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Reinforcement learning can turn one language model into several specialists, each excellent at a single
skill such as mathematics, coding or following instructions, but users need one model with all of these
skills. Multi-teacher on-policy distillation (MOPD) merges them by letting the specialists teach one
student: the student answers each prompt, and the specialist for that prompt’s domain gives feedback on
every token. This routing decides which specialist teaches, but not how strongly its feedback moves the
shared student. In Qwen3.5 models at three sizes, we find that MOPD’s student does not beat one taught
by the best single specialist and gains little of the mathematics specialist’s advantage. The feedback is
unbalanced: instruction-following feedback is several times more spread out than mathematics feedback
and dominates the student’s updates. We propose Domain-Normalized MOPD (DN-MOPD), which keeps
the routing and rescales each domain’s feedback by its measured spread. On six public benchmarks,
DN-MOPD improves the average score over MOPD at every size, across three random seeds and under
two answer-length limits, and recovers most of the lost mathematics gain. Controls with fixed domain
weights show that the gain comes mainly from turning down instruction-following feedback rather
than turning up mathematics alone, and that fixed weights close to those DN-MOPD measures perform
comparably. Combining specialists therefore requires deciding not only which one teaches, but also how
strongly its feedback counts.

1. Introduction

Post-training of large language models increasingly relies on domain-specific reinforcement learning
(RL), with verifiable rewards for mathematical reasoning (Shao et al., 2024; DeepSeek-Al et al., 2025),
execution feedback for code (Cui et al., 2025), and constraint checking for instruction following
(Lambert et al., 2024; Pyatkin et al., 2025). Because these pipelines differ in data, rewards and
optimization, they are usually run separately from a shared initialization, yielding experts that each
excel in one domain. A deployable model must integrate them (Ma et al., 2026).
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Figure 1 | Label routing decides which teacher supervises a prompt; DN-MOPD also controls how strongly
each teacher’s feedback counts. (a) Teacher-student log-ratios differ in scale across domains (schematic). (b)
DN-MOPD rescales each domain’s feedback with a bounded, sign-preserving multiplier (schematic). (c) Six-task
Total gain of DN-MOPD over label routing; paired 95% intervals are reported in App. C.
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Multi-teacher on-policy distillation (MOPD) performs this integration in policy space (Ma et al.,
2026; LLM-Core Xiaomi et al., 2026): the student samples responses, each prompt is routed to the
expert of its domain, and that expert’s token-level log-probabilities on the student’s own response
provide a dense distillation signal (Agarwal et al., 2023; Gu et al., 2024). MOPD has been adopted in
the post-training of several recent frontier models (DeepSeek-Al et al., 2026; DeepSeek-Al, 2026;
LLM-Core Xiaomi et al., 2026; NVIDIA et al., 2026; Park et al., 2026; Lim et al., 2026), and follow-up
work reweights each domain’s loss by its token share and its remaining teacher-student gap (Gao
et al., 2026). The routing rule, however, specifies only which expert supervises a prompt, and existing
weights are fixed by hand or set from the size of the remaining gap. Neither accounts for the spread
of each expert’s feedback, which differs when experts are trained by different RL pipelines.

Our empirical investigation reveals that this choice matters: across independently trained Qwen3.5
expert pools at 9B, 4B and 2B, MOPD with label routing (Label in our tables) does not outperform
the strongest single-teacher student at any size and transfers little of the mathematics expert’s gain.
At an 8K evaluation budget the student retains only 14-32% of that gain, and at 16K it shows no
gain over its initialization. The feedback itself is unbalanced. Token-level teacher—student log-ratios
from the instruction-following expert are 2.3 to 4.4 times as dispersed as the pooled signal of the
first training batch, whereas mathematics feedback is about half as dispersed (App. D.2). Because all
domains update the same parameters, this imbalance shapes the update even when prompt counts
are equal: for the initial 4B student, the instruction-following loss supplies 94% of the combined
gradient under equal weights (App. D.5). Routing determines where feedback comes from, but not
how much it counts.

We introduce Domain-Normalized Multi-Teacher On-Policy Distillation (DN-MOPD). For each
batch, it measures the spread of teacher—student log-ratios within each domain and uses a bounded
multiplier to bring that domain’s distillation advantages toward the pooled scale. The selected experts
continue to supervise fresh student answers. This adds one operation to MOPD, with no additional
teacher model, teacher call or learned router; MOPD is the special case in which every multiplier
equals one.

Across independently trained Qwen3.5 expert pools at 9B, 4B and 2B, DN-MOPD improves the six-task
average over MOPD at both evaluation budgets (Figure 1): by 1.17 to 2.36 percentage points at
16K and 2.47 to 3.08 at 8K. The advantage holds across three student seeds, and DN-MOPD also
exceeds the strongest single-teacher student at every size, with some of these intervals including zero.
Mathematics, which MOPD failed to transfer, carries the largest gains. Controls with fixed domain
weights show that most of them come from limiting the instruction-following feedback rather than
from amplifying mathematics alone, and that fixed weights near DN-MOPD’s measured multipliers
perform comparably at 9B and 4B; DN-MOPD obtains this calibration from batch statistics without a
per-size weight search.

Our contributions are:

* Teacher assignment alone does not transfer the specialists’ skills. MOPD with label routing
does not outperform the strongest single-teacher student at any of three Qwen3.5 sizes and
transfers little of the mathematics expert’s gain. Its domains give feedback on unequal scales: in
the first training batch, instruction-following log-ratios are 2.3-4.4 times as dispersed as the
pooled signal and mathematics log-ratios about half as dispersed, and for the initial 4B student
the instruction-following loss supplies 94% of the combined gradient.

* DN-MOPD puts every teacher’s feedback on a common scale. It rescales each domain’s
distillation advantages by the clipped ratio of pooled to domain log-ratio spread, estimated on
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Figure 2 | One DN-MOPD training iteration. (1) The student samples responses to labeled prompts. (2) Each
response is scored by the frozen teacher of its domain. (3) Each domain’s multiplier is estimated from cached
rollout log-ratios and applied to the actor-side advantages. (4) The student is updated with the clipped OPD
objective. Label routing is the special case in which every multiplier is 1.

every batch, while keeping label routing and the sign of every advantage; MOPD is the special
case in which every multiplier is one.

 Calibrating feedback scale consistently improves on MOPD. DN-MOPD improves the six-task
average over MOPD at every size and both evaluation budgets, with every paired interval above
zero and the gain holding across three student seeds; it also exceeds the strongest single-teacher
student and recovers most of the mathematics gain that MOPD loses.

2. DN-MOPD

DN-MOPD keeps the domain-label assignment of multi-teacher OPD and adds one operation: before
the shared student is updated, each domain’s distillation advantages are rescaled using its feedback
spread relative to the current batch (Figure 2). We build on the multi-teacher OPD recipe of Ma et al.
(2026) and the Uni-OPD implementation (Hou et al., 2026).

Setting. We start from one initial model. Three copies are trained separately with reinforcement
learning into specialists for mathematics, code and instruction following (IF). A fourth copy, the
student =, is trained to acquire all three skills. Every training prompt x carries a domain label
d € {math, code, IF}, and T; denotes the specialist for that domain.

How a teacher gives feedback. The student first writes its own answer y = (y1, ..., Y») to the prompt.
The matching teacher then reads the same answer and, at every position t, reports how likely it would
have been to write the student’s token given the preceding text h, = (x, y.;). Comparing the two
probabilities gives the token’s distillation advantage

A = logprd (¢ | he) —logmy(ye | ).

A positive A, encourages the sampled token, while a negative A, discourages it. Its magnitude weights
that token’s policy-gradient contribution. Label-routed OPD uses A, directly.

Why the size of feedback matters. All domains update the same student parameters, but inde-
pendently trained specialists need not produce advantages on comparable scales. Domain labels
select the source of supervision without calibrating these scalar weights. In the first training batch
of our Qwen3.5 runs, IF log-ratios are 2.3-4.4 times as dispersed as the pooled batch signal, and
mathematics log-ratios about half as dispersed (App. D.2). This motivates an explicit adjustment of



Beyond Teacher Assignment: Domain-Normalized Multi-Teacher On-Policy Distillation

feedback scale. The scale affects the weighting of token contributions; the resulting domain gradient
also depends on their directions and the loss reduction.

Domain normalization. We use standard deviation to measure the dispersion of the feedback within
each domain. For response i, letr;, = €T Ef‘;”, where ¢7 is the assigned teacher’s token log-probability
and ¢™! is the student’s cached rollout log-probability. In each batch, o4 is the population standard
deviation of r;, over valid response tokens with d; = d. We compute o,y over all valid response tokens

pooled across domains. Each domain receives one multiplier:
wy = chp( all "0.25, 4) , A: = W4A:.
0q

The pooled spread supplies a common reference that follows the current batch. For a nondegenerate
domain whose ratio is not clipped, the scaled rollout signal satisfies

Std(wdrd) = 0gq]]-

Thus the rule amplifies feedback with a smaller spread and attenuates feedback with a larger spread.
It targets dispersion rather than treating the statistic as an estimate of teacher quality or remaining
capability gap. This differs from allocating more budget to domains with larger mean absolute
rewards, as in Open-MOPD (Gao et al., 2026).

We multiply by a positive factor without subtracting the domain mean, preserving each advantage’s
sign and hence whether it encourages or discourages the sampled token. The mean is scaled along
with the rest of the signal. The bounds [0.25, 4] limit the adjustment when a scale ratio is extreme;
clipping can prevent full equalization. We use wy = 1 if either standard deviation is zero or has fewer
than two observations. Matching these spreads does not fix the batch loss scale or equalize domain
gradient norms.

Student update. The actor recomputes the pre-update student log-probabilities £2*°" on the sampled
responses, forming A;, = fl.Tt - ffftor. We detach the scaled advantage, A;, = stopgrad(wgq,Ai.), and
use it in the baseline clipped OPD loss. With p;(6) = me(yi, | hi)/exp(€2°7), the token loss is

Li,t(e) = - min{pi,t(e);{i,t, Cllp(pl,t(e)y 1 - r’—: 1 + r’+)xl',t} >

where n_ and 5, are the baseline policy-ratio clipping bounds. We retain Label’s response masks
and loss reduction: average valid token losses within each response, then average across responses.
Scale estimation pools tokens, whereas the training loss averages responses. Setting every wy to one
recovers Label. Algorithm 1 summarizes the iteration; App. D.1 gives the implementation details.

What the rule does in practice. In the Qwen3.5
runs, the multiplier amplifies mathematics feed- Algorithm 1 DN-MOPD, one training iteration
back by about 1.5-2.1 at every size and keeps Require: student m,, teachers {T;}, labeled prompts
code near 1 at 4B and 2B. The IF multiplier sits 1 gample reﬁponse;yl Nd”u( | xi) N
at the 0.25 floor in most batches, so clipping core eac yr'oﬁmt its domain teacher T,

) ., rie < £, — €17" on valid tokens
bqunds rather than equalizes that domain’s scale oa1 — Std({ri.})
(Figure 4). for each domain d do

: . og — Std({ri; : di =d})
Cost and scope. The operation needs no addi- L:d - clip(oaltl /og, 0.25, 4)

tional teacher call: it reuses the log-ratios already Use wy = 1 if either statistic is degenerate
available from rollout scoring, computes one 9: end for . .
. . . . . __ pactor
pooled standard deviation and one per domain, !0 Recompute Al’; E_ bt )ei,r
o e 11: A;; < stopgrad(wg;A;.
al‘l.d scales Fhe existing advan_tages' It changes 12: Update 7, on A with the clipped OPD objective
neither which teacher supervises a prompt nor

how many prompts each domain receives.
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Table 1 | Capability integration at 9B. Qwen3.5-9B scores (%) on six public tasks. Total averages the six
task scores.

Math (avg@64) Code (avg@6) IF (avg@16)

Method AIME25 AIME26 LCBv5 LCBv6 IFEval IFBench Total
Initial student 57.7 62.6 549 514 824 33.8 57.1
RL experts

Math expert 59.7 69.4 534 494 823 34.9 58.2

Code expert 58.5 654 585 543 823 34.6 58.9

IF expert 54.6 60.5 54.0 51.5 86.5 42.1 58.2
Offline distillation

SeqKD-SFT 61.3 67.6 62.7 56.0 86.0 42.4 62.6
Parameter merging

ParamMerge-Avg 59.4 68.3 54.0 50.9 84.1 36.4 58.9

ParamMerge-TA 59.1 68.6 552 509 86.1 43.3 60.5
Single-teacher OPD

Math teacher 58.9 69.5 53.7 494 824 34.7 58.1

Code teacher 58.3 66.2 57.0 526 82.6 34.2 58.5

IF teacher 56.8 619 521 49.2 84.7 38.9 57.3
Multi-teacher OPD

Uniform pool 57.1 659 53.6 523 833 35.7 58.0

Dynamic router 56.4 63.5 55.4 515 843 37.7 58.1

Label-routed MOPD 55.3 63.2 56.8 52.6 84.0 38.4 58.4

DN-MOPD (Ours) 58.9 67.7 56.3 51.4 84.5 38.7 59.6

Bold: best within the multi-teacher OPD block.

3. Experiments

We first compare DN-MOPD with label-routed OPD, then examine which specialist capabilities improve
and how these changes relate to the feedback scales. We also test sensitivity to evaluation length and
training duration.

Experimental setup. We use Qwen3.5-9B, 4B and 2B with independently trained specialist pools at
each size. Students learn from teachers at their own size. The main OPD comparisons share experts,
student initialization and prompts within each pool, and use 80 updates, student seed 42 (seeds
43 and 44 in App. C.5) and an 8,192-token training response cap. The earlier Qwen3 results use
different teacher pools and protocols and are reported separately in App. E.2.

Baselines and variants. We report the initial student, all three RL experts and OPD students trained
with each single expert. Uniform pooling averages teacher probabilities, Dynamic selects a teacher
from the current student response, and Label uses the prompt’s domain. DN-MOPD is compared
with Label under the same OPD setup. Annealed injection adds early imitation of teacher answers to
Label (Table 3, App. C.1). SeqKD-SFT (Kim & Rush, 2016) trains for 84 updates on fixed teacher
answers generated with a 16K cap, while parameter averaging and task arithmetic (Ilharco et al.,
2023) combine expert weights directly; task arithmetic uses A = 1. These recipes differ in token
exposure and compute (App. A.2). The strongest single-teacher student is selected on the same public
Total, favoring that comparator.

Evaluation. AIME25/AIME26 measure mathematics, LiveCodeBench (LCB) v5/v6 measure code
generation on 167/175 disjoint problems, and IFEval/IFBench measure instruction following. Task
scores average correctness first over sampled answers for each question, then over questions, estimating
single-answer accuracy. We sample 64, 6 and 16 responses per question for math, code and IF,
respectively. IF uses strict prompt accuracy. Domain scores and mean response lengths equally
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Table 2 | Capability integration at smaller scales. Independently trained Qwen3.5-4B and 2B expert pools.
Each domain averages its two tasks; Total weights the three domains equally.

Qwen3.5-4B Qwen3.5-2B

Method Math Code IF Total Math Code IF Total
Initial student 52.2 38.1 528 477 176 11.3 433 24.0
RL experts

Math expert 542 39.7 54.0 493 221 134 447 26.7

Code expert 51.6 474 53.6 508 20.7 21.6 444 289

IF expert 50.7 38.1 60.6 498 156 125 528 27.0
Offline distillation

SeqKD-SFT 55.6 523 59.7 559 231 239 516 329
Parameter merging

ParamMerge-Avg 545 43.1 56.2 51.2 20.7 163 47.5 282

ParamMerge-TA 53.8 444 614 532 244 204 533 327
Single-teacher OPD

Math teacher 539 399 536 491 221 141 442 268

Code teacher 52.2 46.8 53,5 509 204 212 449 2838

IF teacher 50.3 392 57.6 49.0 165 11.7 49.2 258
Multi-teacher OPD

Uniform pool 52.3 41.5 55.0 49.6 199 146 46.2 26.9

Dynamic router 499 447 571 506 17.3 13.8 485 26.5

Label-routed MOPD 50.2 433 574 503 170 134 495 26.6

DN-MOPD (Ours) 54.0 454 582 525 20.7 163 499 29.0

Bold: best within the multi-teacher OPD block at each size.

average their two suite means; Total and the overall cap-hit rate equally average all six suites. The
main tables use a 16,384-token evaluation cap, chosen after inspecting both caps; complete six-task
results at 8K and 16K are in App. B. Paired 95% confidence intervals resample questions within
each suite and are conditional on the student training seed and teacher pool. App. A gives training
configurations and scoring details.

3.1. Main results

DN-MOPD improves on Label at every model size and both evaluation budgets (Figure 1, App. B),
with paired intervals consistently above zero (App. C.3). This comparison holds the experts, student
initialization, prompts and update budget fixed, isolating the change in feedback weighting. The
same normalization rule transfers across independently trained expert pools without size-specific
tuning. Across three student seeds, every seed-matched comparison favors DN-MOPD (mean gains
+1.12, +1.97 and +2.34 at 16K, intervals above zero; App. C.5).

The main gain is in mathematics. At 16K, Label shows no mathematics gain over the initial student at
any size, whereas DN-MOPD improves mathematics at every size (App. E.1). On MATH-500, Label
likewise does not exceed the initial student at 16K, while DN-MOPD leads Label by +0.74, +1.25 and
+5.95 points (App. C.7). Matching prompts to the right specialist therefore leaves room to improve
how its feedback is used. Gains in code and instruction following are smaller and less consistent; at
9B, code does not improve at 16K.

The single-teacher students provide a stronger reference than the initial model: learning from one
specialist can already yield a competitive student across domains. Multi-teacher integration should
therefore be evaluated against this alternative as well as Label. Label never exceeds the strongest
single-teacher student, whereas DN-MOPD exceeds it at every size. This lead is smaller than the gain
over Label, with some intervals including zero; at 9B it grows to +2.57 [+1.65, +3.46] when both
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Figure 3 | Expert specialization across domains. Each cell is the gain over the shared initialization (pp) at 16K,
averaged over the two tasks in the evaluation domain. Rows identify experts and columns identify evaluation
domains.

continue to 160 updates (App. C.3). The clearest evidence is thus for improving the label-routed
recipe; SeqKD-SFT and task arithmetic retain higher Totals under their own training recipes (Tables
1-2).

3.2. Understanding the improvement

Figure 3 establishes that the teachers have specialist capabilities available to transfer: each expert
improves its own domain, while its effects on other domains vary. Yet Label fails to retain the
mathematics gain. Mathematics-only OPD retains much more of that gain (Tables 1-2), showing
that the student can learn from this teacher in isolation. The difficulty appears when its feedback
is combined with feedback from the other domains. App. E.1 gives the detailed capability-transfer
comparison.

We next test whether changing teacher assignment can alleviate this integration gap. Pooling combines
teacher distributions, while dynamic routing selects a teacher from the student’s current response.
Neither brings consistent gains across sizes (Table 3). DN-MOPD instead retains Label’s assignment
and changes the strength of each domain’s feedback, improving every size under the same teachers
and training budget. This comparison supports treating feedback scale as a separate design choice
from teacher selection. The two fixed-weight rows separate the directions of DN-MOPD’s adjustment
at 4B and 2B. The intuitive remedy, amplifying the under-transferred mathematics feedback while
leaving IF unchanged, recovers about half of DN-MOPD’s improvement at 4B and little at 2B. Reducing
IF alone recovers most of it and raises mathematics by about three points (App. C.6).

Fixed weights for all three domains show where the benefit comes from (App. C.6). Weights fixed at
DN-MOPD’s first-batch multipliers, or at a global (2, 1, 0.25) chosen after inspecting them, show no
detectable difference from DN-MOPD at 16K at 9B and 4B; at 2B, per-batch estimation outperforms
the first-batch weights by 1.10 points. The gain therefore comes mainly from calibrating the feedback
scale, which DN-MOPD obtains from batch statistics rather than from a per-size weight search.

Figure 4 shows why this calibration matters. IF log-ratios are more dispersed than the pooled signal
and mathematics log-ratios less so (panel a), and DN-MOPD amplifies mathematics and downweights
IF throughout training rather than only near initialization (panel c), consistent with fixed first-batch
weights working at the larger sizes. IF supplies about 1% of response tokens but up to half of the
pooled variance. For the initial 4B student it accounts for 94% of the combined gradient under equal
weights and 64% under DN-MOPD’s first-batch weights, and still 88% if the loss is averaged over
tokens instead of responses (App. D.5). DN-MOPD thus appears to help mainly by limiting this
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Table 3 | Changes to label-routed OPD. Total point differences (pp) relative to Label, evaluated at 16K.
Pooling and Dynamic change the teacher assignment; annealed injection and DN-MOPD retain it and change
the learning signal. The two fixed-weight rows set one domain’s weight (mathematics 2 or IF 0.25, others 1)
and were run at 4B and 2B only.

Variant Teacher rule  Signal change 9B 4B 2B
Uniform pool Mixture Unchanged -0.41 -0.69 +0.30
Dynamic router Response Unchanged -0.25 +0.28 -0.07
Label-routed Domain Unchanged +0.00 +0.00 +0.00
Annealed injection Domain Early imitation -0.24 +1.11 +0.30
Math x2 only Domain Math scale — +1.20 +0.27
IF x0.25 only Domain IF scale — +1.79 +2.19
DN-MOPD Domain  Domain scale +1.17 +2.24 +2.36
(a) Feedback scale (b) DN-MOPD - Label (16K)
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Figure 4 | Feedback scales, domain gains and training multipliers. (a) Median relative log-ratio spread with
interquartile ranges over the recorded batches of the DN-MOPD runs, including their continuation beyond 80
updates. (b) Domain accuracy differences between DN-MOPD and Label at 16K; point estimates. (c) Raw
multipliers (faint), trailing 5-update means (solid), and IF before clipping (dotted). Vertical dashed lines mark
update 80; traces end at updates 125, 144 and 160 for 9B, 4B and 2B.

domain’s influence on the shared update. After 80 updates IF dominates the gradient under either
weighting, but the DN-MOPD student’s mathematics and code log-ratios are about three times less
dispersed than Label’s, consistent with more of those teachers’ feedback having been absorbed.

The mathematics gains come with shorter answers and fewer responses reaching the generation cap
(Table 4), so they do not come from longer generations; App. C.4 reports both caps.

3.3. Training budget and scope

We vary the evaluation and training budgets to check whether the advantage depends on limited
generation room or an early training endpoint. Allowing longer evaluation responses helps Label
more, narrowing the gap, but DN-MOPD remains ahead across sizes with positive paired intervals
(App. C.3). Its advantage survives the larger generation budget, although the margin depends on the
allowed response length.

The training extension tests whether Label catches up when given more updates (Table 5). Each run
continues its own checkpoint with the same recipe; the single-teacher comparators were selected on
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Table 4 | Capability and generated length. Mean response tokens by domain and the share of responses
reaching the 16K cap. Scores and lengths come from the same evaluation outputs.

Method Total Math tokens Code tokens IF tokens At cap (%)
Qwen3.5-9B
SeqKD-SFT 62.6 5,547 5,896 422 1.5
ParamMerge-TA  60.5 5,083 5,479 430 1.7
Label-routed 58.4 8,637 6,846 450 9.8
DN-MOPD 59.6 7,032 6,427 441 5.2
Qwen3.5-4B
SeqKD-SFT 55.9 5,534 7,389 440 3.2
ParamMerge-TA  53.2 4,865 6,332 494 2.9
Label-routed 50.3 8,653 8,238 523 12.4
DN-MOPD 52.5 6,146 7,649 522 5.3
Qwen3.5-2B
SeqKD-SFT 32.9 6,670 9,419 822 8.9
ParamMerge-TA  32.7 5,383 8,315 930 8.9
Label-routed 26.6 10,246 10,047 744 20.2
DN-MOPD 29.0 7,444 10,054 706 13.5

Table 5 | Training-duration comparison. Six-task Total at fixed 80- and 160-update endpoints, evaluated at
16K. Changes use unrounded scores.

Method 80 160 A Total
Qwen3.5-9B
Single teacher (IF) 57.3 57.6 +0.4
Label-routed 58.4 59.4 +1.0
DN-MOPD 59.6 60.7 +1.2
Qwen3.5-4B
Single teacher (code) 50.9 51.2 +0.4
Label-routed 50.3 51.6 +1.3
DN-MOPD 52.5 53.1 +0.5
Qwen3.5-2B
Single teacher (code) 28.8 28.8 -0.1
Label-routed 26.6 28.3 +1.7
DN-MOPD 29.0 30.0 +1.1

the development instrument (IF at 9B, code at 4B and 2B). The longer runs narrow the gaps at the
two smaller sizes in Table 5, but DN-MOPD remains ahead at every size under both evaluation caps.
Its advantage therefore persists beyond the main training endpoint, although the eventual ordering
at convergence remains unresolved.

4. Related work

On-Policy Distillation. Supervising student-generated responses addresses the training—inference
mismatch of fixed teacher-written corpora. MiniLLM (Gu et al., 2024) uses reverse KL, generalized
knowledge distillation (Agarwal et al., 2023) supports alternative divergences, and DistiLLM (Ko et al.,
2024) combines skew-KL targets with adaptive response reuse. Later methods refine the feedback:
Uni-OPD (Hou et al., 2026) uses outcome calibration and improved exploration; CROP (Li et al.,
2026) selects task-relevant supervision positions. Lightning OPD 2.0 (Wu et al., 2026) removes a
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recurring style component from teacher-reference disagreement, while PowerOPD (Zhao et al., 2026)
transforms sampled-token rewards to control their magnitude. ExOPD (Yang et al., 2026) changes
the balance between reward and KL regularization, studying reward extrapolation in both single-
and multi-teacher settings. DN-MOPD rescales the ordinary sampled-token log-ratio by domain after
teacher assignment, leaving teacher probabilities unchanged.

Multi-Teacher On-Policy Distillation. MOPD (Ma et al., 2026) integrates independently trained do-
main specialists into a shared student. Open-MOPD (Gao et al., 2026) examines capability imbalance
under fixed domain assignments, addressing token allocation, domain budgets and reward refresh.
Multi-teacher OPD also appears in specialized applications: UI-MOPD (Lian et al., 2026) integrates
platform-specific GUI teachers, and LS-MOPD (Xie et al., 2026) integrates language specialists for
multilingual speech recognition. Our focus is the relative strength of domain feedback under a fixed
assignment and prompt schedule. DN-MOPD rescales distillation advantages by the spread of each
teacher’s log-ratios rather than by token share or mean reward magnitude, complementing decisions
about which expert teaches and how much weight each domain’s loss receives.

Balancing learning signals across objectives and domains. Multi-task learning weights losses by
gradient norms (Chen et al., 2018) or learned uncertainty (Kendall et al., 2018), PopArt normalizes
value targets across reward scales (van Hasselt et al., 2016), and Dr. GRPO (Liu et al., 2025) and DAPO
(Yu et al., 2025) revisit how RL advantages and losses are normalized over responses and tokens.
DTO-KD (Hayder et al., 2026) balances task and distillation losses at the gradient level, and DRPO
(Dai et al., 2025) scales rewards by domain rarity and difficulty. DN-MOPD addresses imbalance
across teachers: it rescales distillation advantages by the measured spread of each teacher’s log-ratios
on current student answers, without learned weights or per-domain gradients, while retaining the
loss, teacher assignment and data mix.

5. Conclusion and limitations

MOPD integrates RL-trained experts by routing each prompt to the expert of its domain, but in our
Qwen3.5 constructions routing alone did not make the student better than its strongest single-teacher
counterpart, and mathematics barely transferred. DN-MOPD adds the missing control: it rescales each
domain’s distillation advantages by the batch-wise spread of its teacher—student log-ratios. Across
Qwen3.5-9B, 4B and 2B and three student seeds, it improves the six-task average over MOPD at
both evaluation caps and recovers most of the lost mathematics gain. Controls attribute most of
this gain to limiting the dispersed instruction-following feedback, which otherwise dominates the
shared gradient of the initial student. Integrating RL experts thus requires calibrating how much each
expert’s feedback counts.

Scope and limitations. The comparisons use one expert pool per size within one model family; the
three student seeds do not cover retraining the experts. DN-MOPD was selected on an earlier Qwen3
development instrument (App. A.4), and an earlier Qwen3-4B comparison under a different setup
found no clear gain (App. E.2), so benefits depend on the teacher—student configuration. The scale
estimates depend on domain composition and response length, and the clipping bounds were not
tuned per size; the instruction-following multiplier usually sits at the lower bound, so the rule bounds
rather than equalizes that domain’s scale. Fixed weights near DN-MOPD’s measured multipliers
perform comparably at 9B and 4B, so per-batch re-estimation adds to the gain only at 2B.

10
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Al use statement

We used large language model (LLM) agents in this work, under our direction, in three roles. For
the experiments, they wrote the training launchers, job supervisors, evaluation and analysis scripts,
launched and monitored the runs. For the writing, they drafted, revised and shortened the text
and formatted tables and figures. For checking, they searched the literature, verified each reference
against its arXiv or publisher record, re-derived the reported numbers from the stored result files, and
reviewed experiment protocols and analysis code adversarially. Every output was treated as a draft:
reported values, chart marks and confidence intervals are computed by scripts from stored model
outputs, and we read and approved the final text. We chose the research questions, approved each
experimental design and decision rule before it ran, decided which experiments to continue or stop
and what to report, and drew the conclusions; we are responsible for everything that appears here.

Reproducibility statement

The paper and its appendices document each stage in the order it runs. Section 2, Algorithm 1 and
App. D.1 define DN-MOPD, including the statistic conventions and where the multiplier enters the loss.
App. A.1 gives the models, training data, and expert and student training configurations; App. A.2
specifies the baselines; App. A.3 gives the question lists, sampling settings, generation caps, grading
and bootstrap procedure behind every reported score; and App. A.4 states how the method was
selected. Apps. B and C report the complete results and controls, and App. D defines the feedback
and gradient diagnostics.

The supplementary material contains the per-question correctness of all 80 evaluated Qwen3.5 models
on the six tasks at both caps, with hashes that link each score to its model, question manifest and
grader revision, together with the MATH-500 records and the training-time multiplier traces. It
includes a script that recomputes every Qwen3.5 score, domain mean, Total and paired interval from
these records, checking each score against its stored summary and each reported contrast and interval
against the values in the paper, a standalone reference implementation of DN-MOPD with unit tests,
and the corresponding excerpts of the training code. Scores can therefore be recomputed without
rerunning any model. Teacher and student checkpoints will be released on acceptance.

Ethics statement

The work distils public open-weight models on mathematics, code and instruction-following data;
it involves no human subjects and no personal data. The code judge executes model-generated
programs; it was run in a resource-limited sandbox on completions generated by our own rollouts
only.
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Appendix overview

The appendices provide the experimental details and additional evidence for DN-MOPD. Appendix
A specifies the training recipes, baselines, evaluation and statistical protocol. Appendix B expands
the main results into complete task-level tables at both evaluation budgets. Appendix C reports the
annealed-injection and longer-training comparisons, generation-length and truncation diagnostics,
additional student seeds, fixed-domain-weight controls and MATH-500. Appendix D describes the
exact scaling operation and the measurements underlying the feedback analysis, including domain
token shares, clipping frequency, the sources of the pooled spread and per-domain gradients. Appendix
E quantifies mathematics capability transfer and an earlier construction in which normalization yields
no clear improvement.
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A. Experimental setup and reproducibility

A.1 Models, data and training. We construct separate pools of mathematics, code and instruction-
following specialists from Qwen3.5-9B, 4B and 2B (Qwen Team, 2026). Each student starts from
the corresponding initial model and learns from specialists at its own size. The teacher data draw
mathematics prompts from DeepMath-103K (He et al., 2025), code prompts from Eurus (Yuan et al.,
2024), and generated instruction-following prompts. Student training uses a fixed mixture of 2,700
prompts, 900 per domain, with the domain label identifying the corresponding teacher.

The experts use GRPO (Shao et al., 2024) with temperature 1.0, a 2,048-token prompt limit and an
8,192-token response cap. Candidate rollout batches contain 128 prompts with eight responses per
prompt; the optimizer global batch is 256 responses. Dynamic sampling filters prompt groups without
reward variation, with at most eight generation batches per rollout. Adam uses learning rate 107,
constant after ten warm-up updates, betas (0.9, 0.98), weight decay 0.1 and gradient clipping at 1.0.
Teacher training uses seed 42. Expert training ran for up to 400 updates or until a fixed wall-clock
budget for the construction ended, and we use the last complete checkpoint; update counts therefore
differ across pools (Table A.1). Each roster is shared by every student comparison at that size.

Table A.1 | Shared specialist checkpoints. Update counts for the domain experts used by every student
comparison within each size. Each specialist is trained from the same initialization as its student.

Size Math expert Code expert IF expert

9B 250 200 400
4B 320 300 400
2B 400 400 400

All main OPD students use 80 updates and training seed 42. Each rollout batch contains 64 prompts
with eight responses per prompt, giving a global batch of 512 responses. The prompt and response
limits are 2,048 and 8,192 tokens, respectively; rollout temperature is 1.0. Adam uses a learning rate
of 10°, held constant after five warm-up updates, betas (0.9, 0.98), weight decay 0.1 and gradient
clipping at 1.0. The learning signal is the sampled-token reverse-KL advantage inside the clipped
policy-gradient surrogate. App. D specifies where DN-MOPD changes that signal.

A.2 Baselines. Single-teacher OPD uses one specialist for every prompt. Label selects the specialist
matching the prompt’s domain. Uniform pooling averages teacher probabilities, while Dynamic
selects the teacher with the lowest mean log-probability on the current student response. These
comparisons share the student initialization, expert roster, prompt mixture and OPD training budget.
The strongest single-teacher reference in the main results is selected on the same public Total, favoring
that comparator. The continuation study instead uses its development-selected teacher (IF at 9B;
code at 4B and 2B).

SeqKD-SFT trains on fixed answers from the domain-matched teachers, generated with a 16,384-token
response cap, for 84 updates. This corresponds to approximately four passes over one fixed answer
per training prompt, using a global batch of 128, learning rate 10~° with cosine decay to 107°, and
five warm-up updates. The optimizer uses weight decay 0.1, betas (0.9, 0.98) and gradient clipping
at 1.0. The teacher answer corpus is reused across updates, whereas OPD generates fresh student
responses. Parameter averaging (Wortsman et al., 2022) combines the expert weights directly. Task
arithmetic adds the sum of expert-minus-initialization parameter differences to the initial model with
coefficient 1.0. SFT, merging and OPD therefore use different token and optimization budgets; their
scores compare capability under the stated recipes. Annealed injection and 160-update continuations
are specified in App. C.
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A.3 Evaluation and uncertainty. AIME25 and AIME26 each contain 30 questions with 64 sampled
answers per question. LiveCodeBench v5/v6 (Jain et al., 2024) contain 167/175 disjoint problems
with six answers each. IFEval-541 (Zhou et al., 2023) and IFBench-300 (Pyatkin et al., 2025) use 16
answers per prompt and strict prompt-level correctness. The fixed question lists, prompt rendering,
answer extraction, grader revisions and sample identities accompany the score records. Evaluation
uses the non-thinking prompt rendering, temperature and top-p 1.0, and generation seed 42. The
same checkpoints are evaluated at response caps of 8,192 and 16,384 tokens. Mathematics answers
are graded with Math-Verify on the last boxed expression, and a missing boxed answer counts as
incorrect. Code is run against the official LiveCodeBench tests with its official runner; each program
runs in a separate process with an 8 GiB memory limit and a 6-second limit per test, and a response
is correct only if it passes every test. [FEval and IFBench responses are scored with the benchmarks’
official strict instruction checkers.

Task scores average correctness over answers within each question and then over questions. Thus
avg@N estimates single-answer accuracy, rather than pass@N. Each domain score equally averages
its two suites; Total equally averages all six. Response lengths are averaged within each suite before
taking domain means, and the overall cap-hit rate equally averages the six suite rates. Displayed
scores are percentages; differences use unrounded values and are expressed in percentage points.

Paired 95% intervals use 10,000 bootstrap replicates with seed 20260923, resampling questions
within each suite while preserving method pairing. Repeated answers to one question are not treated
as independent questions. These intervals are conditional on one student training seed and one expert
pool per size; they do not quantify variation from retraining students or experts.

A.4 Method selection and reporting. The domain-scaling operation and its clipping bounds were
selected on an earlier Qwen3 development instrument at the 80-update port-selection point, then
transferred unchanged to all three Qwen3.5 sizes. The later 160-update and annealed comparisons
are separate experiments. The earlier Qwen3 public comparison yielded no clear gain over Label and
is retained in App. E.

The original Qwen3.5 public protocol specified an 8K evaluation cap. The choice to show 16K in the
main text was made after both caps had been inspected, to match the generation budget of the earlier
Qwen3 public comparison. This was a presentation amendment, not a preregistered preference for
16K. The original internal development comparisons kept their own 8K evaluation protocol; their
scores are not substituted for public-suite cells. App. B retains complete 8K results for all methods
and tasks. The feedback diagnostics in App. D are descriptive analyses of recorded training signals.

A.5 Reproduction materials. The supplementary records associate each score with its model,
checkpoint, training configuration, question manifest and grader revision. Task scores, domain means,
paired contrasts and plotting data are derived from stored model outputs. Machine-readable task
scores and paired contrasts accompany the tables.
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B. Complete six-task results

The following tables expand the domain summaries in the main text. The 9B results at 16K are already
reported in Table 1; B.1 supplies the corresponding 4B and 2B tables. B.2 reports all three sizes at
the originally specified 8K evaluation cap. Every method uses the same checkpoint at both evaluation
caps. Scores are percentages, and boldface identifies the best result within the multi-teacher OPD
block.

B.1 Full six-task results for the smaller scales at 16K. At 4B and 2B, DN-MOPD has the highest
Total in the multi-teacher OPD block and the best score on every task, tying Dynamic on LCB v6 at
4B. Relative to Label, AIME25 and AIME26 improve by 2.9 to 4.5 points and both LCB versions by 1.7
to 3.1 points, while IFEval and IFBench change by at most 1.2 points. SeqKD-SFT and task arithmetic
retain higher Totals at both sizes, as in Table 2.

Table B.1 | Complete results for Qwen3.5-4B at 16K. Scores (%) on the six public tasks; all OPD students
use 80 updates. Total equally averages the tasks. Boldface identifies the best result within the multi-teacher
OPD block.

Math (avg@64) Code (avg@6) IF (avg@16)

Method AIME25 AIME26 LCBv5 LCBv6 IFEval IFBench Total
Initial student 48.4 56.0 39.1 37.0 783 27.2 47.7
RL experts

Math expert 50.6 57.9 41.1 38.4 79.0 29.0 49.3

Code expert 48.5 54.6 49.5 45.2 79.2 28.0 50.8

IF expert 47.9 534 384 378 843 36.9 49.8
Offline distillation

SeqKD-SFT 51.9 59.3 552 494 832 36.2 55.9
Parameter merging

ParamMerge-Avg 50.3 58.6 46.7 394 81.0 31.3 51.2

ParamMerge-TA 49.9 57.8 453 434 844 38.3 53.2
Single-teacher OPD

Math teacher 49.9 57.8 424 374 787 28.5 49.1

Code teacher 47.7 56.6 495 442 784 28.7 50.9

IF teacher 46.6 54.0 40.1 38.2 81.8 33.4 49.0
Multi-teacher OPD

Uniform pool 48.3 56.3 43.6 394 80.0 30.0 49.6

Dynamic router 46.0 539 46.6 429 814 32.7 50.6

Label-routed MOPD 46.0 54.4 463 40.3 81.6 33.2 50.3

DN-MOPD (Ours) 50.2 57.8 48.0 429 82.0 34.4 52.5

B.2 Complete results at the declared 8K evaluation cap. The ordering is unchanged at the shorter
budget. DN-MOPD has the highest Total in the multi-teacher OPD block at every size and the best
score on five or six of the six tasks; Label is marginally ahead on IFEval at 9B and 2B, by 0.06 and
0.10 points. The AIME gains over Label are larger than at 16K, from 3.6 to 9.0 points (computed
from unrounded scores), consistent with the larger Total advantage at 8K (App. C.3). SeqKD-SFT
and task arithmetic again have higher Totals.
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Table B.2 | Complete results for Qwen3.5-2B at 16K. Scores (%) on the six public tasks; all OPD students
use 80 updates. Total equally averages the tasks. Boldface identifies the best result within the multi-teacher
OPD block.

Math (avg@64) Code (avg@6) IF (avg@16)

Method AIME25 AIME26 LCBv5 LCBv6 IFEval IFBench Total
Initial student 17.7 17.4 9.0 13,5 6238 23.9 24.0
RL experts

Math expert 20.9 23.3 101 16.7 64.1 25.3 26.7

Code expert 19.6 21.8 20.1 23.0 63.5 25.3 28.9

IF expert 16.0 152 10.0 150 74.6 309 27.0
Offline distillation

SeqKD-SFT 21.0 253 21.7 262 719 31.3 329
Parameter merging

ParamMerge-Avg 19.4 22.0 13.8 189 68.7 26.2 28.2

ParamMerge-TA 22.7 26.1 18.6 223 747 319 32.7
Single-teacher OPD

Math teacher 20.8 233 11.6 16.7 63.7 24.6 26.8

Code teacher 19.9 20.9 18.1 24.3 64.8 25.0 28.8

IF teacher 16.4 16.6 104 13.0 70.0 28.4 25.8
Multi-teacher OPD

Uniform pool 19.2 20.7 11.8 174 66.9 25.5 26.9

Dynamic router 16.9 17.8 11.3 16.3  69.1 27.8 26.5

Label-routed MOPD 16.8 17.1 11.4 154 70.0 28.9 26.6

DN-MOPD (Ours) 19.7 21.6 14.5 18.1 70.2 29.6 29.0

Table B.3 | Complete results for Qwen3.5-9B at 8K. Scores (%) on the six public tasks; all OPD students use

80 updates. Total equally averages the tasks. Boldface identifies the best result within the multi-teacher OPD
block.

Math (avg@64) Code (avg@6) IF (avg@16)

Method AIME25 AIME26 LCBv5 LCBv6 IFEval IFBench Total
Initial student 45.5 50.7 45.0 422  82.0 34.0 49.9
RL experts

Math expert 56.2 64.6  45.5 44.3 825 35.0 54.7

Code expert 48.3 55.7 521 464 822 34.3 53.2

IF expert 45.2 50.0 451 439 86.4 419 52.1
Offline distillation

SeqKD-SFT 58.7 66.7 55.8 499 859 42.6 59.9
Parameter merging

ParamMerge-Avg 50.1 60.5 48.0 452 83.9 36.1 54.0

ParamMerge-TA 55.9 66.4 504 476 86.2 43.5 58.3
Single-teacher OPD

Math teacher 54.6 63.0 48.1 44.6 819 35.0 54.5

Code teacher 49.6 57.0 50.6 46.5 825 34.1 53.4

IF teacher 45.6 489 44.7 417 84.6 38.8 50.7
Multi-teacher OPD

Uniform pool 49.2 55.8 47.7 442 832 36.0 52.7

Dynamic router 46.6 53.1 47.7 444 84.1 37.7 52.2

Label-routed MOPD 47.7 54.6 475 446 843 38.3 52.8

DN-MOPD (Ours) 51.3 60.0 51.1 46.0 843 39.2 55.3
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Table B.4 | Complete results for Qwen3.5-4B at 8K. Scores (%) on the six public tasks; all OPD students use
80 updates. Total equally averages the tasks. Boldface identifies the best result within the multi-teacher OPD
block.

Math (avg@64) Code (avg@6) IF (avg@16)

Method AIME25 AIME26 LCBv5 LCBv6 IFEval IFBench Total
Initial student 37.8 43.0 30.6 321 785 27.6 41.6
RL experts

Math expert 49.4 57.1 34.0 33.2 794 28.9 47.0

Code expert 42.3 47.7 43.5 41.5 79.3 28.3 47.1

IF expert 37.4 41.8 31.3 329 844 36.7 44.1
Offline distillation

SeqKD-SFT 51.0 579 48.2 43.6 832 36.0 53.3
Parameter merging

ParamMerge-Avg 44.4 529 37,5 34.0 813 31.8 47.0

ParamMerge-TA 49.4 56.8 41.0 39.0 84.1 38.5 51.5
Single-teacher OPD

Math teacher 47.7 56.7 32.8 333 785 29.1 46.3

Code teacher 42.1 48.9 43.1 38.0 78.5 28.6 46.5

IF teacher 38.6 429 31.0 319 818 33.6 43.3
Multi-teacher OPD

Uniform pool 42.5 49.8 33.7 333 79.8 29.9 44.38

Dynamic router 39.2 44.9 38.3 34.8 814 32.2 45.1

Label-routed MOPD 40.5 440 37.8 351 8138 33.6 45.5

DN-MOPD (Ours) 46.4 529 39.7 35.8 82.1 34.4 48.6

Table B.5 | Complete results for Qwen3.5-2B at 8K. Scores (%) on the six public tasks; all OPD students use

80 updates. Total equally averages the tasks. Boldface identifies the best result within the multi-teacher OPD
block.

Math (avg@64) Code (avg@6) IF (avg@16)

Method AIME25 AIME26 LCBv5 LCBv6 IFEval IFBench Total
Initial student 111 8.0 7.6 12.0 63.6 241 21.1
RL experts

Math expert 19.6 21.6 84 152 635 25.2 25.6

Code expert 17.8 17.3 15.7 199 63.9 24.8 26.6

IF expert 12.1 8.2 8.0 128 7438 30.5 24.4
Offline distillation

SeqKD-SFT 20.6 220 219 251 71.7 314 321
Parameter merging

ParamMerge-Avg 16.4 16.0 10.5 16.9 69.1 26.3 25.8

ParamMerge-TA 22.3 24.6 18.6 21.5 746 31.9 323
Single-teacher OPD

Math teacher 19.5 20.9 9.1 13.5 63.9 249 25.3

Code teacher 16.6 17.8 172 21.6 643 25.1 27.1

IF teacher 11.9 9.1 7.5 11.3  69.6 28.5 23.0
Multi-teacher OPD

Uniform pool 16.1 15.1 9.2 144 66.7 25.3 245

Dynamic router 14.3 11.8 8.9 14.6  69.5 28.2 24.5

Label-routed MOPD 14.5 11.7 9.9 14.4 70.3 29.0 25.0

DN-MOPD (Ours) 19.1 19.8 115 17.0 70.2 29.6 27.9
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C. Additional controls and training budgets

C.1 Annealed injection. This control augments Label with imitation of verified-correct answers from
the domain-matched teacher. For each prompt covered by the fixed answer bank, one of the eight
response slots is replaced by a teacher answer, prioritizing an incorrect student response. Other
slots retain the Label learning signal. Injected tokens receive a constant advantage with weight
max(0, 1 — t/40) at training step t; injection stops at step 40. The student is evaluated at 80 updates.
Bank coverage varies across pools, so the intervention applies to covered prompts rather than every
prompt. Table C.1 reports this coverage so that the strength of the intervention can be interpreted
across sizes. A covered prompt has at least one usable verified teacher answer; coverage is not the
proportion of training tokens supplied by a teacher.

Table C.1 | Teacher-answer coverage for annealed injection. Prompts with at least one usable verified-
correct answer, out of the 900 training prompts in each domain. One response slot is replaced for covered
groups while the imitation weight is positive; uncovered prompts retain Label training.

Size Math Code IF

9B  792/900 724/900 812/900
4B 794/900 686/900 763/900
2B 599/900 363/900 771/900

The comparison tests early teacher imitation as an alternative change to the supervision; fixed domain
weights are tested separately in App. C.6. At 16K, annealed injection changes the Total by —0.24,
+1.11 and +0.30 points relative to Label at 9B, 4B and 2B, so its gains depend on model size, and it
trails DN-MOPD at every size (Table 3).

C.2 Longer training. Label, DN-MOPD and a single-teacher reference continue their own runs from
80 to 160 updates with the same recipe. The single teacher is selected on the development instrument:
IF at 9B, code at 4B and 2B. The tables below give all six task scores at both evaluation caps, including
the completed continuations behind Table 5. They test whether the ordering persists beyond the main
endpoint, without assuming that either method has converged.

Table C.2 | Additional controls at 16K. Scores (%); each block includes three 160-update continuations and
the 80-update annealed-injection control. All runs use seed 42. The single-teacher reference is selected on the
development instrument.

Method Updates AIME25 AIME26 LCBv5 LCBv6 IFEval IFBench Total
Qwen3.5-9B
Label 160 57.0 639 589 51.0 849 40.6 59.4
DN-MOPD 160 58.9 70.1 56.7 52,5 851 41.1 60.7
Single IF 160 55.8 61.7 524 50.1 85.1 40.6 57.6
Annealed injection 80 55.8 63.6 543 52.0 84.6 38.6 58.2
Qwen3.5-4B
Label 160 47.6 542 473 426 828 35.2 51.6
DN-MOPD 160 50.3 581 472 446 823 35.9 53.1
Single code 160 48.3 559 51.0 445 789 28.6 51.2
Annealed injection 80 47.6 555 47.0 432 819 33.3 514
Qwen3.5-2B
Label 160 16.4 19.1 13.2 18.8 713 31.0 28.3
DN-MOPD 160 20.0 23.1 145 206 715 30.6 30.0
Single code 160 19.8 20.7 189 240 639 25.3 28.8
Annealed injection 80 18.1 174  11.1 16.5 70.0 28.4 26.9
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Table C.3 | Additional controls at 8K. Scores (%); each block includes three 160-update continuations and
the 80-update annealed-injection control. All runs use seed 42. The single-teacher reference is selected on the
development instrument.

Method Updates AIME25 AIME26 LCBv5 LCBv6 IFEval IFBench Total
Qwen3.5-9B
Label 160 47.3 54.5 48.6 445 85.1 40.3 534
DN-MOPD 160 52.2 62.3 50.3 458 85.1 41.2 56.2
Single IF 160 45.9 51.3 43.7 432 853 41.0 51.8
Annealed injection 80 46.4 52.0 451 429 845 38.2 51.5
Qwen3.5-4B
Label 160 40.7 47.3 383 348 826 36.0 46.6
DN-MOPD 160 46.0 549 429 37.7 826 36.0 50.0
Single code 160 41.0 474 444 394 79.1 28.6 46.7
Annealed injection 80 39.6 44.8 36.0 349 81.8 33.3 451
Qwen3.5-2B
Label 160 15.0 14.7 8.8 164 71.1 31.0 26.2
DN-MOPD 160 18.6 199 116 178 71.6 30.8 28.4
Single code 160 17.1 17.2 16.7 21.8 63.5 25.0 26.9
Annealed injection 80 13.8 12.1 9.0 15.0 70.0 28.9 24.8

Label and DN-MOPD both improve from 80 to 160 updates at every size and cap, and DN-MOPD
remains the highest within every block. At the 8K evaluation cap, Label after 160 updates still does
not reach DN-MOPD after 80 updates: the 80-update DN-MOPD student is ahead by 1.93, 1.95 and
1.71 points at 9B, 4B and 2B, with every interval above zero. At 16K these differences are smaller,
+0.18 to +0.94, and their intervals include or touch zero. Annealed injection at 80 updates is close
to Label at 9B and 2B, higher at 4B, and below DN-MOPD at every size (App. C.3).

C.3 Paired contrasts. The paired intervals below accompany the aggregate comparisons in the
main text. They use the question-level bootstrap described in App. A.3. The DN-MOPD-minus-Label
intervals remain above zero at both endpoints and both evaluation caps. Comparisons involving
annealed injection use the 80-update checkpoints.

Table C.4 | Paired Total differences at 16K. Differences and intervals are in pp. Parentheses give student
update counts. The 95% intervals use 10,000 paired question-bootstrap replicates, conditional on seed 42 and
the shared expert pool.

Contrast (updates) A Total 95% CI
Qwen3.5-9B
DN - Label (80) +1.17 [+0.28, +2.03]
DN - Label (160) +1.33 [+0.42,+2.22]
Annealed — Label (80) -0.24 [-0.98,+0.51]
DN - Annealed (80) +1.41 [+0.48,+2.34]
Qwen3.5-4B
DN - Label (80) +2.24 [+1.30, +3.20]
DN - Label (160) +1.46 [+0.53,+2.40]
Annealed — Label (80) +1.11 [+0.28,+1.95]
DN — Annealed (80) +1.12 [+0.20, +2.04]

Qwen3.5-2B
DN - Label (80) +2.36 [+1.58,+3.17]
DN - Label (160) +1.77 [+0.97,+2.60]
Annealed — Label (80) +0.30 [-0.27,+0.87]
DN - Annealed (80) +2.06 [+1.26,+2.90]
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Table C.5 | Paired Total differences at 8K. Differences and intervals are in pp. Parentheses give student
update counts. The 95% intervals use 10,000 paired question-bootstrap replicates, conditional on seed 42 and
the shared expert pool.

Contrast (updates) A Total 95% CI
Qwen3.5-9B
DN - Label (80) +2.47 [+1.65,+3.27]
DN - Label (160) +2.79 [+1.93, +3.65]
Annealed — Label (80) -1.33 [-2.04,-0.65]
DN - Annealed (80) +3.80 [+2.91, +4.69]
Qwen3.5-4B
DN - Label (80) +3.08 [+2.12,+4.06]
DN - Label (160) +3.42 [+2.43,+4.43]
Annealed — Label (80) -0.41 [-1.13,+0.34]
DN - Annealed (80) +3.49 [+2.48,+4.51]
Qwen3.5-2B
DN - Label (80) +2.92 [+2.02, +3.85]
DN - Label (160) +2.23 [+1.46,+3.05]
Annealed — Label (80) -0.17 [-0.69,+0.34]
DN - Annealed (80) +3.09 [+2.17,+4.06]

Table C.6 compares both label-based recipes with the strongest single-teacher student, chosen at each
size and cap on the same public Total. Label is never ahead of that student: the difference includes
zero at 9B and 4B at 16K and is negative with an interval excluding zero in the other four cells.
DN-MOPD is ahead in every cell; its lead is separable in four of six cells and includes zero at 9B at 8K
and at 2B at 16K.

Table C.6 | Label and DN-MOPD against the strongest single-teacher student. Paired six-task Total
differences (pp) with 95% question-bootstrap intervals, 80 updates. The strongest single-teacher student is
chosen separately at each size and cap on the same public Total, which favors that comparator.

Size  Strongest single Label — single =~ DN-MOPD - single
16K evaluation
9B Code -0.09 [-1.00,+0.83] +1.08 [+0.20, +1.98]
4B Code —0.55 [-1.58,+0.46] +1.69 [+0.77, +2.61]
2B Code -2.23 [-3.17,-1.31] +0.13 [-0.68,+0.93]
8K evaluation
9B Math -1.69 [-2.84,-0.58] +0.78 [-0.13, +1.68]
4B Code -1.05 [-1.96,-0.14]  +2.03 [+1.09, +2.96]
2B Code -2.12[-3.08,-1.21] +0.79 [+0.01, +1.60]

The strongest 9B single-teacher student at the main 16K cap, trained from the code expert, was also
continued to 160 updates. It does not improve with the additional updates (the difference from its
80-update checkpoint includes zero at both caps), whereas DN-MOPD’s lead over it widens from
+1.08 at 80 updates to +2.57 at 160 updates at 16K, and from +1.92 to +2.97 at 8K, with every
interval above zero. Label after 160 updates is ahead of it at 16K and tied at 8K.

The following table resolves DN-MOPD minus Label by domain. Mathematics improves at every size,
cap and endpoint, with every interval above zero. Code and IF differences are smaller and mixed. At
9B, code is lower at 16K (—0.82, with an interval including zero) but higher at 8K (+2.51, with an
interval above zero). The domain pattern supports the mathematics-led gain described in the main
text; it does not establish a code cost at 9B.
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Table C.7 | Continuing the strongest 9B single-teacher student. The code-teacher student has the highest
six-task Total among the 9B single-teacher students at the main 16K cap (at 8K the mathematics-teacher student
is higher, 54.53 versus 53.39, and was not continued). It is continued from 80 to 160 updates with the same
recipe, alongside the Label and DN-MOPD continuations of Table 5. Paired six-task Total differences (pp) with
95% question-bootstrap intervals.

Cap DN-MOPD - code (80) DN-MOPD - code (160) Label — code (160) Code: 160 — 80

16K +1.08 [+0.20, +1.98]
8K +1.92 [+1.10,+2.71]

+2.57 [+1.65,+3.46] +1.24 [+0.22,+2.25] —0.34 [-1.18, +0.53]
+2.97 [+2.10,+3.83] +0.18 [-0.71,+1.05] —0.19 [-0.92, +0.54]

Table C.8 | DN-MOPD minus Label by domain. Paired differences in each domain mean (pp) with 95%
question-bootstrap intervals, at the main 80-update endpoint and after continuing both runs to 160 updates.

Size  Updates Math Code IF

16K evaluation

9B 80 +3.98 [+2.32,+5.68] —0.82[-2.78,+1.06] +0.36 [~0.09,+0.82]
9B 160 +4.06 [+2.21,+5.99] —0.38 [-2.27,+1.51] +0.31 [-0.11,+0.74]
4B 80 +3.75[+1.95,+45.60] +2.13[+0.02,+4.28] +0.82 [+0.29,+1.38]
4B 160 +3.33 [+1.56,+5.21] +0.95 [-1.16,+3.09] +0.10 [-0.38,+0.59]
2B 80 +3.72 [+2.03,+5.52] +2.88 [+1.31,+4.44] +0.47 [-0.09,+1.03]
2B 160 +3.83 [+2.11,+5.68] +1.55 [+0.00,+3.10] -0.08 [-0.67,+0.51]
8K evaluation
9B 80 +4.51 [+2.84,+6.17] +2.51 [+0.78,+4.22] +0.40 [-0.06, +0.89]
9B 160 +6.35 [+4.48,+8.33] +1.51 [-0.14,+3.14] +0.49 [+0.06,+0.92]
4B 80 +7.42 [+5.21,49.74] +1.28 [-0.46,+3.04] +0.55 [+0.04, +1.06]
4B 160 +6.43 [+4.22,+8.78] +3.77 [+1.78,+5.82] +0.05 [-0.43,+0.53]
2B 80 +6.35 [+4.11,+8.80] +2.13 [+0.72,+3.54] +0.26 [-0.29, +0.81]
2B 160 +4.45 [+2.60,+6.46] +2.11 [+0.82,+3.47] +0.12 [-0.39,+0.64]
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C.4 Generation length and truncation. The main text reports length diagnostics at 16K. The
complete paired measurements below cover both evaluation budgets, using fresh generations at each
cap. Mathematics improvements accompany shorter answers at every size under both caps. This
weakens the explanation that DN-MOPD succeeds simply by spending more output tokens, while
leaving open whether shorter answers are a cause or a consequence of better solutions. Average
length alone does not measure inference latency or training cost.

Table C.9 | Generation length and cap hits at both budgets. Mean output tokens for the 80-update students,
averaged equally over the two suites in each domain. The final column is the cap-hit percentage averaged
equally over all six suites. Each budget uses its own generated responses.

Method Math tokens Code tokens IF tokens Cap hits (%)
Qwen3.5-9B (16K evaluation)

Label 8,637 6,846 450 9.8

DN-MOPD 7,032 6,427 441 5.2
Qwen3.5-4B (16K evaluation)

Label 8,653 8,238 523 12.4

DN-MOPD 6,146 7,649 522 5.3
Qwen3.5-2B (16K evaluation)

Label 10,246 10,047 744 20.2

DN-MOPD 7,444 10,054 706 13.5
Qwen3.5-9B (8K evaluation)

Label 6,071 4,886 408 31.4

DN-MOPD 5,712 4,811 387 25.7
Qwen3.5-4B (8K evaluation)

Label 6,318 5,421 450 36.2

DN-MOPD 5,642 5,363 417 26.4
Qwen3.5-2B (8K evaluation)

Label 7,443 5,834 563 45.4

DN-MOPD 6,700 6,003 569 34.5

C.5 Additional student seeds. The main comparison uses student seed 42. Two further seed-matched
pairs of Label and DN-MOPD runs (seeds 43 and 44) change the prompt order and rollout sampling
while keeping the experts, initialization, prompts and 80-update recipe fixed; the seed-43 and seed-44
Label runs use the same training code as DN-MOPD with every multiplier set to one. DN-MOPD is
ahead in all nine seed-matched comparisons at each cap, with every per-seed interval above zero.
The three-seed mean differences at 16K are +1.12, +1.97 and +2.34 points at 9B, 4B and 2B, and
their two-level intervals exclude zero. A second seed-42 Label run, trained with the same code as the
seed-43 and seed-44 Label runs, differs from the original seed-42 Label run by —0.32, +0.62 and
+0.19 points in Total at 16K, with every interval including zero.

C.6 Fixed domain weights. These controls replace DN-MOPD’s per-batch multiplier with constants
that are fixed for the whole run, keeping Label assignment and the rest of the recipe. The update-0
control uses the multipliers DN-MOPD measured on its first batch at the same size, before training
could affect the student; the global control applies one setting, (2, 1, 0.25), at every size. Two
single-component controls at 4B and 2B change only one domain: mathematics amplified to 2 with
IF at 1, or IF reduced to 0.25 with mathematics at 1.

Every fixed-weight control that changes both domains improves on Label at every size and cap. The
update-0 weights show no detectable difference from DN-MOPD at 9B and 4B (intervals include zero)
but trail it at 2B (-1.10 at 16K and —1.42 at 8K, intervals below zero): a calibration measured once
before training recovers the gain at the two larger sizes, while per-batch estimation adds to it at 2B.
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Table C.10 | DN-MOPD minus Label across student seeds. Six-task Total differences (pp) between seed-

matched runs at 80 updates; each seed changes the prompt order and rollout sampling while the teachers
and initialization are shared. Per-seed intervals resample questions within suite; the three-seed mean uses a
two-level bootstrap over seeds and questions. Seed 42 is the main comparison in Tables 1-2.

Size Seed 42

Seed 43

Seed 44

Three-seed mean

16K evaluation
9B +1.17 [+0.28, +2.03]
4B +2.24 [+1.30,+3.20]
2B +2.36 [+1.58,+3.17]
8K evaluation
9B +2.47 [+1.65,+3.27]
4B +3.08 [+2.12, +4.06]
2B +2.92 [+2.02, +3.85]

+1.08 [+0.21,+1.96]
+1.85 [+0.91, +2.84]
+2.24 [+1.45,+3.04]

+2.62 [+1.80, +3.44]
+2.74 [+1.79,+3.72]
+2.88 [+2.03,+3.77]

+1.10 [+0.23,+1.97]
+1.82 [+0.88,+2.77]
+2.43 [+1.53, +3.40]

+3.05 [+2.14, +3.96]
+3.01 [+2.06,+3.97]
+2.83 [+1.92, +3.80]

+1.12 [+0.62,+1.62]
+1.97 [+1.39,+2.56]
+2.34 [+1.86,+2.84]

+2.71 [+2.16,+3.29]
+2.94 [+2.37,+3.53]
+2.87 [+2.36,+3.40]

The global setting, chosen after inspecting DN-MOPD’s measured multipliers, shows no detectable
difference from DN-MOPD at 9B, ahead of it at 4B at 8K (+0.85, interval above zero) and behind it
at 2B at 8K (—0.64, interval below zero). Among the single-component controls, reducing IF alone
improves on Label at both sizes and caps and raises the mathematics score by 2.76 and 3.07 points at
16K at 4B and 2B. Amplifying mathematics alone helps less: it is ahead of Label at 4B at 16K and
indistinguishable from Label at 2B. Neither component alone exceeds DN-MOPD. These controls use
one seed and are read against the seed-42 runs.

Table C.11 | Fixed domain weights. Each control trains with Label assignment and a constant multiplier per
domain (math / code / IF), with the DN-MOPD recipe otherwise unchanged (80 updates, seed 42). Update 0

uses the multipliers DN-MOPD measured on its first batch at that size; Global uses one setting at every size.

Paired differences (pp) with 95% question-bootstrap intervals; the last column is the mathematics domain

mean.

Size  Control

Weights

— Label

— DN-MOPD

Math — Label

16K evaluation

9B Update 0 1.77/0.89/0.25
9B Global 2/1/0.25
4B Update 0 2.01/0.81/0.34
4B Global 2/1/0.25
4B Math only 2/1/1
4B IF only 1/1/0.25
2B Update 0 2.10/0.82/0.43
2B Global 2/1/0.25
2B Math only 2/1/1
2B IF only 1/1/0.25
8K evaluation
9B Update 0 1.77/0.89/0.25
9B Global 2/1/0.25
4B Update 0 2.01/0.81/0.34
4B Global 2/1/0.25
4B Math only 2/1/1
4B IF only 1/1/0.25
2B Update 0 2.10/0.82/0.43
2B Global 2/1/0.25
2B Math only 2/1/1
2B IF only 1/1/0.25

+1.29 [+0.40, +2.16]
+1.32 [+0.36, +2.29]
+2.34 [+1.47, +3.24]
+2.86 [+1.90, +3.84]
+1.20 [+0.34, +2.08]
+1.79 [+0.86, +2.76]
+1.26 [+0.52, +2.01]
+2.27 [+1.45, +3.13]
+0.27 [-0.34, +0.88]
+2.19 [+1.37, +3.03]

+1.92 [+1.06,+2.78]
+2.39 [+1.49,+3.33]
+2.98 [+2.09, +3.93]
+3.93 [+2.95, +4.94]
+0.65 [-0.11, +1.43]
+2.22 [+1.29,+3.17]
+1.49 [+0.76, +2.25]
+2.28 [+1.47, +3.12]
+0.04 [-0.50, +0.59]
+1.73 [+0.97, +2.52]

+0.12 [-0.69, +0.93]
+0.14 [-0.67, +0.95]
+0.10 [-0.62, +0.82]
+0.62 [-0.09, +1.36]
-1.04 [-1.95, -0.14]
—0.44 [-1.35,+0.48]
-1.10 [-1.74, -0.47]
—0.09 [-0.73, +0.58]
-2.08 [-2.86, -1.34]
—0.17 [-0.84, +0.52]

—0.55 [-1.28, +0.19]
—0.08 [-0.82, +0.67]
—0.10 [-0.82, +0.62]
+0.85 [+0.21, +1.50]

-2.43 [-3.37,-1.51]
-0.86 [-1.64, -0.09]
-1.42 [-2.05, -0.83]
-0.64 [-1.14, -0.12]
—2.88 [-3.73, -2.04]
-1.18 [-1.87, -0.50]

+3.59 [+1.77,+5.42]
+4.01 [+2.01, +6.15]
+3.96 [+2.21, +5.83]
+4.53 [+2.63,+6.51]
+1.72 [+0.08, +3.44]
+2.76 [+0.99, +4.58]
+3.41 [+1.72, +5.18]
+3.62 [+1.72, +5.70]
+1.02 [-0.26, +2.29]
+3.07 [+1.35, +4.84]

+4.77 [+2.94, +6.64
+4.92 [+2.86, +7.01
+6.61 [+4.61,+8.88
+7.94 [+5.63,+10.39
+1.17 [-0.34, +2.76
+5.03 [+3.10, +6.98
+3.85 [+2.16,+5.70
+4.84 [+2.86,+6.95
+0.44 [-0.44, +1.33

]
]
]
]
]
]
]
]
]
+3.44 [+1.74,+5.23]
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C.7 MATH-500. AIME25 and AIME26 contain 30 problems each. MATH-500 (Hendrycks et al., 2021;
Lightman et al., 2023) provides a larger mathematics test, evaluated with the same caps and sampling
but outside the six-task Total. At 16K, Label is indistinguishable from the initial student at every size,
whereas DN-MOPD is ahead of Label at every size and cap with every interval above zero. The larger
models are close to the ceiling on this benchmark, so the absolute differences at 9B and 4B are small.

Table C.12 | MATH-500. Mean accuracy (%) over 500 problems with 16 samples each, graded by Math-Verify,
and paired differences (pp) with 95% question-bootstrap intervals. Students use 80 updates. This benchmark
is not part of the six-task Total.

Size Initial Label Math-only OPD DN-MOPD Label — initial ~ DN-MOPD - Label

16K evaluation

9B 95.84 95.76 97.30 96.50 -0.08 [-0.51,+0.35] +0.74 [+0.31,+1.18]

4B 94.46 94.08 95.84 95.33 -0.39[-0.91,+0.12] +1.25 [+0.67,+1.85]

2B 7691 77.21 82.93 83.16 +0.30 [-0.64,+1.22] +5.95 [+4.95, +6.96]
8K evaluation

9B 94.08 94.38 96.80 95.83 +0.30[-0.19,+0.81] +1.45 [+0.92,+2.00]

4B 92.01 92.89 95.24 94.55 +0.88 [+0.31,+1.45] +1.66 [+1.05,+2.29]

2B 68.40 7291 80.90 79.76  +4.51 [+3.54,+5.52] +6.85 [+5.73,+7.99]
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D. Implementation and diagnostic details

D.1 Domain scaling and policy optimization. In both DN-MOPD and Label, every domain label
selects its corresponding expert, and the current student generates all training responses.

For each rollout batch, let m;, mark a valid response token, and form r;, = fiT’t - fl.r,‘t)u wherever m;, = 1.
All valid tokens with domain d; = d enter the same domain statistic. The standard deviations use the
population convention (division by the number of tokens), not the sample convention. The global
statistic is computed after concatenating all domains’ valid token values; it is not an average of their
standard deviations. The multiplier is clip(oy,/04, 0.25, 4), with multiplier one if either standard
deviation is zero or has fewer than two observations. The same factor multiplies every advantage in a
sample from that domain. Statistics and factors are recomputed for each batch and recorded in the
run audit.

There are two evaluations of the pre-update student. The rollout service provides cached log-
probabilities for the scale estimate. The actor recomputes the response-token log-probabilities before
optimization; these enter the advantage A = ¢ — £3°°r and the denominator of the clipped policy
ratio. The reported configuration multiplies this actor-side advantage by the domain factor. It does
not replace actor log-probabilities with cached rollout values. All factors and advantages are detached
before policy optimization, and response masks and loss reduction are inherited from the Label
control.

The complete clipped policy-gradient token term is
L (0) =~- min{Pi,t(Q)Ki,t; Clip(Pi,t(Q); 1-n.,1+ U+)Ki,t} .

7o (Yiie | hit)
7Tu(}’i,t hi,t).
Here x, is the pre-update student, n_ and n, are the baseline policy-ratio clipping bounds, and

A = stopgrad(wg,A; ). The actor-side A;, uses the recomputed pre-update student log-probability.
Prompt and padding positions are excluded through the response mask; the Label baseline’s masking
and loss reduction are preserved. These implementation choices are shared in the matched comparison.
The response-token loss is averaged within each response and then across responses. This response-
level reduction differs from the token-pooled statistics used to estimate the scaling factors. The
policy-ratio clipping bounds are n_ =n, = 0.2. The additional scaling operation uses already available

scores and does not itself require another teacher forward pass.

pi:(0) =

For a nondegenerate domain whose ratio is not clipped, the scaled rollout signal has population
standard deviation Std(wgr) = o, on that batch. This identity concerns the measured rollout log-
ratios. It neither normalizes each domain to unit variance nor establishes equality of actor-side
gradients. Domain means are scaled rather than subtracted, and the positive factor preserves each
advantage’s sign. The lower and upper clips limit the adjustment when a scale ratio is extreme.

Relation to Open-MOPD. Open-MOPD (Gao et al., 2026) sets per-domain loss weights from a
running estimate of each domain’s mean reward magnitude, and reports that inverting this rule,
so that domains with smaller rewards receive larger weights, creates an unstable feedback loop.
DN-MOPD differs in three respects: it scales by the spread of the log-ratios rather than by their
mean magnitude, it recomputes the statistic on every batch instead of carrying a running estimate,
and it bounds each multiplier to [0.25, 4] rather than [0.05, 20]. All DN-MOPD runs reported here,
including the 160-update continuations and the two additional student seeds, completed training
and improved on Label.

28



Beyond Teacher Assignment: Domain-Normalized Multi-Teacher On-Policy Distillation

The implementation changes only the advantage computation of the Label training code; a reference
implementation, the corresponding training-code excerpts and the configurations are included in the
supplementary material.

D.2 Feedback measurements. Figure 4 (panel a) reports the ratio of each domain’s rollout log-ratio
standard deviation to the pooled standard deviation. Points are medians and whiskers are interquartile
ranges over the recorded batches of the DN-MOPD runs, which include their continuation beyond the
80-update endpoint: the logged batches run through updates 115, 131 and 160 at 9B, 4B and 2B
(134 batches at 4B, three of them repeats after a restart), while the multiplier traces in panel (c) run
through updates 125, 144 and 160. Domain statistics pool valid response tokens, so longer answers
contribute more observations than shorter ones.

The imbalance is present before normalization can affect the student. At the first update, DN-MOPD
samples from the same initial student as Label, so its first batch measures the feedback with which
Label training also starts. There, the spread ratios for mathematics, code and IF are 0.57, 1.13 and
4.41 at 9B, 0.50, 1.23 and 2.93 at 4B, and 0.48, 1.22 and 2.32 at 2B (Table D.1). The IF spread grows
during training, so the medians in Figure 4 (panel a) exceed these starting values, while mathematics
remains below the pooled spread throughout.

Figure 4 (panel b) reports DN-MOPD minus Label in each evaluation domain at 16K, computed from
the same six-task records as Tables 1 and 2. Figure 4 (panel c) uses the last recorded attempt for
each rollout identifier and plots the applied multiplier, together with the raw IF multiplier before
clipping. These traces include the training continuations; their archived endpoints are updates 125,
144 and 160 at 9B, 4B and 2B. The dashed vertical line marks the main 80-update endpoint. No
missing continuation values are extrapolated.

The batch summaries and trajectories describe the measured feedback signal. They show a correspon-
dence between mathematics amplification and mathematics gains, but the fixed-weight controls (App.
C.6) show that reducing IF alone produces most of the mathematics gain, so the correspondence
does not identify amplification as the cause. At 9B the code multiplier is also raised, yet code does
not improve at 16K (App. C.3), so amplification alone does not guarantee a domain gain. App. D.5
measures each domain’s contribution to the shared parameter update directly.

D.3 Scale imbalance, clipping and token composition. Table D.1 expands the feedback summary
with the raw multiplier, its applied value after clipping, and each domain’s share of response tokens.
Mathematics receives an increased multiplier across all three pools. IF has a much larger log-ratio
spread, so its multiplier often reaches the lower clipping bound. The clipping frequency therefore
matters when interpreting normalization: the applied rule limits IF feedback without fully equalizing
its spread.

The pooled variance includes both within-domain dispersion and differences in domain means. With
pa denoting a domain’s fraction of valid response tokens and p4 its mean log-ratio,

o = Z pa [03 + (1a — pan)?] -
a

Consequently, the common target scale depends on the batch’s domain composition as well as the
individual spreads. DN-MOPD multiplies the original advantages; it does not subtract domain means.
This also explains why the rule should not be interpreted as independent unit-variance normalization
of each domain.

IF contributes few response tokens because its answers are short. This does not imply that IF has a
negligible contribution to the training loss: token shares describe the scale estimator, whereas the loss
averages within responses before averaging across responses. Nor does the multiplier alone determine
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Table D.1 | Feedback scale, clipping and token composition. The first column is the spread ratio in the
first training batch, sampled from the same initial student as Label. The other columns are medians over
the recorded batches of the DN-MOPD runs, including their continuation beyond 80 updates (App. D.2); the
clipping column counts logged batches where the factor reaches a bound. Token share is the within-batch
fraction of valid response tokens.

Domain Update 0 o4/0,; Raw factor Applied factor Clipped Tokens (%)

Qwen3.5-9B
Math 0.57 0.65 1.54 1.54 0/115 48.9
Code 1.13 0.64 1.57 1.57 0/115 50.1
IF 4.41 7.37 0.14 0.25 115/115 0.9
Qwen3.5-4B
Math 0.50 0.49 2.03 2.03 0/134 46.9
Code 1.23 1.02 0.98 0.98 0/134 52.5
IF 2.93 6.68 0.15 0.25 99/134 0.7
Qwen3.5-2B
Math 0.48 0.49 2.06 2.06 0/160 46.4
Code 1.22 1.12 0.89 0.89 0/160 52.9
IF 2.32 5.85 0.17 0.25 135/160 0.6

the resulting gradient. The different code outcomes across sizes are a concrete reason to distinguish
feedback scaling from an established account of parameter-update interference; App. D.5 reports the
per-domain gradients at 4B.

D.4 What the controls establish. The Label comparison holds teacher identities fixed and changes
the scale applied to their feedback. Uniform pooling and Dynamic examine alternative teacher rules;
annealed injection retains Label assignments but adds an early imitation signal. Together these
comparisons support feedback scaling as a useful change to the tested Label recipe. The fixed-weight
controls (App. C.6) add that constant weights measured before training recover the benefit at 9B and
4B, while per-batch estimation adds to it at 2B. The experiments do not separately vary the clipping
bounds, domain proportions or the statistic used to estimate scale.

D.5 Sources of the pooled spread and of the update. IF answers are short, so IF contributes about
1% of the valid response tokens, but its large spread gives it 51%, 21% and 19% of the pooled log-ratio
variance at 9B, 4B and 2B; differences between domain means contribute about 1%. The imbalance
is not specific to DN-MOPD training. The seed-42 to seed-44 Label runs record, without applying,
the multiplier DN-MOPD would use; these stay near 1.5-1.9 for mathematics and 0.25-0.34 for IF
throughout training, with almost no variation across seeds.

To measure contributions to the shared update, we computed the gradient of each domain’s OPD loss
over all trainable parameters of the 4B student, with 32 prompts per domain, four sampled responses
each and the response-averaged reduction used in training. At the initial student, the IF gradient
norm is 5 to 15 times those of code and mathematics, and IF supplies 94% of the combined gradient
under equal weights. Under DN-MOPD'’s first-batch weights its share falls to 64%, while mathematics
and code rise from 1% and 5% to 16% and 20%. The IF gradient is also the least consistent: the
cosine between the gradients of two disjoint prompt halves is 0.41 for IF against 0.89 and 0.88 for
mathematics and code, and it falls to —0.07 at the Label checkpoint after 80 updates, where a few very
short IF answers carry most of the IF gradient. After training, IF dominates the combined gradient
under either weighting. Averaging the loss over tokens instead of responses does not remove the
imbalance at the initial student: IF would still supply 88% of the combined gradient under equal
weights and 45% under DN-MOPD’s first-batch weights. The residual feedback also differs after
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Table D.2 | Sources of the pooled spread. Token share and each domain's share of the pooled rollout log-ratio
variance (within-domain plus mean-difference terms), averaged over updates 0-79 of the DN-MOPD runs. The
last two columns give the multiplier DN-MOPD would apply, recorded but not applied during three Label runs
(range over seeds of the mean over updates 0-79), and the multiplier DN-MOPD applied.

Domain Tokens (%) Pooled variance (%) Would-be under Label Applied by DN-MOPD

Qwen3.5-9B
Math 48.4 20.8 1.49 1.59
Code 50.6 28.3 0.99-1.00 1.53
IF 1.0 50.9 0.25 0.25
Qwen3.5-4B
Math 47.2 10.9 1.91-1.93 2.15
Code 52.0 67.9 0.79 0.89
IF 0.8 21.2 0.34 0.28
Qwen3.5-2B
Math 46.5 10.3 1.76-1.78 2.18
Code 52.8 70.9 0.81 0.86
IF 0.7 18.8 0.31 0.28

training. On the probe answers, the standard deviation of the mathematics and code log-ratios falls
from 0.31 and 0.68 at initialization to 0.20 and 0.41 for Label after 80 updates, but to 0.07 and 0.12
for DN-MOPD; the IF values stay between 1.1 and 1.7. This is consistent with the DN-MOPD student
having absorbed more of the mathematics and code teachers’ feedback, so that little gradient remains
in these domains and IF stays dominant. These measurements are descriptive: they use one probe
set, gradients at policy ratio one without clipping or optimizer state, and they do not by themselves
establish the cause of the capability differences.

Table D.3 | Per-domain gradients of the OPD loss at 4B. Gradients over all trainable parameters for 32
prompts per domain and four sampled responses each, using the response-averaged loss of training. Split-
half cosine compares the gradients of two disjoint prompt halves. Shares are each domain's contribution
(wqgd, g)/lIgll? to the combined gradient g = 3, wqgq, under equal weights and under DN-MOPD's first-batch
weights (2.01 / 0.81 / 0.34). Descriptive, one probe set; a replicate draw preserves the ordering.

Domain  ||gq|| Split-half cos. Share, equal (%) Share, DN (%)

Initial student

Math 3.6 0.89 1 16

Code 10.6 0.88 5 20

IF 51.7 0.41 94 64
Label, 80 updates

Math 2.6 0.90 0 0

Code 10.2 0.70 0 1

IF 315.6 -0.07 100 99
DN-MOPD, 80 updates

Math 0.7 0.74 0 0

Code 2.4 0.57 0 0

IF 223.5 0.21 100 100
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E. Capability transfer and a boundary case

E.1 Capability transfer in Qwen3.5. Figure 3 compares each expert with the shared initialization
across evaluation domains. Every specialist improves its own domain at every size, while its effects on
other domains vary. Label nevertheless retains little of the mathematics specialist’s gain. Mathematics-
only OPD preserves much more of that gain under the same update budget, showing that the student
can learn from this teacher. The loss of transfer appears when its feedback is combined with the other
domains.

We measure retained mathematics gain as the student’s improvement over initialization divided
by the mathematics expert’s improvement over the same initialization. At 8K, DN-MOPD retains
61-90% of that gain across sizes, compared with 14-32% for Label. Table E.1 reports the absolute
mathematics gains at both caps with paired 95% intervals. At 16K, Label shows no mathematics gain
over initialization at any size and falls below it at 4B, whereas DN-MOPD improves mathematics
at every size. At 4B, neither the specialist nor math-only OPD gains separably at 16K, so retained
fractions are reported at 8K only. Using absolute gains alongside retained fractions avoids hiding this
loss behind an aggregate Total. The ratio is sensitive to the expert’s gain over initialization, so it is a
within-construction diagnostic rather than a scale-independent measure of distillation quality.

Table E.1 | Mathematics capability transferred from the expert. Mathematics gains over the shared
initialization (pp) with paired 95% question-bootstrap intervals. The single-teacher student learns only from
the mathematics expert. Students use 80 updates; all four gains in a row share the same initialization and
evaluation cap.

Size Math expert

Math-only OPD

Label

DN-MOPD

Evaluation cap: 16K
9B +4.45 [+2.55,+6.35]
4B +2.06 [-0.23,+4.53]
2B +4.58 [+2.47,+6.95]

Evaluation cap: 8K
OB +12.32 [+8.93,+15.76]
4B +12.86 [+9.24,+16.77]
2B +11.02 [+7.08,+15.13]

+4.09 [+2.16, +6.04]
+1.69 [-0.42, +3.91]
+4.51 [+2.45, +6.74]

+10.70 [+7.50, +14.04]
+11.74 [+8.12, +15.50]
+10.62 [+7.14, +14.32]

—0.86 [-2.42, +0.76]
-1.98 [-3.78, -0.18]
—0.60 [-1.88, +0.73]

+3.05 [+1.48, +4.66]
+1.82 [+0.08, +3.65]
+3.57 [+2.19, +5.08]

+3.12 [+1.20,+5.03]
+1.77 [+0.05,+3.65]
+3.12 [+1.25,+5.26]

+7.55 [+5.26, +9.95]
+9.24 [+6.25,+12.34]
+9.92 [+6.64, +13.44]

E.2 Earlier Qwen3-4B comparison. The earlier construction uses a Qwen3-4B student (Yang et al.,
2025), three same-base experts after 400 RL updates, and the 2,700-prompt domain mixture. Label
and DN-MOPD are compared at 160 student updates with seed 42 and a 16,384-token training
response cap. Their public evaluation uses the same six-suite averaging definition and a 16,384-token
response cap. This differs from the Qwen3.5 main comparison in model family, expert checkpoints,
training cap and training duration.

Table E.2 | Earlier Qwen3-4B boundary case. Domain means and six-task Total (%) at 160 updates and a
16K evaluation cap. Differences are DN-MOPD minus Label (pp), with paired 95% question-bootstrap intervals.
The intervals include zero for every domain and Total.

Metric Label DN-MOPD A (pp) 95% CI
Math  53.67 53.41 -0.26 [-1.35,+0.76]
Code 38.36 38.27 -0.08 [-1.32,+1.16]
IF 56.13 56.53 +0.40 [-0.19,+1.04]
Total  49.39 49.41 +0.02 [-0.56,+0.59]
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Label already transfers substantial mathematics capability in this construction, and DN-MOPD leaves
the mathematics signal near its original scale: the median applied multiplier is 1.00 for mathematics,
1.22 for code and 0.37 for IF (clipped in 29 of 172 logged batches), against 1.54-2.06 for mathematics
in the Qwen3.5 runs (Table D.1). The domain-resolved results show no clear improvement in
mathematics or code; the small IF increase is also uncertain. This supports a configuration-dependent
benefit, but model and protocol differences prevent treating the two constructions as a controlled test
of imbalance.
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