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Abstract

Per-token gating of forward/reverse KL losses
has become a standard technique for on-policy
knowledge distillation (OPD), but existing
methods such as EOPD (Jin et al., 2026) and
ToDi (Jung et al., 2025) each fix a single gating
signal and a single gating direction, and the
two have never been compared directly. We
introduce a four-coefficient parameterization
At =o(a-hy+b-u(x)+c+d-gap,) in which
direction-aligned proxies of EOPD and ToDi
appear as one-dimensional (1D) restrictions,
and which adds multi-channel composition and
an explicit bias as further degrees of freedom.
On TweetEval (Barbieri et al., 2020) emotion
and hate, with a Qwen3-32B teacher and a
Qwen3-4B student, configurations in the full
family reach higher accuracy than the matched-
magnitude single-channel (entropy-only / gap-
only) 1D restrictions in 33 of 36 comparable
cells, and a 26-cell mean-match isolation exper-
iment places dynamic gating ahead of effective-
KL-matched static baselines in 19 of 26 cells.
Because cells share training data, models, and
parameter substructure, we report both counts
as exploratory aggregate directional evidence
rather than as independent hypothesis tests. Tar-
geted three-seed paired replications of the nine
headline comparisons singled out by that sweep
— including a third task, offensive — are di-
rectionally consistent, but individually smaller
than the single-seed estimates and not signifi-
cant at n=3. We therefore present the parame-
terization primarily as a shared coordinate sys-
tem for comparing per-token gating designs in
short-output classification OPD.

1 Introduction

Knowledge distillation (KD) from large language
models (LLMs) to smaller student models typically
combines forward Kullback—Leibler (FKL) and re-
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verse KL (RKL) losses to balance two complemen-
tary objectives: FKL drives the student to cover the
teacher’s full output distribution (mode-covering),
while RKL drives mode-seeking on the teacher’s
high-probability regions (Kim and Rush, 2016; Gu
et al., 2024). The relative weighting of these two
losses — captured by a single scalar A € [0, 1] in
standard formulations — determines the student’s
distillation regime.

Recent work has argued that fixed ) is subopti-
mal and that per-token dynamic gating A; € [0, 1]
helps (Jin et al., 2026; Jung et al., 2025). The two
dominant approaches differ in their choice of gating
signal:

* EOPD (Jin et al., 2026) uses teacher entropy
h¢: high entropy tokens (where the teacher
is uncertain) receive more FKL weight to en-
courage student exploration.

* ToDi (Jung et al., 2025) uses teacher—student
disagreement (the log-ratio of teacher to stu-
dent probability, computed for every vocab-
ulary entry): entries on which the teacher
places more mass than the student receive
more FKL weight, raising the student’s proba-
bility there.

Both lines of work report improvements over
static baselines under their respective protocols,
but two questions remain: why per-token gating
helps, and which signal is preferable for a given
task. Since each fixes a single signal and a single
gating direction, it has not been tested whether
their improvements come from the signal choice,
from gating in general, or from hyperparameter
tuning — and the two cannot be compared directly,
as they operate in different parameter subspaces
with different conventions.

A unified analysis framework. Rather than
proposing a new gating method, we introduce a
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parametric family that turns the choice between
EOPD, ToDi, and their variants from a discrete
method selection into a continuous point in a shared
parameter space:

M=c(a h+b-u(x)+c+d- gap,), (1)

where h; is the per-token normalized teacher en-

tropy, u(x) is the per-sample prompt-level teacher

entropy, gap; = 1 — psmdem(yieacm'mpl) is the

per-token teacher—student disagreement, and c is
a bias term. The per-token mixture is £(t) =
AtERKL(t) + (1 - )\t),CFKL(t).

Under this parameterization, direction-aligned
proxies of the prior methods appear as 1D restric-
tions:

* EOPD corresponds to (—/3,0,0,0) — only
token-level entropy, no bias, with the sign re-
versed by the original “high entropy — more
FKL” semantics.

» ToDi corresponds to (0,0,0,—3) — only
teacher—student disagreement, no bias. The
sign is negative because ToDi’s weight mul-
tiplies FKL whereas our A\; multiplies RKL
(Section 3.3).

As we detail in Section 3.3, these 1D restrictions
are structurally aligned proxies for the original
methods within our convex-mixture family, not
faithful reproductions of the published algorithms;
all comparisons in this paper should be read accord-

ingly.

What this framework enables. Our central con-
tribution is this unified parameterization. It re-
frames two prior questions as questions about
points in a shared parameter space:

1. Which signal helps which task? The frame-
work exposes four signal coefficients indepen-
dently, so the grid analysis in Section 4 can
ask whether different tasks prefer different
channels rather than assuming one gating sig-
nal a priori. Single-restriction methods cannot
represent this trade-off.

2. Do dynamic gates contribute beyond what a
constant \ captures? The framework allows
a clean isolation protocol — training a static
baseline at the emergent effective KL ratio of
each dynamic configuration — to disentangle
dynamic structure from average KL weight-
ing. Section 4.5 reports this 26-cell isolation
experiment.

Empirical contributions. We instantiate the
framework with student Qwen3-4B and teacher
Qwen3-32B (Qwen Team, 2025) and evaluate on
TweetEval emotion (4-way classification, niest =
1421) and hate (binary, n¢est = 2970) (Barbieri
et al., 2020), plus a third task, offensive (binary,
Ntest = 860), added for seed-robustness replica-
tion (Section 6). Our sweeps span 13 OPD config-
urations per task across the (a, b, ¢, d) space (Sec-
tion 4: G1-G5, H1—Hy, HG 442 +4), each com-
pared against the aligned single-coefficient restric-
tions corresponding to ToDi and EOPD at the same
signal magnitude.

Three findings emerge:

Finding 1 — Structural coverage. Hate’s best
configuration in the sweep, G4 = (0,4, —1,0),
uses the u(x) channel, structurally absent in both
ToDi and EOPD. Across the 26 (config x task)
cells the two restrictions give 52 potential compar-
1sons, of which 10 are ToDi-N/A and 6 are EOPD-
N/A — configurations a matched-magnitude re-
striction cannot represent by construction — leav-
ing the 36 comparable cells used below. The pa-
rameterization strictly extends the union of the two
1D restrictions.

Finding 2 — Aggregate directional advantage
at matched magnitude. Across the 36 comparable
cells (emotion 20 + hate 16), the full family beats
the matched 1D restriction in 33 cells (91.7 %),
with one unfavorable cell outside the sampling-
SE reference band that Section 4.4 identifies as a
granularity mismatch. Because cells share data,
models, and parameter substructure, we report this
count as exploratory aggregate directional evidence
and attach no significance to individual gaps.

Finding 3 — The aggregate gain is not ex-
plained by the effective KL ratio. In 26 isolation
experiments against mean-matched static baselines
sharing the same effective KL ratio (Section 4.5),
dynamic gating is ahead in 19 of 26 configurations,
none below the negative 10 sampling-SE reference
band — so the per-token structure appears to carry
information a constant A at the same ratio does not.

Section 6 then quantifies how much of the per-
cell magnitude is seed noise: nine headline compar-
isons singled out by the single-seed sweep, span-
ning both axes and all three tasks, were re-run with
three seeds on both sides. All three-seed means
are smaller than the single-seed estimates, eight
of nine remain directionally positive, and none is
individually significant at n=3; we consequently
state all empirical claims at the group level.



2 Related Work

We organize prior work along three threads: (i)
KD losses with mixed forward/reverse KL, (ii) per-
token gating methods (the most direct compara-
tors), and (iii) on-policy distillation infrastructure.
The two comparators come from different training
regimes: EOPD is defined inside the on-policy dis-
tillation framework of Agarwal et al. (2024) (sum-
marized in Appendix A), whereas ToDi was pro-
posed for offline distillation on a fixed instruction-
tuning corpus.

2.1 Mixed FKL/RKL Distillation

Sequence-level distillation (Kim and Rush, 2016)
extended KD to autoregressive sequence mod-
els by training the student on teacher-generated
sequences, with most subsequent work using
forward KL Dy, (pteacheerstudent) — a mode-
covering objective. MiniLLM (Gu et al., 2024)
noted that mode-covering produces high-quality
but generic outputs and proposed reverse KL
Dx1,(Pstudent|| Preacher) @s a mode-seeking alterna-
tive for instruction-following. A common practi-
cal compromise is a fixed mixture £ = ALgkr, +
(1 —X)Lpkr,, with A a hyperparameter — typically
0.5. Adaptive variants have been explored at the
sequence or batch level using moving statistics of
teacher—student divergence; such schemes operate
at sample granularity and do not exploit per-token
signals.

2.2 Per-Token Gating: EOPD and ToDi

EOPD (Jin et al., 2026) introduced an entropy-
driven per-token gating mechanism: a hard switch
on teacher entropy,

LEOPD — £OPD o o T[H® > 7]- LrkL(t), (2)

where H/® is the teacher’s unnormalized token-
level entropy over the vocabulary, and tokens on
which the teacher is uncertain receive an additional
FKL term that preserves the teacher’s distributional
diversity; the original work uses 7 = 0.8 and o =
1. The structure is additive rather than convex, and
the gating signal is teacher entropy alone. Our h;
(Section 3) is a bounded top-K analogue of H!®,
normalized to [0, 1].

ToDi (Jung et al., 2025) introduced a convex
mixture whose weight is computed per vocabulary
entry v; from the teacher—student log-ratio:

ari = sg|o (8- log 2= | )

96 (vily <t,X)

with Dgf;%i ozt,iDgféi + (1 - at,i)Dgi?L

summed over positions and vocabulary entries.
ToDi targets a different mechanism: entries where
the teacher places more mass than the student
(p > qp) receive more FKL, raising the student’s
probability there, while over-estimated entries re-
ceive more RKL. Its signal, teacher—student dis-
agreement, is closely related to our gap, — both
grow as the student under-estimates a token the
teacher favours — but enters with the opposite
sign, since oy ; multiplies FKL whereas \; multi-
plies RKL.

Direct empirical comparison between EOPD
and ToDi has not been reported: they operate in
different parameter subspaces (entropy vs. disagree-
ment), use different scaling conventions, and were
evaluated on different datasets, models and metrics.
Our framework (Section 3) places direction-aligned
proxies of both inside one four-coefficient fam-
ily, enabling a controlled comparison at matched
magnitude: EOPD maps to (—/, 0,0, 0) and ToDi
to (0,0,0, —/3), both negative because each prior
method routes its signal towards FKL whereas \;
weights RKL. Section 5 reports the 26-cell compar-
ison and documents where the proxies depart from
the published algorithms.

3 Method: Parametric Family and
Aligned Restrictions of Prior Methods

3.1 Parametric Family

Our family is the four-coefficient parameteriza-
tion of per-token Lrkr/Lrky, mixing (Equation 1).
The three input signals are: token-level teacher
entropy h; € [0, 1] (normalized entropy of the
teacher’s top-K predictions at token ¢; high h;
indicates the teacher is uncertain); sample-level
prompt entropy u(z) € [0, 1] (teacher entropy
on the first decoded token after the prompt, com-
puted once per sample); and teacher-student dis-
_ teacher-topl

agreement gap;, = 1—pgudent (Y; ) €10,1]
(probability mass the student assigns to a token
other than the teacher’s top-1 prediction). All three
signals are non-negative and signed consistently:
a larger value means “the student needs to learn
more teacher mode at this token / sample.”

3.2 Coefficient Patterns Observed in the
Sweep

Two recurring patterns and one task-dependent ob-
servation emerge from the Section 4 sweep. All
three are descriptive summaries of a single-seed



sweep on two tasks, and Section 6 shows that indi-
vidual cell magnitudes are seed-sensitive, so none
should be read as an established rule.

Pattern 1: ¢ < 0 (negative bias). The best
configuration on each task uses ¢ = —1, while the
unbiased G = (2, 2,0, 0) is behind on both. Neg-
ative bias shifts the prior on \; below 0.5, favoring
Lrk1, on indifferent tokens; the effect is clear on
hate and within noise on emotion (Section 4.2).

Pattern 2: (a, b) asymmetry. The best configu-
ration on each task zeroes one of a, b and amplifies
the other (G4 on hate, G5 on emotion), with the
symmetric all-on baselines G5, G3 behind both —
consistent with sigmoid saturation, since |a|+ || in
the same direction saturates the gate and loses dis-
criminative power. As with Pattern 1, the emotion
side of this contrast lies within the sampling-SE
reference band.

Observation: the d direction is task-
dependent. The gap signal can be same-sign as
the abc signal (reverse-gap, more RKL on disagree-
ment tokens) or opposite (forward-gap, more FKL).
Both directions improved a weak abc baseline in
this sweep, whereas stacking d on the task-best
abc helped only when granularities matched (Sec-
tions 4.3-4.4).

3.3 Aligned 1D Restrictions of Prior Methods

Our family contains two single-coefficient restric-
tions isolating the signals used by ToDi and EOPD.
We name them by the channel retained — gap-only
(0,0,0,d) and entropy-only (—a, 0,0, 0) — rather
than by method name, since only one sign branch
of the former matches the published method.

gap-only restriction and ToDi’s direction.
ToDi’s log-ratio signal and our prob-diff gap,
grow together (both increase as the student under-
estimates a token the teacher favours), but ToDi’s
weight multiplies FKL while A; multiplies RKL.
Translating Equation 3 into our convention gives
M =1—a = o(—plog(p/q)), so within our
family ToDi’s gating direction is

[(a,b,¢,d) = (0,0,0, —B)

, B>0. @&

Our gap-only restriction (0, 0, 0, d) therefore repro-
duces ToDi’s direction when d < 0 and reverses
it when d > 0; the sweep contains both branches,
as each restriction matches the sign of its paired
configuration. Even for d < 0 it is a structural
analogue rather than a reproduction; Section 5.2
enumerates the differences.

entropy-only restriction and EOPD’s direction.
EOPD is additive (OPD plus a conditional FKL
add-on, Equation 2), while our family uses a convex
mixture, so we do not reproduce the additive form.
Instead we use a convex relaxation that preserves
the qualitative behavior “high h; — more FKL”.
Every entropy-only run in our sweep sets the bias
to zero, so the restriction is

)\fntropy—only _ U(—ﬁht), ie. 7

)
with § € {2,4,8}: high h; drives \; towards 0
(FKL-heavy), matching EOPD’s direction. Two
caveats follow. With zero bias the gate is monotone
and soft, anchored at \; = 0.5 for hy = 0 and
bounded above by it; EOPD’s hard threshold would
need a positive bias ¢ = 7, since o(7 — Shy) —
I[hy < 7/B] as B — oo only for 7 > 0, and we
did not sweep 7. The negative sign on a is fixed
by EOPD’s “high entropy — FKL” semantics, so
— unlike the gap channel — every entropy-only
restriction in our sweep lies on EOPD’s side of the
sign convention.

What the comparison does and does not test.
The empirical comparison in Section 5 tests a
structural claim inside a single implementation:
multi-coefficient combinations outperform single-
coefficient 1D restrictions of the same family at
matched signal magnitude. The parameterization
makes the design space explicit: the gap-only
restriction is (0,0,0,d) (ToDi’s direction being
d < 0), the entropy-only restriction is (—a, 0, 0, 0),
and both fix ¢ = 0; our family exposes multi-
channel composition and explicit bias as additional
degrees of freedom. It is not a reproduction of the
published EOPD or ToDi systems, and results here
should not be read as a ranking of those systems
(Section 5.2).

4 Main Results: Grid Analysis

We instantiate the (a, b, ¢, d) family with student
Qwen3-4B and teacher Qwen3-32B and evaluate
on TweetEval held-out evaluation splits: emotion
(4-way classification, n = 1421) and hate (bi-
nary, n = 2970). Training: 100 steps (emotion) /
200 steps (hate), batch size 72, learning rate 1076,
ZMQ-based on-policy distillation. All accuracy
values reported in this section come from a sin-
gle seed per configuration; Section 6 replicates the
headline comparisons with three seeds.



Configuration sweep protocol. The (a,b,c,d)
grid (13 configurations per task) was chosen prior
to evaluating any specific configuration on the held-
out split; the same configurations are used in this
section’s family analysis and in Section 5’s com-
parison against aligned restrictions. Reported ag-
gregate statistics (win-rate counts) treat each con-
figuration as a unit but do not assume that configu-
rations are statistically independent (Section 5).

4.1 Grid Design

We explore the (a, b, ¢, d) space along three axes:

e abc grid (5 configs with d = 0): G; =
(2,2,0,0), Gy = (4,4,—15,0), G3 =
(8,8,-3,0), G4 = (0,4,—-1,0), G5 =
(4,0,—1,0). Varies the balance between the
sample (u(x)) and token (h;) channels at three
magnitudes plus two single-channel configu-
rations.

* d on a weak baseline (H family) (4 configs
with d € {£2, +4} stacked on Ga): H1—Hy.
Tests whether the gap, channel improves a
non-saturated abc baseline.

e d on the task-best abc (HG fam-
ily) (4 configs each): emotion
HG5,d:|:2,:i:4 = (4, 0, —1, :l:d) on the

G5 base; hate HG4,d:ﬁ:2,:{:4 = (0, 4, —1, :|:d)
on the G4 base.

In total: 13 OPD configurations per task = 26 (con-
fig x task) cells.

4.2 abc Grid: Task-Dependent on Hate, Flat
on Emotion

Figure 1 shows the abc grid accuracy on both
tasks. On hate, the sweep selects G4 = (0,4, —1):
sample-level u(z) only, with negative bias (ACC
= 0.5586). The accuracy range across the grid is
3.64pp., i.e. 40 against a heuristic test-set sampling-
SE reference band (o0 = binomial SE of a sin-
gle model’s accuracy at n = 2970; it is not the
SE of a paired difference, and it ignores training-
seed variability, so we use it only as an order-of-
magnitude reference). On emotion, the sweep se-
lects G5 = (4,0,—1): token-level h; only, with
negative bias (ACC = 0.7748) — but the entire
grid spans only 0.56pp (= 0.50 at n = 1421).
The two selected configurations are coordinate
swaps (G4: a = 0,b = 4; G5: a = 4,b = 0)
with identical ¢ = —1. We nevertheless claim

abc grid: hate spans 3.64pp (= 40, best G4); emotion spans 0.56pp (= 0.50, within noise)

Hate (n=2970)

Emotion (n=1421)

G5 highest (within noise)

Accuracy

07731 07731 ‘Gl

-~ EO0 (A=0.5) --- E0(A=0.5)

Gl G2 G3 G4 G5 Gl G2 G3 G4 G5
(2,2,0) (4,4,-1.5)(8,8,-3) (0,4,-1) (4,0,-1) (2,2,0) (4,4,-1.5)(8,8,-3) (0,4,-1) (4,0,-1)

Figure 1: abc grid accuracy. The hate-best G4 =
(0,4, —1) and emotion-best G5 = (4,0, —1) are coordi-
nate swaps with identical ¢ = —1. The hate grid spans
3.64pp (= 40); the emotion grid spans 0.56pp (= 0.50),
i.e. the emotion ordering is inside the sampling-SE ref-
erence band and we draw no channel preference from it.

Avs Gy (pp) d=+2 d=+4 d=-2 d=—4

+3.27 +1.89 +1.35 +1.45
+0.63 +1.55 +042 +1.41

Hate
Emotion

Table 1: Adding d to the weak G5 baseline: positive in
8/8 settings of this single-seed sweep; max +3.27pp on
hate.

no task-conditional channel preference on emo-
tion: with the whole emotion grid inside 0.50, the
emotion-best cell is indistinguishable from noise
and the symmetry is a descriptive coincidence of
this sweep. Only the narrower statement is sup-
ported: on hate, the configuration putting all weight
on u(x) was strongest, over a range exceeding the
sampling band. Establishing a task-conditional
preference would need multi-seed replication of
the full grid, which we did not run (Limitations).

4.3 don G (Weak Baseline)

Adding d to the weak G baseline improved ac-
curacy in all 8 settings of this sweep (Table 1).
We read this as the gap, channel being beneficial
across the settings we tested on a non-saturated
baseline; with two tasks, one seed, and one base
configuration, it does not establish that the channel
is universally informative.

4.4 d on the Task-Best abc:
Granularity-Conditional

On emotion, adding d to the token-best G5 pro-
duces HG5 444 = 0.7868 (the highest emotion
cell in the sweep), consistent with matched gran-
ularity (token-level abc plus token-level gap). On
hate, adding d to the sample-best G4 degrades per-
formance in all four settings: G4’s gating decision
is per-sample (all tokens of a response share one ),
so injecting a per-token gap, creates a granularity



mismatch (Figure 5 in Appendix C). This mismatch
interpretation is the one place where the sweep
produces a cell outside the sampling-SE reference
band in the unfavorable direction (Section 5.4); un-
der three-seed replication that cell shrinks to within
noise (Section 6), so the mechanism should be re-
garded as a hypothesis rather than a demonstrated
effect.

4.5 Dynamic vs. Mean-Matched Static
(Isolation)

For each of the 13 OPD configurations x 2 tasks
= 26 dynamic runs, we compute the emergent
training-time A\; mean and train a static baseline
with rkl_ratio = E[)\;] on the same task. This
controls for the trivial explanation that dynamic
gains arise from a different effective KL ratio rather
than from per-token signal exploitation.

Directional summary: 19/26 cells positive,
with no cell below the —10 sampling-SE reference
band (Figure 2). Cells share data and substruc-
ture across configurations, so we treat this as an
aggregate directional summary rather than a set of
independent tests. Section 6 replicates the highest-
accuracy configuration per task on this axis with
three seeds: hate G4 (which is also the largest A)
and emotion H G 444 (whose largest-A cell is in-
stead H»).

5 Comparison with Aligned 1D
Restrictions of Prior Methods

5.1 Setup

For each of the 13 OPD configurations from Sec-
tion 4, we compute the corresponding gap-only
and entropy-only restriction within our framework
(Section 3.3):

* gap-only: replace (a, b, ¢, d) with (0,0,0, d)
— retain only the gap, coefficient at the same
magnitude and sign.

* entropy-only:  replace (a,b,c,d) with
(—a,0,0,0) — retain only the h; coefficient,
sign reversed by EOPD’s “high entropy —
FKL” semantics.

Configurations where the aligned restriction is de-
generate are marked N/A: ToDi-N/A when d = 0;
EOPD-N/A when a = 0. N/A entries are not
missing data — they are configurations that the
matched-magnitude restriction cannot represent by
construction.

All runs share an identical training setup. The 13
rows for our family reuse the Section 4 accuracies;
the gap-only and entropy-only cells are separately
trained and evaluated.

5.2 What the aligned restrictions do not
capture

Because this section is the paper’s main head-
to-head evidence, we state its scope precisely.
The comparison is between points of one convex-
mixture implementation, and the restrictions differ
from the published methods in five documented
ways: (i) the gap-only restriction uses the prob-diff
gap gap, on the teacher’s top-1 token instead of
ToDi’s log-ratio gate over the whole vocabulary,
so it collapses a per-entry weight to one scalar per
position; (ii) it omits ToDi’s stop-gradient on the
gate, so gradients flow through the gating signal;
(>iii) only its d < 0 branch matches ToDi’s gat-
ing direction (Section 3.3); the d > 0 cells are
the sign-reversed variant, retained because each
restriction is matched to the sign of the configura-
tion it is paired with; (iv) the entropy-only restric-
tion replaces EOPD’s additive hard switch with
a convex sigmoid relaxation, which changes how
the FKL term enters the loss, not only when, and
drops EOPD’s coefficient «; (v) neither restric-
tion uses the 3, 7 or « tuned in the original pa-
pers — the magnitude is instead matched to the
configuration under comparison. Consequently, re-
sults below support statements of the form “the
multi-coefficient family outperforms the entropy-
only and gap-only 1D restrictions within this family
under matched magnitude,” and not “our method
outperforms EOPD or ToDi.” We make no claim
about the published systems’ peak performance.

5.3 Emotion

Across the 8 cells comparable to the gap-only
restriction, our family leads in 8/8 with mean
A = 41.09pp; across the 12 cells comparable
to the entropy-only restriction, it leads in 11/12
with mean A = +40.74pp. Total: 19/20 cells
(95%). The single cell in the other direction is
Gs = (8,8,-3,0) vs. entropy —only(—8,0,0,0)
at A = —0.56pp (0.360, within the reference
band).

5.4 Hate

Across the 8 cells comparable to the gap-only
restriction, our family leads in 6/8 with mean
A = +0.35pp; the one cell outside the reference



Dynamic vs Mean-Matched Static (26 configs, 19 positive; none below the —1o0 sampling-SE reference band)

Hate: 10/13 positive, none below —10

G4 +3.84
H4 A
HG4,d-2 1
H2 A
HG4,d—4
H1 A

G1 1

G3 1
HG4,d+2 1
H3 A

G5 1

G2 1
HG4,d+4 4

+10(0.91pp)

-2 -1 0 1 2 3 4 5
Adynamic (pp)

Emotion: 9/13 positive, none below —1o

H2 +2.12
HG5,d+4
H4 A

H1 A

G4 A
HG5,d—4 1
G5 A

G2 A

G1 A
HG5,d-2 4
G3
HG5,d+2 1
H3 A

+10 (1.11pp)

-1 0 1 2
Adynamic (pp)

Figure 2: Dynamic OPD vs. mean-matched static across 26 (config x task) cells. No configuration falls below the
negative 1o band and 19 of 26 cells lean positive; the cells are correlated (see the footnote in Section 5). Three cells
stand out in this single-seed sweep: hate G4 = +3.84pp, hate H4 = +2.59pp, emotion Hy = +2.12pp; the hate
G cell is +1.43 & 3.09pp under three-seed replication (Table 2). Gray bands denote £1¢ fest-set sampling SE —
not across-seed variability, which is separately quantified in Section 6.

Emotion: Ours vs matched single-channel 1D restrictions; Ours leads in 19/20 comparable cells

E0 (A=0.5)
0.795 1 mm ours
mm gap-only (0,0,0,d)
0.790 - mmm entropy-only (—a, 0,0, 0)
ZZ1 N/A (cannot represent)
0.785 1
>
19}
£ 0.780 -
j=)
o
2
0.775 4
0.770 4
0.765 1
0.760 -

oY or o> o e o>

HG5_d4 = 0.7868
(highest Ours emotion, 1 seed)

X b P

w & & &
‘506 ! 6063 ! ‘606 !

s

@b 6,\,'1»
@&

Figure 3: Emotion: our family vs. the matched single-channel 1D restrictions, leading in 19 of 20 comparable
cells. N/A bars omitted. Highest emotion cell: HG’5 444 = 0.7868 (single seed; 0.7762 % 0.92pp over three seeds,

Section 6).

band in the unfavorable direction is HGy 412 Vs.
gap — only(+2) at —1.78pp, which Section 4.4
attributes to a granularity mismatch (H Gy stacks
a token-level d on a sample-level b). Across the
8 cells comparable to the entropy-only restriction,
our family leads in 8/8 with mean A = +2.18pp.

5.5 Findings

Before the cell-wise findings, one aggregate check:
when each side picks its strongest configuration in

the explored range, our family still leads on both
tasks (Table 4, Appendix C); we do not quantify
that lead, since a genuine best-vs-best comparison
would sweep magnitudes more widely per restric-
tion and replicate across seeds (Limitations).

Finding 1 — Structural coverage. The 26
(config x task) cells yield 52 potential compar-
isons. ToDi-N/A occurs in 10 (G1—G5 on both
tasks, d = 0) and EOPD-N/A in 6 (G4 on both



Hate: Ours vs matched single-channel 1D restrictions (entropy-only / gap-only)
Ours leads in 14/16 cells (33/36 across emotion+hate); single-seed per-cell gaps; see Sec. 6 for 3-seed replication
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Figure 4: Hate: our family vs. the matched single-channel 1D restrictions, leading in 14 of 16 comparable cells. The
largest single-seed gap (H; vs. entropy-only(—4), +4.21pp) shrinks to +1.73 4 2.18pp over three seeds (Section 6).

tasks plus Gy . on hate, all with a = 0), leav-
ing 52 — 10 — 6 = 36 comparable cells (emo-
tion 20 + hate 16). Hate’s strongest configuration
G4 = (0,4, —1,0) uses the u(x) channel and is
N/A for both restrictions. N/A marks a property
of the matched-magnitude comparison rule, not a
coverage gap of the published method itself.

Finding 2 — Aggregate directional advan-
tage. Across the 36 comparable cells, our fam-
ily leads the matched 1D restriction in 33 cells
(91.7%). Three single-cell losses are observed;
only HGYy 442 vs. gap—only(+2) on hate falls out-
side the reference band, and Section 4.4 attributes it
to a granularity mismatch within our family.! Sec-
tion 6 shows that the magnitudes of individual cells
in this count are not stable across seeds, which is
why we report the count and not the per-cell gaps.

Finding 3 — Multi-coefficient combinations
are where the largest sweep gains occur. Single-
channel restrictions (the G family with d = 0)
match or marginally exceed the corresponding 1D
restrictions but do not reach the strongest cells of
our family; only multi-coefficient configurations
(H, HG5) attain both the family-internal best accu-
racy and the largest A over the aligned restrictions.
Together with the 26-cell isolation of Section 4.5,
the aggregate direction is positive in both compar-
isons.

!Cells share training data, the same student/teacher pair,
and overlapping configuration substructure (the H and HG
families share the G2 or G5 base), so we treat these counts
as aggregate directional evidence rather than independent hy-
pothesis tests.

6 Seed Robustness and a Third Task

The sweeps above use one seed per run, which sup-
ports aggregate directional counts but not claims
about individual cell gaps. To quantify this, we
selected — after inspecting the single-seed sweep,
and fixed before running any additional seed — the
headline comparisons it singles out along both axes,
and replicated each with three seeds (42, 2, 3), re-
training both sides so every gap is paired within
seed. We also added a third task, TweetEval offen-
sive (binary, ntest = 860), trained with the iden-
tical protocol (200 steps, same batch size, learn-
ing rate, and teacher/student pair), and applied the
same three-seed replication there.

Third task. On offensive, a single-seed sweep
of the same family selects Go = (4,4,—1.5,0)
as the strongest d = 0 configuration and H; =
(4,4,—1.5,42) as the strongest overall — the
same H family that is strongest on hate. We
replicate three restriction-axis comparisons (H;
and G4 against entropy-only(—4), H; against gap-
only(+2)) and one isolation-axis comparison (H
against its mean-matched static baseline at A\ =
0.574).

Results. Table 2 reports all nine replications.
Two observations follow.

First, every three-seed mean is smaller in mag-
nitude than its single-seed estimate, by a factor
of roughly 1.5-3.1: the single-seed point estimates
were optimistic, and we adopt the three-seed means
as the more reliable effect sizes. No comparison is



Axis Task Comparison 1-seed A 3-seed A (mean & SD) 95% CI P
hate H, vs. entropy-only(—4) +4.21 +1.73 £2.18 [-3.69,47.15] 0.30
hate HGy4,q+2 vs. gap-only(+2) —1.78 —0.72 £ 0.92 [-3.00,+1.57] 0.31
Restriction ~ emotion ~ HG5 g4+4 vs. entropy-only(—4)  +1.97 +0.63 £1.27 [—2.52,+3.79] 0.48
(Section5)  offensive H, vs. entropy-only(—4) +2.33 +0.85 £+ 1.52 [—2.91,+4.62] 043
offensive H, vs. gap-only(+2) +1.40 +0.93 +£1.13 [-1.86,4+3.73] 0.29
offensive G vs. entropy-only(—4) +1.40 +0.78 £ 1.08 [-1.91,+3.46] 0.34
Iolation hate Ga vs. static \=0.556 +3.84 +1.43 £ 3.09 [—6.24,+9.09]  0.51
(Section 4.5) emotion HG'5,4+4 vs. static A=0.388 +1.41 +0.47 £ 0.83 [—1.58,42.52] 0.43
offensive H, vs. static A=0.574 +2.33 +1.28+1.91 [—3.48,46.04] 0.37

Table 2: Three-seed paired replication of the nine headline comparisons, on both evaluation axes and three tasks.
Gaps are in percentage points of accuracy and paired within seed (both sides retrained per seed, seeds 42/2/3);
p from a two-sided paired ¢-test with n = 3; Cls are ¢-based and necessarily wide at n = 3, and are reported
as uncertainty summaries rather than confirmatory tests. Every three-seed mean is smaller in magnitude than
its single-seed counterpart; eight of nine remain directionally positive; none is individually significant. Per-seed

accuracies are in Appendix B.

significant at n = 3 (p € [0.29, 0.51]), as expected
given across-seed SDs of 0.2-1.8pp on splits of
860-2970 examples; we therefore make no per-cell
significance claims anywhere in this paper.

Second, eight of the nine replicated gaps re-
main directionally positive, on both axes and
on all three tasks, including the newly added of-
fensive task. The one negative entry is the hate
HGy g4 cell that Section 4.4 flagged as a granu-
larity mismatch, and it shrinks from —1.78pp to
—0.7240.92pp — i.e. the single documented coun-
terexample in the sweep also moves inside the ref-
erence band, so we no longer describe it as a mean-
ingful reversal.

Two distinct sources of uncertainty. The refer-
ence bands in Sections 4-5 are fest-set sampling
SEs (0 ~ 1.1pp on emotion, 0.9pp on hate, 1.45pp
on offensive), i.e. how far a fixed model’s mea-
sured accuracy can move on a finite split. Across-
seed training variability is a separate quantity that
the three-seed runs let us estimate for the first
time (Appendix B): 0.2-1.8pp. Notably the mean-
matched static baselines are far more seed-stable
(SD = 0.20pp on emotion and offensive) than the
dynamic configurations (0.9-1.8pp): per-token gat-
ing amplifies sensitivity to initialization and data
order. The +10 bands in Figure 2 are therefore
heuristic references for a single model’s accuracy,
not confidence intervals for the plotted differences.

What this implies for the aggregate counts.
The nine replications are directionally consistent
with the 33/36 and 19/26 counts but do not inde-
pendently validate them: the counts remain sum-
maries of correlated single-seed sweeps, and multi-

seed replication of the full grid was beyond our
compute budget. The paper’s empirical claim is
therefore the group-level one: within short-output
classification OPD on a single Qwen3-32B/4B pair,
multi-coefficient per-token gating is directionally
ahead of both the matched 1D restrictions and the
effective-KL-matched static baselines, with head-
line magnitudes of roughly 0.5-1.7pp and wide
uncertainty.

7 Conclusion

We introduced a four-coefficient parametric family
At = o(ahy + bu(z) + ¢ + dgap,) for per-token
KL gating in on-policy distillation, and showed
that direction-aligned proxies of EOPD and ToDi
are single-channel points inside it. The parame-
terization supports three contributions: (i) a con-
trolled comparison of two previously incomparable
gating designs at matched magnitude inside one
implementation, where the full family leads the
matched 1D restriction in 33 of 36 cells, with head-
line magnitudes of roughly 0.5-1.7pp and wide
intervals over three seeds; (ii) multi-coefficient com-
position extending the union of the two restrictions
— hate’s strongest configuration uses the u(z) chan-
nel, which neither proxy can express; and (iii) an
isolation protocol training a static baseline at each
configuration’s emergent effective KL ratio, under
which dynamic gating leads in 19 of 26 cells and
the three per-task headline pairs stay positive across
seeds. All conclusions are scoped to short-output
classification OPD with one Qwen3-32B/4B pair
and stated at the group level; the family is a coor-
dinate system for comparing gating designs, not a
turnkey method.



Limitations

Per-cell effects are not established; only group-
level direction is. The 13-configuration grid, its
aligned restrictions, and the 26-cell mean-match
isolation were each run with a single seed. We
replicated the nine headline comparisons that this
sweep singles out with three seeds on both sides
(Section 6); all three-seed means came out smaller
than the single-seed estimates and none was sig-
nificant at n = 3 (p > 0.29). We therefore make
no claim about any individual configuration’s ad-
vantage, including the largest gaps in the sweep,
and the aggregate counts (33/36, 19/26) should be
read as exploratory summaries of correlated sweeps
rather than as statistical tests. A full multi-seed
replication of the grid was outside our compute
budget and remains the most important missing
piece of evidence.

Aligned restrictions are proxies, not reproduc-
tions. Our comparators are 1D restrictions inside
our own convex-mixture implementation. As enu-
merated in Section 5.2, the gap-only restriction
substitutes a prob-diff gap for ToDi’s log-ratio gate
and drops its stop-gradient, and the entropy-only
restriction replaces EOPD’s additive hard switch
with a convex relaxation; neither uses the 3 tuned
in the original work. Results support claims about
restrictions of our family under matched magnitude,
not about the published systems.

Matched magnitude rather than best-tuned £.
Matching signal magnitude is a deliberate control
that isolates gating structure from the confound
of differing average FKL/RKL ratios, in the same
spirit as the mean-matched static baseline. It does
not answer the complementary question of how the
family compares to each prior design at its own
best-tuned 3 over a wide range. Table 4 gives only
a partial best-observed view inside our existing
sweep.

Task and model scope. All three tasks are
short-text, short-output classification (responses of
1-3 tokens) from TweetEval, with a single Qwen3-
32B/4B teacher—student pair. We chose this regime
deliberately: with responses of 1-3 tokens, classi-
cal exposure-bias arguments for per-token gating
(long-horizon train/test drift) are minimal, so a gain
must come from token-level signal selection. But
the regime is also narrow. Long-form generation,
instruction following, and reasoning — where per-
token dynamics, sequence length, and reward struc-
ture differ substantially — are outside the scope of
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this paper, as are other architectures and scales; we
make no claims about them, and our conclusions
should not be extrapolated to those settings.

Coefficient selection requires a grid search.
The family is a linear combination of signals used
by prior work, and we select (a, b, ¢, d) by manual
design plus grid search, with no principled auto-
matic criterion and no theory predicting which coef-
ficients a task will prefer. This limits practical use:
the parameterization is best viewed as a shared co-
ordinate system for analysis and comparison rather
than as a turnkey method.

Reproducibility without a code release. Our
gating implementation is embedded in internal
training infrastructure that we are unable to release,
so our results cannot be reproduced by running our
code, and an independent re-implementation is re-
quired. To make that feasible we fully specify: the
gating function and its three signals (Equation 1,
Section 3); the exact (a,b,c,d) values of every
configuration we train, including the aligned re-
strictions and the mean-matched static baselines
(Section 4, Sections 5-6); all training hyperparame-
ters, seeds, decoding settings, and the output parser
(Appendix A); and per-seed accuracies for every
run behind Table 2 (Appendix B). Absolute ac-
curacies are nevertheless sensitive to the prompt
template and parser, and — as Section 6 shows —
to the training seed, so a re-implementation should
be expected to reproduce the direction and rough
magnitude of the reported effects rather than ex-
act numbers. This is a genuine limitation on the
verifiability of our results.
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A On-Policy Distillation Background and
Infrastructure

Background. Standard distillation is offline: the
teacher generates pre-computed responses, and the
student trains on the static (prompt, response) pairs.
On-policy distillation (OPD) (Agarwal et al., 2024)
instead has the student generate responses during
training, with the teacher computing per-token tar-
get probabilities on-the-fly. This addresses the
train—test distribution shift inherent in offline KD:
the student learns to refine its own generation dis-
tribution rather than mimic a fixed teacher target.

11

Software stack. Our implementation builds on
the verl framework (Sheng et al., 2025). The stu-
dent (Qwen3-4B) generates responses via vLLM
(Kwon et al., 2023), TP=2. A separate teacher ser-
vice (Qwen3-32B (Qwen Team, 2025), TP=2) is
a VLLM instance that computes per-token teacher
probabilities on the student’s rollout tokens, with
ZMQ-based message passing between teacher and
student processes. Student backpropagation uses
Megatron-LM (Shoeybi et al., 2019) with TP=2
and DP=3. This stack is internal and is not re-
leased; the specification below is intended to be
sufficient for re-implementation on top of any on-
policy distillation trainer that exposes per-token
teacher log-probabilities.

Training hyperparameters. Student Qwen3-4B,
teacher Qwen3-32B; learning rate 109, batch size
72; 100 training steps on emotion, 200 on hate
and offensive; rkl_ratio = 0.5 for the static A=0.5
baseline and E[)\;] for the mean-matched static
baselines; adv_estimator = reinforce_plus_plus;
reward = constant O (distillation-only); 6 XxL20Y
80GB.

Seeds. The single-seed sweeps use seed 42. The
three-seed replications in Section 6 use seeds
{42,2,3}; the seed is injected into Megatron
weight initialization, the data loader, and data shuf-
fling, and both sides of every reported gap are re-
trained under the same seed so that all gaps are
paired. One hate configuration (H G5 444) uses
seeds {2, 3,42} from a separate replication batch.

Evaluation. TweetEval held-out evaluation split,
scored as classification accuracy on the parsed
label. Prompts are single-turn and instruct the
model to emit one line of strict JSON, {"label":
"<optioni|...|optiong>"}, with the label
set enumerated and briefly defined in the prompt
and two format examples appended; no in-context
task examples are given. Decoding is greedy (tem-
perature 0) with a 32-token cap and Qwen3 think-
ing disabled, so responses are 1-3 tokens of label
text. Parsing takes the first "1label": "
match; if absent, it scans the first 200 charac-
ters for a legal label string, preferring the longest
match so that e.g. non_ironic is not truncated
to ironic; unparseable responses count as er-
rors. For the restriction comparison, 7 unique
aligned configurations per task (4 gap-only with
d € {%2,£4} and 3 entropy-only with |a| €
{2,4, 8}) were trained; checkpoints were evaluated

n



Task Config s42 s2 s3
[en 0.7734 0.7685 0.7671
Gs 0.7748 0.7635 0.7847
emotion  H 0.7847 0.7734 0.7706
(n=1421) HGs 4+4 0.7868 0.7713 0.7706
entropy-only(—4) 0.7671 0.7769 0.7657
static 0.388 0.7727 0.7727 0.7692
G4 0.5586 0.5239 0.5444
Gs 0.5286 0.5296 0.5529
H; 0.5549 0.5360 0.5283
hate H> 0.5411 0.5488 0.5525
(n=2970) HG4 4+2 0.5209 0.5357 0.5266
entropy-only(—4) 0.5128 0.5350 0.5195
gap-only(+2)  0.5387 0.5377 0.5283
static 0.556 0.5202 0.5444 0.5195
Gs 0.7721 0.7651 0.7698
offensive H 0.7814 0.7791 0.7488
(negG0, cntropy-only(—4) 0.7581 0.7698 0.7558
gap-only(+2) 0.7674 0.7616 0.7523
static 0.574 0.7581 0.7547 0.7581

Table 3: Per-seed held-out accuracy for every run enter-
ing Table 2. Across-seed SDs (pp): emotion G4 0.33,
G5 1.06, Hy 0.75, HG'5 414 0.92, entropy-only 0.61,
static 0.20; hate G4 1.74, G5 1.38, H; 1.37, H, 0.58,
HG4,q42 0.75, entropy-only 1.14, gap-only 0.57, static
1.42; offensive G5 0.36, H; 1.82, entropy-only 0.75,
gap-only 0.76, static 0.20.

with vLLM at TP=2.

Data. TweetEval (Barbieri et al., 2020) emotion
(4-way, Nirain = 3257, ngest = 1421); hate (binary,
Nirain = 8993, nest = 2970); offensive (binary,
Ntrain — 11916, Ntest — 860)

B Three-Seed Replication Details

Table 3 lists the per-seed accuracies and across-
seed SDs behind Table 2. Two patterns are worth
recording. First, across-seed SD varies by an or-
der of magnitude between configurations (0.20—
1.82pp), and is largest exactly for the configura-
tions that produced the largest single-seed gaps
(hate G4, hate Hy, offensive H;) — a selection
effect that explains why single-seed headline num-
bers were optimistic. Second, the mean-matched
static baselines are the most seed-stable runs in
the table (SD = 0.20pp on emotion and offensive),
so the width of the dynamic-vs-static gaps in Ta-
ble 2 is driven almost entirely by variability on the
dynamic side.

Statistics. For each comparison we compute the
per-seed paired difference and report its mean, SD,
a two-sided paired ¢-test, and the ¢-based 95% CI
(n = 3, 2 degrees of freedom). With three paired
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Gap signal d: positive in all 8 settings on the weak baseline; granularity-conditional when stacked on best-abc

(a) Hate: d on G2 (weak abc baseline)
4/4 positive

(b) Emotion: d on G2 (weak abc baseline)
4/4 positive
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Figure 5: Gap signal d (single-seed sweep): positive in
all 8 settings on the weak G5 baseline (top row), while
stacking on the task-best abc is granularity-conditional
— emotion (token-level, MATCH): 3/4 positive; hate
(sample-level, MISMATCH): 0/4 positive. Referenced
from Section 4.4.

Task Static gap-only entropy-only  Ours
A=0.5 bestd best |al best

Emotion 0.7671 0.7734 0.7790 0.7868

Hate 0.5391  0.5387 0.5347 0.5586

Table 4: Best-observed accuracy per side within our
shared single-seed sweep (Section 5.5). The gap-
only/entropy-only columns take the best of their 1D
restrictions (d € {£2,+4}, |a| € {2,4,8}); Ours is
the best of the 13-config grid. This is not a per-method
hyperparameter optimization, and per-cell magnitudes
are seed-sensitive (Section 6).

seeds the CI half-width is roughly 2.5 SDs of the
paired differences, so intervals are wide by con-
struction; we report them to communicate uncer-
tainty, not as confirmatory tests. We did not correct
for multiple comparisons, since no comparison is
significant without correction.

C Additional Sweep Views

This appendix holds two views of the single-seed
sweep that are referenced from the main text but
not needed to follow it. Figure 5 decomposes the
effect of the gap coefficient d — adding it to the
weak (G5 baseline versus stacking it on each task’s
best abc configuration (Section 4.4). Table 4 takes
the best-observed accuracy of each side within
the explored sweep, as a partial alternative to the
matched-magnitude comparison of Section 5.



D Design Choices Not Available to the
Aligned Restrictions

Two structural degrees of freedom exposed by our
parameterization are absent from the gap-only and
entropy-only 1D restrictions. We record them here
for completeness.

Bias coefficient c. Our family includes a bias
term c in the sigmoid input. Both original methods
fix ¢ = 0 by construction. The best configuration
on each task in our sweep uses ¢ = —1 (G4 on hate,
G5 on emotion), matching Pattern 1 in Section 3;
on emotion this contrast is inside the sampling-SE
reference band (Section 4.2). Whether a nonzero
c contributes is a question the parameterization
makes askable, and our answer for these tasks is
descriptive rather than conclusive.

Sign of coefficient a. EOPD’s original seman-
tics fixes a < 0 via the “high entropy = more
FKL” rule, so the entropy-only restriction uses
a < 0 by construction. Emotion’s best config-
uration (G5, however, uses ¢ > 0 (high entropy
= more RKL) — a regime EOPD’s original for-
mulation cannot represent. The sign discrepancy
between the entropy-only restriction and our family
on emotion is therefore an instance of the family
extending the union of the two restrictions, not a
confound in the matched-magnitude comparison.

13



	Introduction
	Related Work
	Mixed FKL/RKL Distillation
	Per-Token Gating: EOPD and ToDi

	Method: Parametric Family and Aligned Restrictions of Prior Methods
	Parametric Family
	Coefficient Patterns Observed in the Sweep
	Aligned 1D Restrictions of Prior Methods

	Main Results: Grid Analysis
	Grid Design
	abc Grid: Task-Dependent on Hate, Flat on Emotion
	d on G2 (Weak Baseline)
	d on the Task-Best abc: Granularity-Conditional
	Dynamic vs. Mean-Matched Static (Isolation)

	Comparison with Aligned 1D Restrictions of Prior Methods
	Setup
	What the aligned restrictions do not capture
	Emotion
	Hate
	Findings

	Seed Robustness and a Third Task
	Conclusion
	On-Policy Distillation Background and Infrastructure
	Three-Seed Replication Details
	Additional Sweep Views
	Design Choices Not Available to the Aligned Restrictions

