-amc
6https://huggingface.co/datasets/
HuggingFaceH4/MATH-500
"https://huggingface.co/datasets/math-ai/
minervamath
8https://huggingface.co/datasets/Maxwell—Jia/
AIME_2024

Algorithm 1 KAT-OPD

Require: warmup K, window W, trigger length
T, buffer size B, percentile 7, exemption Ly,
max length L.

1: Initialize FIFO buffer B « 0.

2: for optimizer step k =1,..., N do

3 if £ > K and |B| sufficient then

4 Sk < Qlfn (B)

5: end if

6

7

8

9

for prompt x in batch do

hi+x;, ¢+ 0; m<+ 400
fort=1,..., Ly do

Ge ~ o (- | he)

10: Compute (or estimate) d;y =
Dy, (pellgt)
11: ift > Lo+ W then
12: 2 i Vi di
13: m < min(m, z;)
14: if £ > K and z; < si then
15: c+—c+1
16: else
17: c+0
18: end if
19: if ¢ > T then
20: T < t; break
21: end if
22: end if
23: end for
24: if m < +oco then
25: push m into B
26: end if
27: end for
28: Compute standard OPD update on { (¢, ) :
t <7}

29: end for

model checkpoints and datasets are obtained from
the Hugging Face Hub.

Distillation objective. We run pure on-policy dis-
tillation (A = 1.0) with reverse KL and softmax
temperature 7 = 1.0. To control the cost of the
divergence over a ~ 150K-token vocabulary, both
distributions are restricted to a truncated top-K
support (K = 64) and re-normalized, with an ex-
plicit tail bucket carrying the residual probability
mass; we find this approximation to match the full-
vocabulary loss to within ~ 0.5% relative error
while reducing the loss-side FLOPs by more than
two orders of magnitude.
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https://huggingface.co/datasets/HuggingFaceH4/MATH-500
https://huggingface.co/datasets/math-ai/minervamath
https://huggingface.co/datasets/math-ai/minervamath
https://huggingface.co/datasets/Maxwell-Jia/AIME_2024
https://huggingface.co/datasets/Maxwell-Jia/AIME_2024

Student rollouts. During training, the student
generates completions via a colocated vLLM en-
gine (TP = 1, gpu_memory_utilization = 0.3
for the 1.7B student and 0.2 for the 4B student)
under nucleus sampling with 7'=1.0, top-p=0.95,
top-k disabled, and one completion per prompt.
Validation rollouts use an independent budget of
4096 completion tokens. Student weights are syn-
chronized into the vLLM engine after every opti-
mizer step.

KL-based rollout truncation. Our proposed
truncation operates on a sliding window of L =64
response-token reverse KL values, opened after the
first ¢t = 16 tokens (¢ = 32 for the 4B student). A
FIFO buffer of M = 4096 per-rollout minimum-
window means is maintained on each worker; trun-
cation is activated only after the buffer holds at
least 512 samples and after a warm-up of K =50
optimizer steps. The truncation threshold is set to
the (1 — n)-quantile of the buffer with n=0.3, and
a rollout is cut once [N =4 consecutive windows
fall below this threshold. As an ablation we also
evaluate a per-rollout uniformly-random truncation
baseline with a minimum keep length of 1 token.

Optimization. All experiments use AdamW with
B81=0.9, 82 =0.999, weight decay 0, gradient clip-
ping at 1.0, and a cosine learning-rate schedule
with 3% linear warm-up. The peak learning rate
is 1 x 10~ for on-policy distillation. We train the
1.7B student for 3 epochs and the 4B student for
2 epochs. Per-device train batch size is 1 with 64
gradient-accumulation steps, yielding an effective
batch of 128 sequences with 2 GPUs (1.7B) and
256 sequences with 4 GPUs (4B). Dropout is dis-
abled, and all reported numbers are averaged over
three runs with different random seeds for repro-
ducibility.

Systems and hardware. All experiments run on
a single node with 4xXNVIDIA A800-SXM4 80 GB
GPUs (NVLink). Training is launched through
HuggingFace Accelerate in BF16 mixed preci-
sion with FlashAttention-2. The 1.7B student uses
plain DDP across 2 GPUs; the 4B student uses
DeepSpeed ZeRO-2 across 4 GPUs (no parameter
or optimizer offload). Gradient checkpointing is
enabled on the student; the teacher is kept frozen
and runs a single forward pass per micro-batch.
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