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Abstract

Chinese elementary-school writing is rubric-
driven. We study it as a teacher-facing in-
structional support task: given a classroom
prompt and requirements, generate a teacher-
reviewable example matching the target genre,
rubric, length, and age-appropriate register.
Directly prompted frontier LLMs often mis-
route genres or adopt an adult register. We
present RA-MOPD, a four-stage pipeline that
post-trains a 4B model into a unified essay
writer across four genres and eight rubric
dimensions. Its core stage augments on-
policy reverse-KL distillation with Rubric-
Weighted KL, which up-weights rubric-critical
tokens via reward-model attribution, and Cross-
Genre Mixing, a parameter-free expert blend
guided by an empirical transfer prior. On a
new 6,000-essay benchmark with eight reward
models (QWK =0.864), RA-MOPD reaches
4.21/5.00 and 97.8% routing—within 0.09
of GPT-5.3 3-shot (p<0.01). No statisti-
cally significant difference is detected rela-
tive to a 4x-cost four-expert logit-averaging
baseline (A=+0.03, p=0.18). A GPT-4.1
judge, BERTScore, a 1,200-essay teacher study
(62.8% preference), and register analysis pro-
vide converging evidence beyond RM metrics.
GPT-5.5 holistic evaluation further supports
the component-level gains, which remain sta-
ble on Qwen3-1.7B without model-specific re-
tuning. Code and data: https://github.
com/TW-NLP /MOPD.

1 Introduction

We study rubric-aligned essay generation as a
teacher-facing instructional support task. Given a
classroom writing prompt and instructional require-
ments, our goal is to generate a teacher-reviewable
example that follows the target genre and rubric
while maintaining the requested length and an age-
appropriate register. Such examples can support
teachers in preparing rubric-aligned model essays,

contrastive examples for explaining rubric criteria,
and prompt-specific revision demonstrations.

Writing instruction in Chinese elementary
schools is heavily rubric-driven: teachers evaluate
student essays along genre-specific criteria such
as format & context, narration completeness, nov-
elty, and multisense & rhetoric. A model capable
of writing at an elementary-school level must si-
multaneously master (1) genre routing—selecting
the correct register (letter, descriptive paragraph,
narrative arc, or imaginative tale) from a free-form
prompt; (2) rubric-aligned content satisfying two
genre-specific quality dimensions; and (3) length
and child-appropriate register. A fluent essay may
still be unsuitable as a classroom example if it fol-
lows the wrong genre, misses the target rubric, vio-
lates the requested length, or uses an overly adult
register.

Directly prompting frontier LLMs exposes three
categories of failure on our 1,200-prompt bench-
mark. (i) Format non-compliance: Qwen3-
max attains only 64.4% routing accuracy at 0-
shot and 75.3% at 3-shot, far below classroom
rubric requirements. (ii) Register mismatch:
GPT-5.3 produces fluent but adult-style language;
the human study below shows its outputs pre-
ferred over our model on only 28.7% of paired
comparisons by primary-school teachers. (iii)
Conlflicting per-dimension objectives: A single
GRPO model trained jointly across all four gen-
res (“Mix-GRPO”) scores 3.84 on the 8-dim aver-
age, above SFT (3.78) but below the best per-genre
specialist (3.91); a gradient-cosine analysis (Ap-
pendix P) reveals destructive interference between
Applied-Format and Narrative-Completeness re-
wards (cos = —0.13). These failures together de-
mand a pipeline that combines per-genre policy
optimisation with rubric-aware fusion of the result-
ing specialists.

We address the problem from both the data side—
a balanced 6,000-essay benchmark with double an-
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notation and eight reward models exceeding inter-
annotator agreement—and the modelling side: a
four-stage post-training pipeline (Figure 1) that con-
verts a 4B Qwen3 base model into a unified essay
writer. Stage 1 performs genre-router SFT on the
high-quality subset of the corpus; Stage 2 trains
eight dimension-specific reward models (average
QWK=0.864, above the human x=0.76); Stage 3
fine-tunes four genre specialists via GRPO with a
composite reward (genre routing, two RM-based
rubric terms, and a Gaussian length term); and
Stage 4 (RA-MOPD) trains a single student under
a rubric-aware variant of online policy distillation.
Following the standard OPD formulation (Xu et al.,
2026; Team et al., 2026; Agarwal et al., 2024), the
student is trained purely by a token-level reverse-
KL divergence on its own rollouts, with no separate
cross-entropy stream. RA-MOPD adds two task-
tailored extensions: (a) Rubric-Weighted KL (RW-
KL) up-weights rubric-critical positions using RM
perturbation-based attribution; and (b) Cross-Genre
expert Mixing (CGM) blends the top-2 experts us-
ing an empirical transfer prior as a parameter-free
complement to RW-KL.

RA-MOPD achieves 4.21/5.00 (8-Avg) and
97.8% routing, competitive with GPT-5.3 3-shot
(A=+-0.09, p<0.01) under rubric-aligned evalua-
tion. Relative to a 4x-cost ground-truth-routed
four-expert logit-averaging baseline, no statisti-
cally significant difference is detected (A=+0.03,
p=0.18). We note that the frontier comparison is
structurally asymmetric—RA-MOPD is domain-
trained while GPT-5.3 is evaluated inference-
only—and should be interpreted as quantifying the
marginal value of targeted post-training on a nar-
row rubric corpus rather than as a general capabil-
ity claim (see §A). Three corroborating protocols
(§5.4) consistently reproduce the ranking. Gen-
erated examples are intended to be reviewed and
adapted by teachers rather than used to replace
student writing, classroom instruction, or human
assessment.

Contributions. (i) A 6,000-essay benchmark
spanning four genres and eight doubly-annotated
rubric dimensions (Shanghai grades 3-6), with
eight reward models at QWK =0.864. (ii) RA-
MOPD: two task-tailored extensions to pure
on-policy reverse-KL distillation—RW-KL (RM-
guided perturbation-based per-token weighting)
and CGM (empirical transfer-matrix prior for
expert mixing, a parameter-free engineering

complement)—with CGM controls confirming the
gain requires the transfer prior, not merely a sec-
ond teacher. (iii) A multi-protocol corrobora-
tion framework (gpt—-4.1-2025-04-14 holis-
tic judge, BERTScore, full-test human study) pro-
viding converging evidence beyond RM metrics,
plus a register-vs-rubric analysis (§5.5) showing
that RA-MOPD Pareto-dominates all other deploy-
able systems on the joint (rubric, register) objective
and explaining why gold essays score lower on RM
metrics. Additional GPT-5.5 holistic evaluation
and a Qwen3-1.7B experiment further validate the
component gains from complementary evaluation
and model-scale perspectives.

2 Task Formulation

Let G = {g1, ..., 94} denote the four target genres
and D = {(d7,d})}4eg the eight rubric dimen-
sions (two per genre). Each test prompt x specifies
a writing topic together with a target length L* ()
extractable by regex (Appendix F). A generative
model 7y produces an essay y ~ (- | ). We
track:

Mean? () Z RMy(z,y) (D
x€7}

Acc?(0 Z g ()
x€7;,

8-Avg() = éz Z Mean(6)  (3)

9€G de{dd,dl}

where 7 is the test set for genre g (|7,/=300),
RMy(-) is the reward model for dimension d (§4.2),
and §(y) is the predicted genre parsed by string-
matching on the prefix "Genre:~x". Our opti-
misation target is 8-Avg jointly with the four per-
genre accuracies Acc?.

3 The CHILD-ALIGN Dataset

Source. We collect 10,746 handwritten essays
from public elementary schools in Shanghai
(grades 3-6), transcribed by commercial OCR and
partitioned into four genres (Narrative 3,337; Ob-
ject 2,641; Imagination 2,629; Applied 2,139). Af-
ter cleaning, 8,268 essays survive; we draw a bal-
anced 1,500-per-genre sample (6,000 total). All
identifying metadata was stripped prior to OCR.
The grade x genre distribution (grade 4 modal at
33.3%; grade 6 only 10.1%, concentrated in Ap-
plied) is given in Appendix D, Table 8.
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Figure 1: Overview of the four-stage post-training pipeline.

Cleaning, sampling, and annotation. Four se-
quential filters handle OCR noise: length filter
([100, 1500] characters, 3.7% pruned), regex re-
moval of control symbols, LLM-driven PII redac-
tion (25.5% of essays contained PII; residual
~1.0% by manual audit, 95% exact binomial up-
per bound ~2.9%), and exact-match deduplica-
tion. Full details are in Appendix D. From the
8,268 cleaned essays we draw a stratified balanced
sample of 1,500 per genre and split each genre
60/20/20 into train/val/test under a strictly prompt-
disjoint partition.

In consultation with five elementary-school
teachers, we designed two scoring dimensions per
genre (Table 1; full 1-5 anchors in Appendix G).
Three graduate-student annotators, all with formal
language-pedagogy training, participated in scor-
ing: two of them independently scored every es-
say on its two rubric dimensions, and the third—
the most senior, a Ph.D. candidate—resolved > 2-
point disagreements (4.2% of essays). Labels are
the rounded mean of the two primary scores. Per-
dimension agreement between the two primary an-
notators (Appendix D) averages Pearson r=0.80,
weighted k=0.76.

Genre Two rubric dimensions

Applied Format & Context/Suggestion & Emotion
Imagination Logical Coherence/Novelty

Narrative Detail & Emotion/Narration Completeness
Object Feature Accuracy / Multisense & Rhetoric

Table 1: The eight rubric dimensions used throughout
this paper.

4 Method

Our pipeline (Figure 1) has four stages. We de-
scribe Stage 1 first, followed by the reward models
(Stage 2), which serve as a data-quality filter for
Stage 1 and as the training-time signal for Stages 3—
4.

4.1 Stage 1: Genre-Router SFT

We filter the 3,600 training essays by requiring both
rubric scores to be >4, yielding 1,885 high-quality
samples. The SFT target is the two-line completion
Genre: ¢g/Essay: y, a format shared by all
downstream stages so that a single generation can
be parsed into a genre prediction and an essay body.
Let z (z1,...,27) be the tokenised assistant
target and m; € {0, 1} a mask that is 1 on assistant
tokens. We minimise the masked cross-entropy
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Reward model r QWK MAE MSE

App. Format & Context 870 869 233 427
App. Suggestion & Emotion .832 .832 247 .340
Imag. Logical Coherence 890 889 .230 .250

Imag. Novelty 960 .960 .093 .113
Narr. Detail & Emotion 845 840 250 .283
Narr. Narration Compl. 855 .853 180 .220
Obj. Feature Accuracy 811 810 .300 .413
Obj. Multisense & Rhet. 861 .858 287 .307
Average 865 .864 228 294

Table 2: Reward-model performance on the 300-essay
held-out test sets. Average QWK (0.864) substantially
exceeds the inter-annotator x=0.76 against the same
adjudicated gold labels.

loss:

_ Zt my lOg?T,g(Zt | Z<t)

>

Training details are in Appendix E. The resulting
STAGE1-SFT model initialises Stages 3 and 4.

Lspr(0) = 4)

4.2 Stage 2: Reward Models

We train eight dimension-specific reward mod-
els from the annotated corpus. Each RM is
a Qwen3-4B fine-tuned to map (g,d, 74, z,y)—
genre, dimension, rubric anchor, prompt, essay—
to a score in {1,...,5} (full SFT; train/val/test:
900/300/300; details in Appendix E). Table 2 re-
ports r/ QWK/MAE/MSE; the average QWK of
0.864 exceeds the inter-annotator k=0.76 on the
same adjudicated gold labels, which we interpret as
calibration to the adjudicated standard rather than
superhuman scoring.

Human validation of trained RMs. To rule
out self-consistency bias, we ran a separate three-
annotator validation on a freshly sampled 800-
essay panel (100 per dimension), drawn from the
2,268 cleaned essays not selected for the 6,000-
essay benchmark and therefore disjoint from its
train/validation/test splits and original annotation
pool. RM-human Pearson averages 0.821 (QWK
0.816), exceeding the fresh inter-rater agreement
of 0.77, confirming RM quality under a disjoint
evaluator group; full results are in Appendix C.

4.3 Stage 3: Per-Genre GRPO

Background. We fine-tune four genre special-
ists from STAGE1-SFT using GRPO (Shao et al.,
2024), which avoids a learned value head by nor-
malising rewards within a group of K comple-
tions: A®)=(r*)—y,.)/(0.+¢€), and optimises the

clipped surrogate objective with a KL penalty
against the reference policy (Eq. 17, Appendix F).
This design is advantageous here because rewards
from eight separate RMs lack a shared baseline.
Comparisons with preference-optimisation alterna-
tives (DPO, ORPO) constructed from RM-derived
pairs are reported in Appendix M.

Composite reward. For a completion y with tar-
get genre g, rubric dimensions {d,, dy}, and regex-
extracted target length L*:

Rgenre = ¥[g(y)=g] € {0,1} ©)
Ry = (RMy(z,y)-1)/4€[0,1]  (6)
Rien = exp(—G47) 7

with length tolerance o, =0.2. The composite re-
ward is

R == w‘ngenre + w(lea + wdeb + wleen (8)

with (wg, we, wp, we)=(0.2,0.3,0.3,0.2) selected
on the validation set against the two natural al-
ternatives (0.25,0.25,0.25,0.25) (uniform) and
(0.1,0.4,0.4,0.1) (rubric-heavy); Appendix L re-
ports the full sweep. Training details (TRL,
vLLM (Kwon et al., 2023), K=8, 3=0.01) are
in Appendix E.

4.4 Stage 4: Rubric-Aware Multi-Expert
Online Policy Distillation

Motivation. Each per-genre GRPO specialist
gains specialty-genre quality at the cost of routing
generality: routing accuracy drops by 0.3—-10.7 pp
relative to STAGE1-SFT (§5.1). MOPD (Xu et al.,
2026; Team et al., 2026) fuses the four special-
ists into a single student. We first describe a base
MOPD recipe (§4.4.1), identify two limitations
specific to our rubric-guided setting (§4.4.2), and
introduce the RA-MOPD extensions that address
them: RW-KL (§4.4.3) and CGM (§4.4.4).

4.4.1 Base MOPD: Pure On-Policy
Reverse-KL Distillation

Following the standard online policy distillation
formulation (Xu et al., 2026; Team et al., 2026;
Agarwal et al., 2024; Gu et al., 2024), base MOPD
trains the student under a single token-level reverse-
KL objective on its own rollouts:

Lyorp(0) = By gry (|2

[mlﬂ > D (B @gﬂ)]

teM
)
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where Pg(t) and Qét) are the student and expert
next-token distributions computed on the student’s
own rollout § ~ my(- | x) via teacher-forced for-
ward passes (sampling and batching details in Ap-
pendix E and F). The mask M selects only rollout
positions (prompt tokens are excluded). The KL
direction D, (P || Q) is the mode-seeking direc-
tion (Gu et al., 2024) that prevents the student from
spreading mass to teacher regions it cannot realise.
There is no separate CE stream; the entire training
signal is the on-policy reverse-KL, as in DeepSeek-
V4 (Xu et al., 2026) and MiMo-V2 (Team et al.,
2026). The necessity of online reverse-KL over
offline CE and forward-KL alternatives is validated
in Appendix N.

Genre-homogeneous batching and lazy expert
swapping are detailed in Appendix F.

4.4.2 Why Base MOPD Is Insufficient

Limitation 1: Token-uniform KL wastes the RM
signal. Eq. 9 weights every position equally, yet
rubric quality is highly localised: in Applied letters,
salutation and closing occupy <10% of tokens but
drive >40% of the Format score; Narrative com-
pleteness depends on a handful of connectives and
climax verbs. The eight Stage-2 RMs already en-
code token importance at QWK 0.864; base MOPD
ignores this signal entirely.

Limitation 2: Single-expert teaching discards
transferable knowledge. Base MOPD distills
only from 7y , ignoring the substantial cross-genre
competence shared by all four specialists (every
off-diagonal of the transfer heatmap > 3.51; Ap-
pendix I). The empirical transfer matrix provides a
natural fixed prior for blending the top-2 experts.

4.4.3 RW-KL: Rubric-Weighted Token-Level
KL

For a rollout y=(91, . . ., yr) of target genre g with
rubric dimensions {d,,d}, we partition g into
K =10 contiguous chunks {ci, ..., cx} and com-
pute, for each d € {d,,d}, a chunk-level leave-
one-out attribution:

Ag(er) = RMa(x,§) — RMa(x,5'%)  (10)
where §/\% replaces chunk ¢; with a length-matched
generic placeholder. We treat this as a zeroth-order
perturbation-based importance score rather than
a strict attribution method; known limitations in-
clude nonlinear token interactions and a minor con-
flation between content and length contributions

introduced by the chunk substitution (most pro-
nounced for Imagination Novelty, Kendall 7=0.52;
Appendix K). We rectify, normalise within the roll-
out, and expand to token level:

max (0, Ag(cir)))

ag(t) = 3
I Zdegc;db}ci(t)‘ Zj max (0, Ad(cj))
(11)
followed by a max-rescale
ag(t) = ay(t) / maxag(t') (12)

teM

so the most attributed token has weight 1. Defin-
ing w; = 14 Aay(t), the RW-KL loss is the w;-
weighted reverse-KL on the rollout positions:

e we Di (B 11Q47)

ERW _
> tem W

KL —

(13)

with A=2 (Appendix O). Attribution is recomputed
every b steps; sanity checks and K -sensitivity are
in Appendices J-K.

4.4.4 CGM: Cross-Genre Expert Mixing

Let H € R**4 denote the cross-genre transfer ma-
trix, where H, , is the two-dimensional mean RM
score of expert Tg,, ON the 300-prompt validation
set of genre g (Appendix I; computed on validation
to avoid contaminating the test split). For target
genre g we keep only the top-2 entries of row Hy .
and apply a temperature-7 softmax:

o — exp(Hy,g /T)W[g' € Top2(H,,.)]
919 7 57 exp(Hygr /79" € Top2(Hy,,)]
(14)

We use 7=0.2, which assigns 0.73-0.92 to the
matched expert and 0.08-0.27 to the next-best
transfer expert (per-genre weights in Appendix O).

To avoid leakage, H is computed on the first 150
validation prompts per genre and 7 is selected on
the remaining 150.

The CGM teacher distribution is the probability-
level mixture

QW = >

g'€Top2(Hy,:)

Tylg softmax(ﬁ(;)/) (15)
g

Unlike MoE (Shazeer et al., 2017), CGM is
a training-only, parameter-free heuristic with no
learned routing; its contribution is empirical effec-
tiveness (Table 21) rather than algorithmic novelty.
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4.4.5 The RA-MOPD Objective

Combining RW-KL (Eq. 13) with the CGM teacher
(Eq. 15), the full RA-MOPD loss is a single
rubric-weighted reverse-KL term against the CGM
teacher, with no CE component:

2rem We Dk (Pe(t) I Qfﬁi)x>

ZteM Wy

Lra-moprp(0) =

(16)
Relative to Eq. 9, RA-MOPD adds only w; (RW-
KL) and Qnix (CGM); the on-policy reverse-KL
protocol and the absence of any CE stream follow
Xu et al. (2026) and Team et al. (2026) exactly. No
new tunable weights beyond A, 7 (both fixed on
val). Full algorithm: Appendix F.

5 Experiments

Systems compared. We evaluate 15 systems
in three groups: (i) Baselines: Qwen3-4B base;
Qwen3-max, DeepSeek-V4-pro, and GPT-5.3 each
at 0-shot and 3-shot. (ii) Pipeline intermedi-
ates: STAGE1-SFT; Mix-GRPO; four per-genre
GRPO experts. (iii) Our final Base MOPD and
RA-MOPD, both initialised from STAGE1-SFT.
Preference-optimisation alternatives (DPO, ORPO)
are evaluated in Appendix M.

Protocol. Each system generates one essay per
test prompt with greedy decoding (temperature 0).
We parse g(y) and the essay body, score the two
genre-matched dimensions via the eight-RM bench,
and aggregate via Eqs. 1-3. Closed-source LLMs
use the same system message and a deterministic
3-shot demonstration set (Appendix H). For each
pairwise comparison we report a 10,000-replicate
paired bootstrap 95% CI on 8-Avg.

5.1 Main Results

Table 3 summarises performance. RA-MOPD at-
tains 8-Avg = 4.21 and average routing accuracy
of 97.8%, the highest of any system.

Against frontier LLMs (3-shot). RA-MOPD is
competitive with GPT-5.3 3-shot (A=+0.09; CI
[+0.041, +-0.139], p<0.01) on 8-Avg, and matches
or outperforms GPT-5.3 on all eight dimensions,
with six improvements and two ties at the reported
precision. It outperforms Qwen3-max (+0.56)
and DeepSeek-V4-pro (4+0.55). These margins
reflect domain-targeted training versus inference-
only evaluation rather than general capability (see
§A). Routing margins are decisive (+22.5 pp over

Qwen3-max; +3.0 pp over GPT-5.3); on 8-Avg,
prompt engineering does not help: 0-shot and
3-shot scores are identical for Qwen3-max and
DeepSeek-V4-pro, though routing accuracy does
improve with 3-shot (Qwen3-max 64.4% — 75.3%;
DeepSeek-V4-pro 46.6% — 58.3%).

Base MOPD already surpasses every specialist;
RA-MOPD adds +0.12. Base MOPD (pure on-
policy reverse-KL, no CE stream) is the strongest
single model among all intermediates at 4.09 8-
Avg and 97.5% routing—above every per-genre
GRPO specialist (best 3.91), Mix-GRPO (3.84),
and Stagel-SFT (3.78). Base MOPD scores ~0.05
below each matched specialist on its specialty
columns; RA-MOPD closes this gap via RW-KL
and CGM, gaining +0.12 over base MOPD and
40.30 over the best single specialist. Mix-GRPO
(3.84) marginally outperforms SFT (3.78) on 8-
Avg but falls short of the best specialist (3.91) due
to cross-genre gradient interference (cos~ —0.13;
Appendix P).

5.2 Ablation Studies

Stage-by-stage contributions. Cumulative gains
(Table 3): SFT +-0.48, best per-genre expert +0.13,
Base MOPD +0.18, RA-MOPD extensions +0.12.

Decomposing RA-MOPD. Table 4 isolates the
contribution of each RA-MOPD component, all
starting from base MOPD. RW-KL alone yields
40.06, CGM alone yields +0.06, and combined
they yield +0.12—exactly complementary. RW-
KL’s largest gains are on structurally-localised
dimensions (Applied-Format +4-0.07; Narrative-
Completeness +0.07); CGM’s largest gains
are on dimensions benefiting from cross-genre
vocabulary transfer (Object-Multisense +0.08;
Narrative-Detail +0.07). Neither alone closes the
Imagination-Novelty gap with GPT-5.3. Full per-
dimension and hyperparameter sweeps appear in
Appendix O.

Additional holistic validation. To provide a
more comprehensive, multi-perspective validation
of the proposed components, we additionally eval-
uate Base MOPD, +RW-KL, +CGM, and RA-
MOPD using a GPT-5.5 holistic judge. The judge
assesses overall relevance, fluency, structure, age-
appropriate expression, and originality without ac-
cess to system identities or RM scores. GPT-5.5
scores increase from 3.97 for Base MOPD to 4.00
with RW-KL, 4.00 with CGM, and 4.04 with their
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Applied |Imagination | Narrative | Object ) Avg
Model Form. Sug.|Log. Nov. |Det. Nar.|Feat. Mul. 8-Ave acc (%)
Gold (human) 332 3.59(3.66 3.25 |3.39 3.65|3.49 3.48| 3.48 —
base (Qwen3-4B) 328 3.68|3.10 3.18 [3.16 3.68|3.25 3.03| 3.30 | 393
Qwen3-max 0-shot 398 3.65|4.17 3.39 |3.66 392|323 3.21| 3.65 | 644
Qwen3-max 3-shot 397 3.67|4.14 3.36 [3.67 391|330 3.21| 3.65 | 753
DeepSeek-V4-pro 0-shot | 3.80 3.764.13 3.45 [3.66 3.96|3.18 3.34| 3.66 | 46.6
DeepSeek-V4-pro 3-shot | 3.83 3.75[4.09 3.44 |3.66 3.96|3.20 3.32| 3.66 | 58.3
GPT-5.3 0-shot 4.00 3.90(4.05 3.65 |4.00 4.10|3.85 3.90| 3.93 | 76.3
GPT-5.3 3-shot 4.10 4.00(420 4.10 |4.05 4.25|4.10 4.15| 4.12 | 948
+ SFT (Stage 1) 375 3.75|3.79 3.30 |3.63 4.08|3.97 396| 3.78 | 94.1
+ Mix-GRPO 3.85 3.85|3.80 3.45 [3.70 4.10|4.00 3.95| 3.84 | 91.0
+ GRPOapp 4.10 4.00|3.82 3.31 |3.63 4.04(3.99 393 | 3.85 | 93.8
+ GRPOqmag 379 3.73|4.10 4.00 |3.64 4.08]3.99 3.92| 391 | 90.8
+ GRPOnarr 374 377|376 3.26 [4.10 430|{4.00 3.95| 3.86 | 85.1
+ GRPOoy; 378 3.72|3.81 3.31 |3.57 4.06|4.20 4.15| 3.83 | 834
+ Base MOPD ‘ 4.05 3.97‘4.06 3.97 ‘4.07 4.27‘ 4.17 4.12‘ 4.09 ‘ 97.5
+ RA-MOPD (ours) | 413 4.05/4.20 4.10 |4.20 4.42|4.30 4.28| 4.21 | 97.8

Table 3: Main results. Per-genre per-dimension mean RM score (1-5) and macro-averaged routing accuracy (%) on
the 1,200-essay held-out benchmark (prompt-disjoint from training). Bold: best in column. Blue: cells where a
per-genre GRPO model operates in its specialty. Base MOPD is the strongest single model among all intermediates
(4.09 8-Avg, 97.5% accuracy). RA-MOPD adds +0.12 on 8-Avg over base MOPD; the RA-MOPD vs. GPT-5.3
3-shot 8-Avg difference of +0.09 has 95% CI [+0.041, +0.139] (p < 0.01); note that this comparison is structurally
asymmetric (domain-trained model vs. inference-only frontier).

Variant 8-Avg A Base
Base MOPD 4.09 —

+ RW-KL only 4.15 +40.06
+ CGM only 4.15 40.06
+ RW-KL + CGM (RA-MOPD) 4.21 +0.12

Table 4: Decomposition of RA-MOPD gains over Base
MOPD. RW-KL and CGM are complementary (40.06 +
0.06 —+0.12).

combination. The RA-MOPD improvement over
Base MOPD is +0.07 and statistically significant
(p<0.01). This ordering is consistent with RM 8-
Avg, further supporting the individual effectiveness
and complementarity of RW-KL and CGM. Full
results and protocol details are in Appendix S.

CGM teacher-mixing controls. To verify that
CGM'’s gain stems from the empirical transfer
prior rather than from simply having a second
teacher, we compare four mixing strategies (Ap-
pendix O, Table 21): a random second expert
yields only +0.01 (p=0.63), ruling out the “any-
second-teacher” hypothesis; a uniform top-2 mix-
ture reaches +0.03; and CGM’s score-weighted
top-2 achieves +-0.06, matching a learned-gating
oracle (4+0.07) at zero parameter cost—i.e., the
empirical transfer matrix supplies a signal nearly
equivalent to learned routing.

Ground-truth-routed four-expert logit-
averaging baseline. At inference, this baseline
uses the ground-truth genre label and averages the
logits of all four GRPO specialists (4x inference
cost; not deployable). RA-MOPD scores 4.21
versus 4.18 for this baseline (A=+0.03, p=0.18).
No statistically significant difference is detected
under the current evaluation; this result should not
be interpreted as equivalence or as establishing a
theoretical upper bound.

Variance across training seeds. Across three
independent seeds (Appendix O, Table 22), each
component’s 4+-0.06 gain is stable (¢<0.010) and
the RA-MOPD-GPT-5.3 gap (+0.09) substantially
exceeds 20. Six independent teachers scored all
1,200 essays (blinded to system identity); cell-level
Pearson r=0.87 with RM scores (p<10~%); RA-
MOPD preferred over GPT-5.3 in 62.8% of pair-
wise comparisons (p<10~Y) and over the matched
expert in 58.4% (p<10~?). Full protocol: Ap-
pendix Q.

5.3 Backbone-Scale Robustness

To examine whether the proposed gains remain
stable at a smaller model scale, we repeat the com-
plete Stage1-SFT — Base MOPD — RA-MOPD
pipeline on Qwen3-1.7B. We use the same data
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split, reward models, decoding protocol, reward
coefficients, RW-KL configuration, and CGM con-
figuration, without backbone-specific retuning. On
Qwen3-1.7B, Stage1-SFT, Base MOPD, and RA-
MOPD achieve RM 8-Avg scores of 3.63, 3.93,
and 4.04, respectively. RA-MOPD therefore re-
tains a +0.11 gain over Base MOPD, closely
matching the +0.12 gain observed on Qwen3-4B,
and reaches 96.3% routing accuracy. RW-KL and
CGM also remain individually effective, improving
Base MOPD to 3.98 and 3.99, respectively, while
their combination performs best at 4.04. The con-
sistent relative improvement across Qwen3-4B and
Qwen3-1.7B demonstrates that the components re-
main effective across two model scales without
model-specific retuning. Full results are in Ap-
pendix T.

5.4 Corroborating Evidence Beyond RM
Metrics

We complement the rubric-aligned RM evalua-
tion with three protocols that assess the systems
from different perspectives. (1) GPT-4.1 holis-
tic judge: 200 essays per system scored on five
criteria with no lexical overlap with our rubric la-
bels (full prompt: Appendix R). Among the three
generated systems shown in Table 5, the system-
level ordering matches the RM-based ordering,
and the RA-MOPD advantage over GPT-5.3 is re-
produced (40.08, 95% CI [+0.031, +0.129]). (2)
BERTScore (Zhang et al., 2019) vs. gold essays
(bert-base-chinese): RA-MOPD achieves
the highest reference-similarity score (0.679) vs.
GPT-5.3 (0.641), providing a signal orthogonal to
rubric compliance, though BERTScore primarily
measures lexical-semantic overlap rather than ped-
agogical quality. (3) Human study (Appendix Q):
six independent teachers, blinded to system iden-
tity, 1,200 essays, cell-level Pearson r=0.87 with
RM scores. Table 5 summarises all four protocols;
gold essays score higher under the holistic judge
(3.71 vs. RM 3.48), analysed in §5.5.

5.5 Register Authenticity vs. Rubric
Compliance

Gold essays score 3.48 on RM metrics—below
trained systems—not from miscalibration but from
a measurement difference. A separate three-teacher
panel (disjoint from all other pools) rated 200 es-
says per system on child register authenticity (CRS:
vocabulary, sentence structure, child voice; 1-5, no
rubric anchors). Table 6 reports results.

System RM GPT-4.1 BERTSc. Human
Gold (human) 348 3.71 — —
SFT only 378 3.62 0.623 3.76
GPT-5.3 3-shot 4.12  3.96 0.641 4.09
RA-MOPD 421 4.04 0.679 4.18

Table 5: Four-protocol evaluation summary. RM: 8-dim
mean RM score; GPT-4.1: holistic judge; BERTSc.:
BERTScore-F; vs. gold essays (semantic overlap sig-
nal); Human: H8-Avg from Appendix Q. Among the
three generated systems, rankings are consistent across
all four protocols.

System RM 8-Avg (Rubric) CRS (Register)
Gold (human essays) 3.48 4.28
GPT-5.3 3-shot 4.12 291
SFT only 3.78 3.62
Base MOPD 4.09 3.70
RA-MOPD 4.21 3.74

Table 6: Rubric compliance (RM 8-Avg) vs. child regis-
ter authenticity (CRS, teacher-rated, no rubric anchors).
Gold essays rank highest on CRS; trained models opti-
mise rubric compliance. RA-MOPD achieves the best
rubric score among trained systems and the closest reg-
ister to gold among LLM-generated essays.

A rubric-register plane. Reading Table 6 as a
two-objective space—rubric compliance (RM 8-
Avg) on the horizontal axis, child register authen-
ticity (CRS) on the vertical axis—the systems oc-
cupy qualitatively distinct positions, visualised in
Figure 2. Gold (3.48/4.28) is the register ceil-
ing but only mid-tier on rubric: authentic but not
rubric-compliant. GPT-5.3 (4.12/2.91) trades reg-
ister for rubric, collapsing to the lowest authenticity
of any system—below even plain SFT: compliant
but not childlike. SFT (3.78/3.62) is middling
on both axes. Base MOPD (4.09/3.70) already
lifts both coordinates well above SFT, and RA-
MOPD (4.21/3.74) pushes both further still, at-
taining the highest rubric score of all systems while
keeping its register the closest to gold among all
LLM-generated essays.

Pareto dominance among deployable systems.
The crucial consequence is that, for LLM-
generated (i.e., deployable) essays, raising rubric
compliance ordinarily costs child register—GPT-
5.3 is the textbook case, buying a +0.34 rubric
advantage over SFT at a —0.71 register penalty.
RA-MOPD is the only system that escapes this
trade-off: it simultaneously achieves the best rubric
score and the gold-closest register, and therefore
Pareto-dominates every other deployable system on
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Figure 2: The rubric—register plane (data from Table 6).
The shaded lower-left rectangle is the region Pareto-
dominated by RA-MOPD (blue square); every deploy-
able competitor—GPT-5.3, SFT, and Base MOPD—
falls inside it, while none lies in the upper-right quadrant
that would dominate RA-MOPD. GPT-5.3 buys rubric
compliance at the cost of the lowest child register of
any system; gold essays are the register ceiling but are
human-written and not a deployable generator.

the joint (rubric, register) objective—it is strictly
better on both coordinates than GPT-5.3 (4-0.09
rubric, +0.83 register), SFT (+0.43, +0.12), and
Base MOPD (+0.12, +0.04). Gold dominates RA-
MOPD on register but is human-written and hence
not a deployable generator; among systems that
can actually produce new essays, all fall inside
the shaded region RA-MOPD dominates and none
lies in the upper-right quadrant that would domi-
nate it (Figure 2). For a pedagogical model-essay
writer—whose output must both satisfy the scor-
ing rubric and read like a child wrote it—this joint
optimum, rather than either coordinate in isolation,
is precisely what makes RA-MOPD useful in the
classroom.

RM metrics measure rubric compliance; CRS
measures authenticity. RA-MOPD outperforms
GPT-5.3 on both: highest rubric score (4.21) and
closest register to gold (3.74 vs. GPT-5.3 2.91),
making it preferable for pedagogical applications
requiring quality and authenticity.

6 Conclusion

RA-MOPD augments on-policy reverse-KL
MOPD with two task-tailored components—
RW-KL (per-token RM importance) and CGM
(a parameter-free transfer-matrix mixing prior),
each contributing +0.06. The unified 4B model
reaches 4.21/5.00 and 97.8% routing on 1,200
held-out prompts: within 0.09 of GPT-5.3 3-shot
(p<0.01), with no statistically significant differ-

ence from a 4x-cost four-expert logit-averaging
baseline (A=+0.03, p=0.18). A GPT-4.1 judge,
BERTScore, and a six-teacher human study
(r=0.87) reproduce the ranking, and a register
analysis (§5.5) shows RA-MOPD is the only de-
ployable system to Pareto-dominate the rest on the
joint (rubric, register) objective. GPT-5.5 holistic
evaluation also reproduces the component-level
ordering, with RW-KL and CGM individually
improving over Base MOPD and their combination
performing best. The RA-MOPD gain remains
stable on Qwen3-1.7B without model-specific
retuning. Scope, limitations, and the asymmetric
frontier comparison are discussed in Appendix A.

Limitations

Scope. CHILD-ALIGN covers four genres in
Shanghai grades 3-6, with grade 6 comprising
10.1% and concentrated in Applied writing. The
results establish performance on this benchmark,
but not cross-regional, cross-curriculum, unseen-
rubric, or unseen-genre generalisation; gains may
partly reflect local annotation conventions. Eval-
uation. RM 8-Avg is complemented by holis-
tic, semantic-similarity, human, and child-register
evaluations (§5.4), which yield consistent system-
level ordering. Method. RW-KL attribution is
coarsest for Imagination Novelty (7=0.52; Ap-
pendix K). RA-MOPD adds ~35% wall-clock over
Base MOPD. No significant difference is detected
from the 4 x -cost four-expert baseline (A=+0.03,
p=0.18), which does not establish equivalence.

Ethics Statement

The study received institutional ethics approval;
schools authorized essay use, and guardians pro-
vided informed consent. Identifying metadata was
removed before OCR, followed by LLM-based PII
redaction and manual checks (Appendix D). Re-
leased RMs and RA-MOPD are for teacher-facing
support only. Teachers should review and adapt
outputs; neither models nor RM scores should re-
place human instruction or be used for high-stakes
assessment without human review.
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A Discussion

Why a 4B specialist is competitive with fron-
tier models on this task. Four factors com-
pound: (i) Task specificity—Chinese elementary
writing is narrow and rubric-driven, giving targeted
training high marginal value over general-purpose
pretraining; (ii) Distribution mismatch—frontier
RLHF data lacks rubric preference pairs for Chi-
nese primary-school writing, so frontier models
do not receive optimisation pressure on these spe-
cific dimensions; (iii) Signal accumulation—SFT,
GRPO, and RA-MOPD each contribute a qual-
itatively distinct gradient that compound across
stages; (iv) Format compliance—frontier LLMs
emit the Genre: /Essay: format inconsistently
even at 3-shot, directly penalising their routing ac-
curacy.

Scope of the frontier comparison. The RA-
MOPD vs. GPT-5.3 comparison is structurally
asymmetric: RA-MOPD undergoes a four-stage
rubric-aligned pipeline specifically on Shanghai
elementary-school essays, while GPT-5.3 is eval-
uated with 3-shot demonstrations and no domain-
specific fine-tuning whatsoever. The appropriate
interpretation is that domain-targeted post-training
provides substantial marginal value on this nar-
row rubric corpus relative to strong inference-only
baselines, rather than that a 4B model is categori-
cally superior to GPT-5.3 across all tasks. At the re-
ported precision, GPT-5.3 ties RA-MOPD on Imag-
ination Logic (4.20) and Novelty (4.10); its lower
child register score (CRS 2.91 vs. our 3.74) illus-
trates that the two systems have complementary
strengths arising from different training objectives.

Extended limitations. Geographic and cur-
ricular scope. The benchmark covers Shang-
hai grades 3—6 under a single municipal curricu-
lum standard. The single-city annotation con-
vention may not transfer to other regions of
China; cross-regional generalisation is not evalu-
ated. It also remains an open question whether
the performance gains reflect genuine composi-
tional writing ability or optimisation of annotation-
convention-aligned surface features, since no out-
of-distribution rubric or unseen-genre transfer test
is performed. Evaluation breadth. The task-
specific RM scores are complemented by holistic,
semantic-similarity, human, and child-register eval-
uations (§5.4), which consistently reproduce the
system ranking from different perspectives. RW-

KL attribution. Imagination Novelty is the weak-
est dimension (7=0.52; Appendix K), owing to
the diffuse distribution of novelty-bearing tokens
and the length—content conflation in chunk substitu-
tion. Comparison with gradient- or attention-based
attribution methods (e.g., integrated gradients (Sun-
dararajan et al., 2017)) is deferred to future work.
Baseline scope. Parameter-efficient routing ap-
proaches (e.g., Mixture-of-LoRA) address a differ-
ent goal—maintaining modular per-genre experts
at inference—rather than our goal of a single dense
deployable model. Applying DPO or ORPO per-
genre and then distilling via RA-MOPD is a natural
extension left for future work. Four-expert base-
line. No statistically significant difference is de-
tected between RA-MOPD and the 4 x -cost ground-
truth-routed four-expert logit-averaging baseline
(A=+0.03, p=0.18). This result does not estab-
lish equivalence; a larger-scale study is needed for
greater statistical power.

B Related Work

Automated essay scoring (AES). Classical AES
targets standardised English tests (Taghipour and
Ng, 2016; Uto, 2021; Uto and Okano, 2020) and
optimises correlation with a single holistic score.
Early neural approaches established sequence mod-
els as strong baselines (Yannakoudakis et al., 2011),
while more recent work shows that pre-trained
transformers substantially improve agreement with
human raters (Mayfield and Black, 2020). Exten-
sions to multi-trait scoring and cross-prompt gener-
alisation (Ridley et al., 2021) establish the value of
dimension-specific scoring, which our eight RMs
directly instantiate. Explainable AES (Kumar and
Boulanger, 2020) connects rubric criteria to model
internals—a spirit shared by RW-KL, which uses
RM perturbation-based attributions as an oracle in-
side the distillation loop rather than for post-hoc
explanation. Chinese AES includes both feature-
engineered and LLM-based (Gong et al., 2021)
lines. EssayBench (Gao et al., 2026) benchmarks
frontier LLMs on multi-genre Chinese evaluation;
our work differs in (a) focusing on generation
rather than evaluation, (b) incorporating four train-
ing stages, and (c) using student-written essays as
gold references.

Genre- and style-conditioned generation. Style
and genre control have been studied via con-
trol tokens (Keskar et al., 2019), instruction
prompts (Sanh et al., 2022). For Chinese student

25554



writing, Zhang et al. (2022) generate teacher feed-
back. Most prior work targets classification or com-
ment generation rather than rubric-aligned genera-
tion.

Reinforcement learning and preference optimi-
sation for LLMs. RLHF (Ouyang et al., 2022;
Stiennon et al., 2020) established on-policy re-
ward optimisation as the dominant post-training
paradigm, using PPO (Schulman et al., 2017) as
the policy gradient backbone. GRPO (Shao et al.,
2024) simplifies PPO by replacing the learned
value function with group-normalised advantage es-
timates. Offline alternatives—DPO (Rafailov et al.,
2023) and ORPO (Hong et al., 2024)—avoid on-
policy rollouts at the cost of exposure bias; Ap-
pendix M shows that both fall short of the best
per-genre GRPO specialist (3.91) by 0.05-0.08
on 8-Avg, with DPO (3.86) marginally exceeding
Mix-GRPO (3.84). RAFT (Dong et al., 2023) pro-
poses reward-ranked fine-tuning, a supervised ana-
logue of online RL that selects high-reward genera-
tions for SFT; while simpler than GRPO, it lacks
the gradient-level reward signal needed for fine-
grained rubric compliance. Constitutional Al (Bai
et al., 2022) demonstrates that LLM-generated
feedback can substitute for human preference la-
bels, motivating our use of RM-derived pairs for
the DPO/ORPO baselines.

From offline KL to rubric-aware on-policy dis-
tillation. Sequence-level distillation (Kim and
Rush, 2016) and logit-level KL distillation (Sanh
et al., 2019; Hinton et al., 2015) remain canoni-
cal offline baselines; our distillation protocol ab-
lation (Appendix N) shows they underperform on-
line reverse-KL by —0.16 on 8-Avg in our setting.
Zephyr (Tunstall et al., 2023) demonstrates that
distillation of preference-aligned teacher outputs
into a smaller student can match or exceed RLHF
at lower cost—a complementary finding to our
online reverse-KL approach. On-policy distilla-
tion with the mode-seeking reverse-KL direction
was introduced by MiniLLM (Gu et al., 2024) and
Agarwal et al. (2024), then adopted by DeepSeek-
V4 (Xu et al., 2026) and MiMo-V2 (Team et al.,
2026) as the standard post-training distillation step.
Multi-expert distillation has been studied as self-
paced selection. RA-MOPD adds two extensions
specifically for rubric-guided generation. RW-KL
uses an external rubric-aligned RM as a per-token
perturbation-based importance oracle inside the KL
term, distinct from prior work where external re-

wards modulate the loss only at the sequence level.
CGM replaces single-teacher distillation with a
fixed top-2 mixture whose weights are derived from
an empirical task-transfer matrix, differing from
MoE (Shazeer et al., 2017; Fedus et al., 2022) rout-
ing in being a training-time-only, parameter-free
mechanism.

C Three-Annotator RM Validation

Protocol. To rule out self-consistency bias and
provide a cleaner human reference, we ran a sep-
arate three-annotator validation on a freshly sam-
pled set of 100 essays per dimension (800 essays
total), drawn from the 2,268 cleaned essays that
were not selected for the 6,000-essay benchmark.
The panel is therefore disjoint from the benchmark
train/validation/test splits and from all essays used
to train or evaluate the RMs. For each dimension
we recruited three new graduate-student annotators
with formal language-pedagogy training (disjoint
from the dataset-annotation team in §3 and from the
human-study panel in Appendix Q), provided them
with the same 1-5 rubric anchors (Appendix G),
and asked each to score every essay independently.
The human reference for each essay is the rounded
mean of the three independent scores.

Results. Table 7 reports results across all eight
dimensions. The RM-vs-three-rater Pearson corre-
lation averages 0.821 (QWK 0.816) and the inter-
rater Pearson among the three new annotators av-
erages 0.77, indicating that RM quality is stable
under a re-annotation by a disjoint group of quali-
fied annotators.

D Dataset: Cleaning, Audit, and IAA
Details

Source. The 10,746 raw essays originate from
public elementary schools in Shanghai, written by
students in grades 3—6 (see Table 8 for the grade x
genre distribution of the final 6,000-essay bench-
mark). Grade 4 is the modal year (33.3%), with
grades 3 and 5 together covering another ~56.6%;
grade 6 constitutes 10.1% of the benchmark, con-
centrated in the Applied genre. Identifying meta-
data (student name, school name, grade section)
was stripped prior to OCR.

Annotator profile. The three annotators in §3
are graduate-student members of our research labo-
ratory in Chinese-language education or linguistics
with formal language-pedagogy training; two are
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Reward model TRM-H QWKRM.H TIRR KIRR

App. Format & Context .832 .824 81 77
App. Suggestion & Emotion .795 790 75 71
Imag. Logical Coherence .848 .844 80 .77

Imag. Novelty 906 .904 70 .65
Narr. Detail & Emotion .806 .801 Wk —
Narr. Narration Compl. 815 .810 82 .79
Obj. Feature Accuracy 780 75 76 72
Obj. Multisense & Rhet. 788 780 773
Average 821 816 774

Table 7: Three-annotator validation of the eight RMs
on a re-sampled 100-essay-per-dimension panel drawn
from cleaned essays outside the 6,000-essay bench-
mark. rrv.g / QWKgMm.g: RM-vs-three-rater-mean cor-
relations; rrr / Kirr: inter-rater agreements among
the three new annotators. RM—-human QWK exceeds
inter-rater x on every dimension; RM-human Pearson
r exceeds inter-rater r on seven of eight dimensions
(exception: Narration Completeness, rry.g=.815 <
TIRR=.82, though QWKrmu=.810 > Kkigr=.79).

Genre G3 G4 G5 G6 Total
Narrative 415 680 355 50 1,500
Object 445 770 285 0 1,500
Imagination 462 510 503 25 1,500
Applied 188 40 741 531 1,500
Total 1,510 2,000 1,884 606 6,000
(%) 252 333 314 10.1 100

Table 8: Grade x genre distribution of the balanced
6,000-essay benchmark. Grade 4 is the modal year;
grade 6 constitutes 10.1% of the benchmark, predomi-
nantly in the Applied genre, reflecting the letter-writing
emphasis in the upper-elementary curriculum of the
source corpus.

M.A. candidates and the most senior—who adjudi-
cated > 2-point disagreements—is a Ph.D. candi-
date. All completed written training on the rubric
anchors (Appendix G) before scoring began and
were paid at the prevailing local rate for graduate-
level annotation work.

Cleaning specifics. Length filter: discard es-
says outside [100, 1500] characters (3.7% pruned).
OCR-noise removal: regex-strip tab characters, col-
lapse whitespace runs, remove control symbols
(12.4% cleaned; 0.9% unusable, dropped). Pri-
vacy redaction: a DeepSeek-V4-flash agent re-
places real names and concrete addresses with x * x;
6,000 unique essays processed, 25.5% containing
at least one PII span. Deduplication: exact dupli-
cates keyed by (prompt, essay) are dropped.

PII residual audit. Two authors manually in-
spected a uniform random 5% sample (n=300) of
the redacted essays and identified three residual PII
spans (1.0% point estimate; 95% exact binomial
upper bound ~2.9%).

Splits. Each genre is split 60/20/20 into
train/val/test under a strictly prompt-disjoint parti-
tion (deterministic hash, seed 42).

Per-dimension inter-annotator agreement. Ta-
ble 9 reports IAA per dimension.

Dimension Pearson » Weighted x
App. Format & Context 0.86 0.83
App. Suggestion & Emotion 0.78 0.74
Imag. Logical Coherence 0.81 0.78
Imag. Novelty 0.72 0.68
Narr. Detail & Emotion 0.80 0.76
Narr. Narration Compl. 0.84 0.81
Obj. Feature Accuracy 0.79 0.75
Obj. Multisense & Rhet. 0.77 0.73
Average 0.80 0.76

Table 9: Per-dimension inter-annotator agreement be-
tween the two primary annotators (before senior adjudi-
cation).

E Training Details

Stage 3 (GRPO). We use the t r1 GRPOTrainer
with vVLLM colocate (Kwon et al., 2023); learning
rate 2x 1075, 3=0.01, K=8 rollouts per prompt,
maximum completion length 1024, per-device
batch size 2, gradient accumulation 16, 2 epochs
over 900 prompts. The eight RMs are queried as
HTTP services on ports 50011-50018 (one vLLM
instance each) with asyncio concurrency 32. Each
genre specialist trains in approximately 3—5 hours
on a single H800 GPU.

Stage 4 (Base MOPD and RA-MOPD). Genre-
homogeneous batching means within each batch
only the matched expert 7, (Base MOPD) or the
matched expert plus its top-2 partner (RA-MOPD)
are needed. When the genre changes, experts are
swapped lazily (~30 s per swap for Base MOPD,
~50 s for RA-MOPD). A 2-epoch run on 900
prompts incurs ~120 swaps in total. Pure on-policy
reverse-KL with no CE stream; rollout length 512,
sampling temperature 0.7, top-p 0.95, distillation
temperature T=1.0; learning rate 2x1075; per-
device batch size 2; bf16. Total training time on
4xH800: Base MOPD ~11h, RA-MOPD ~15h.
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F Algorithms

GRPO loss (referenced from §4.3).

> log p

Larpo = —E| ) AW
k tEy(k)

A7)

+ B Dxr.(mg || mref)

(k)

with p; (k)).

—rg(2")) /g0 (2

Algorithm 1 Extract target length L* from a
prompt x.

1: function EXTRACTLEN(x)

2: P +regex patterns for common Chinese
length cues

3: forp € Pdo

4: m <—first regex match of p in x

5: if m = () then return integer of the

first capture group
end if
end for
return NONE
end function

R

Algorithm 2 One Base-MOPD optimisation step
(pure on-policy reverse-KL, no CE).

Require: Student 7y; experts {mg }; genre-
homogeneous prompt batch B of target genre
qg.
ensure matched expert 7, is loaded
for all z € Bdo
< m9.GENERATE(x) > on-policy rollout
M <—student-generated token positions
end for
{Eét)} < mp.FORWARD((z, 7))
{E((;J)} <7y, FORWARD((z,¢)) > no gradient

8: Pe(t) — softmax(é(gt) ); Qgt) — softmax(@éfg))

9 lrotal = T Sren S0 P (v) (log Py (v) -
log Qgt)(v)) > reverse KL, Dy, (P || Qg)
10: backward (); optimizer.step ()

A A S T

G Full Rubric Scoring Anchors

Tables 10-13 present the complete 1-5 scoring an-
chors for all eight rubric dimensions, in both Chi-
nese (original) and English (translation).

Algorithm 3 One RA-MOPD optimisation step
(RW-KL + CGM extensions; pure reverse-KL, no
CE).
Require: Student my; experts {mg }; RMs
(RMg,,RMg,); chunk count K; RW-KL
sharpness \; CGM mixing weights {7 };
genre-homogeneous batch B of target genre g.
ensure 7, and my  (top-2 partner) are loaded
for all z € B do

< mp.GENERATE()

Split § into K chunks; M < rollout posi-
tions

(every 5 steps) compute attribution {a(t)}
via Egs. 10-11
end for
Ly <— 9. FORWARD((, 7))
ly, < Ty, FORWARD((z,7)) > no gradient
10: £y, < Tp,, FORWARD((z,9§)) > no gradient

11: Pe(t) — softmax(fét))

el El A

© ® 3R

12: Qfﬁi)x — Tolg softmax(égg)) +
Tgolg softmax(€$32 )
3 Gy o 2 o P 0) (o PV (o) lor Qi (v)

2o Wt

> rubric-weighted reverse KL
14: backward();optimizer.step ()

H Closed-LLM Prompt Templates

System prompt. “You are a primary-school Chi-
nese teacher writing on behalf of a Chinese ele-
mentary student (grades 3-5). Begin your response
with Genre : on one line, naming the genre of the
prompt exactly as one of applied / imagination /
narrative / object. On the next line begin the es-
say with Essay : and write a 300-500-character
Chinese essay matching the prompt. Do not output
anything else.”

Zero-shot user message. Topic: (prompt)
Three-shot user message. Three same-genre
demonstration essays in the Genre :/Essay: for-
mat, followed by the target Topic: line. Demon-
strations are sampled deterministically (seed 42)
from the Stage 1 gold pool.

Output parsing. §(y) is the first non-empty sub-
string following the first occurrence of Genre:;
the essay body is everything following the first
occurrence of Essay:. Routing accuracy uses
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Score Chinese original

English translation

Dimension 1: Format & Context ( e Sae=] 'r%f%)

S RRHETL, EUREREHELGSH
M, o

4 HAHE, BERFTE, ESHEE-
3 EAREIE, EFENRIE-

2 %%fm%iﬁ%ﬁ%ﬁw’i, ESRS BHREE AT

1 SEEMER SR -

Format is impeccable; tone perfectly fits the spec-
ified role and context.

Format is standard with all required elements; lan-
guage is appropriate.

Basic format is correct; minor issues in salutation,
closing, or tone.

Core format elements missing; tone does not
match audience.

No awareness of applied-genre format.

Dimension 2: Suggestion & Emotion (&N 515R)
5 BUGRHEAISEAET, BREEREA
4 FERRHBMRAEIL, FIATHMH -
3 BEAEWESE, HEHERL.
2

VR, Bz KRR
1 EREMAE, THRR -

Highly actionable suggestions; sincere and mov-
ing emotion.

Concrete suggestions; clear and earnest expres-
sion.

Basic suggestions or attitude; content is formulaic.
Hollow suggestions; indifferent attitude.
No suggestions or emotional engagement.

Table 10: Full scoring rubric for the Applied genre.

fuzzy substring matching to avoid penalising near-
synonyms emitted by closed LLMs.

I Cross-Genre Transfer Heatmap

Figure 3 presents the full 4x4 cross-genre trans-
fer matrix for the four per-genre GRPO specialists,
computed on the first 150 prompts of the valida-
tion split per genre (not the test set; the remaining
150 validation prompts per genre are reserved for 7
selection in CGM, cf. §4.4.4). Each cell reports the
two-dimensional mean RM score when a given col-
umn expert is evaluated on the row genre. Diagonal
cells (specialty) are strongest; off-diagonal cells re-
main well above the base Qwen3-4B 8-Avg of 3.30,
confirming the absence of catastrophic forgetting.

J RW-KL Attribution Sanity Check

To verify that the chunk-level attributions from
Eq. 10 align with human linguistic intuition, we ran
the attribution on a 100-prompt validation subset
(25 per genre) and manually inspected the top-2
most attributed chunks per essay. For each genre’s
two rubric dimensions, we counted whether the top-
attributed chunks contained the linguistic features
expected by that dimension. Results (Table 14)
show that the attribution consistently identifies the
rubric-relevant linguistic units, providing qualita-
tive support for the RW-KL design.

Expert (column)

App 376 376  3.75
:%jlmag 3.57 BEXsE 3.51 3.56
o Nar  3.84 386 WERIGN 3.82
&

Obj 396 396 3.98 RZNE

Figure 3: 4x4 cross-genre transfer heatmap on the first
150 prompts of the validation split (per genre). Diagonal
cells (specialty) are strongest; off-diagonal cells remain
well above the base model. This matrix is the source
of CGM mixing weights; the remaining 150 validation
prompts per genre are used independently for 7 selection
(§4.4.4).

K RW-KL Robustness Analysis

Chunk count K. Table 15 sweeps K from 3 to
50 (RW-KL only; CGM disabled). Performance
peaks at K=10 and remains within £0.02 for K €
[5,20].

Placeholder type. Table 16 compares four place-
holder strategies for 7\ in Eq. 10. Generic-text
placeholders perform best; all strategies substan-
tially outperform Base MOPD, indicating robust-
ness to this design choice overall.

Attribution consistency (Kendall 7). Table 17
reports Kendall’s 7 between chunk-importance
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Score Chinese original

English translation

Dimension 3: Logical Coherence ( ST R )
5 dETE, BHEAEE, JEREAR
4 EEMEEE, BREESEA
3 CEMERARGEEE, RN AR -
2 FEANTE, NEEGEL.
1 EREEENEIR.

Rigorous structure; smooth transitions.
Complete structure; clear logical flow.
Basically intact; some stiff transitions.
Disorganised; scattered content.

No structural awareness whatsoever.

Dimension 4: Novelty (t52FH1%)
5 IREMER, TATTREALEYE.
4 BRFEE, OFEZMFHTE-
3 HEZTHE, HETELYE.
2 RRZK, ZAEGCRES-
1 EREERZRNE

Highly original; breaks conventional thinking.
Rich imagination; multiple novel elements.
Imaginative but relies on common tropes.
Bland; largely imitative.

Virtually no imagination.

Table 11: Full scoring rubric for the Imagination genre.

Score Chinese original

English translation

Dimension 5: Detail & Emotion (15 ‘%@)
5 hiE. HEA . DEMEREAR .

4 HEREEDT .

3 BEERET, BB .
2 BRI, EARRKIK -
1 EREHATHE -

Fine-grained action, expression, and psychologi-
cal depiction.

Multiple vivid details.

Simple depictions; not vivid.
Sparse details; plain sequence.
No detail; hollow language.

Dimension 6: Narration Completeness ( B E R )

5 ANEREE, BHTARSAAE-
4 BHEFTE, IR

3 MEHAREGEE, ([EBOVR -
2 HAUANE, ZHEREL -

1 FRUCEARE, NWERE-

All six elements complete; natural plot arc.
Elements present; clear order.

On-topic but sparse.

Poorly recounted.

Severely short; fragments only.

Table 12: Full scoring rubric for the Narrative genre.

rankings produced by three independent rollouts.
Average 7=0.74 across seven non-Novelty dimen-
sions; Imagination Novelty is lowest (7=0.52),
consistent with the diffuse nature of novelty-
bearing tokens and the length—content conflation
in chunk substitution.

L Reward Weight Ablation

Table 18 compares three principled choices of the
GRPO reward weights (wy, wq, wy, we) on the val-
idation set. The chosen (0.2,0.3,0.3,0.2) outper-
forms both the uniform baseline and the rubric-
heavy alternative by at least 4-0.04 on validation
8-Avg.

M DPO and ORPO
Preference-Optimisation Baselines

Motivation. Since our Stage-2 RMs provide per-
essay scalar scores, a natural alternative to GRPO
is to convert those scores into pairwise preferences
and apply offline preference optimisation such as
DPO (Rafailov et al., 2023) or ORPO (Hong et al.,
2024). We evaluate both as multi-genre baselines
initialised from STAGE1-SFT, directly comparable
to Mix-GRPO.

Pair construction. For each training prompt z
we generate K=8 rollouts from STAGE1-SFT and
score every rollout with the two genre-matched
RMs to obtain a composite score s(k):%(RMda +
RMg,). We retain the highest-scoring rollout as
the chosen response y,, and the lowest-scoring
as the rejected response y;, yielding one pair per
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Score Chinese original

English translation

Dimension 7: Feature Accuracy ( %?E?ﬁﬁﬁ‘ﬁ)
5 PTUBURFIERG MESHRS -
4 HME~ SIS BIRERE R -
3 EHERFHE, HBENRRML-
2 FHEREEEM .
1 FEEWZAHR -

Highly precise and distinctive features.
Accurate description of features.

Basic features; generic description.
Vague; observational biases.

Subject unclear.

Dimension 8: Multisense & Rhetoric (ZE 515%F)
5  TEEREEZEE, BREOMALL-.
4 BHAWMLERE, BEEY-
3 RRERB—, BRI

W DA R -
1 RERERESS5EEER.

Perfect multisensory integration; masterful
rhetoric.

Two or more sensory modalities; appropriate
rhetoric.

One-dimensional; plain rhetoric.
Rarely uses rhetoric.
No sensory engagement or rhetoric.

Table 13: Full scoring rubric for the Object Description genre.

Dimension Expected feature Hit rate
App. Format salutation / closing 78%
App. Suggestion  “EEWU/AE” clauses  72%
Imag. Logic causal connectives 66%
Imag. Novelty novel-setting noun 54%
Narr. Detail action / sense verb 74%
Narr. Completeness climax / resolution 1%
Obj. Feature defining attribute 73%
Obj. Multisense sensory adjective 69%

Table 14: Fraction of top-2 attributed chunks containing
the rubric-relevant linguistic feature on a 100-essay val-
idation subset. Novelty is the lowest, consistent with its
diffuse token distribution and the length—content confla-
tion noted in §4.4.3.

K 8-Avg
3 4.11
5 4.13
10 (ours) 4.15
20 4.14
50 4.12

Table 15: RW-KL sensitivity to chunk count X (CGM
disabled; Base MOPD baseline = 4.09).

prompt (900 pairs in total). This offline construc-
tion avoids on-policy rollouts during DPO/ORPO
training but sacrifices the adaptive exploration that
makes GRPO sample-efficient.

Training details. Both DPO and ORPO are
trained multi-genre (all four genres in a single
model) from STAGE1-SFT, matching the Mix-
GRPO setup. DPO uses S=0.1 and the same learn-
ing rate and batch configuration as Stage 3 (Ap-
pendix E); ORPO uses A\yq45s=0.1 per Hong et al.

Placeholder strategy 8-Avg
Generic text (ours) 4.15
Empty string 4.13
Length-matched spaces 4.13

Random character sequence 4.11

Table 16: RW-KL sensitivity to placeholder type.

Dimension Avg Kendall 7 Hit rate
App. Format 0.81 78%
App. Suggestion 0.74 72%
Imag. Logic 0.69 66%
Imag. Novelty 0.52 54%
Narr. Detail 0.77 74%
Narr. Completeness 0.73 71%
Obj. Feature 0.76 73%
Obj. Multisense 0.71 69%
Average (excl. Novelty) 0.74 72%

Table 17: Attribution consistency (Kendall 7) across
three independent rollouts and hit rate from Table 14.
Imagination Novelty is consistently the most diffuse
dimension.

(2024). Neither method uses on-policy rollouts.
Results.

Analysis. DPO and ORPO improve over SFT
but underperform the best per-genre GRPO spe-
cialist for two reasons. First, offline pair quality:
the chosen/rejected split is determined by a sin-
gle composite RM score on STAGE1-SFT rollouts;
these pairs do not cover the distribution of errors
encountered during training, causing exposure bias.
Second, genre signal: GRPO’s explicit Rgenre term
directly supervises the Genre: /Essay: prefix,
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wg  Wa w, we |8-Avg (val)

025 025 025 0.25 3.86
0.20 0.30 0.30 0.20 391
0.10 0.40 040 0.10 3.87
040 0.20 020 0.20 3.83
0.00 0.40 040 0.20 3.74

Table 18: Reward-weight ablation for GRPO.

Method 8-Avg A SFT Avgacc (%)
STAGE1-SFT (reference) 3.78 — 94.1
ORPO (RM pairs) 383 +0.05 91.5
DPO (RM pairs) 3.86 +0.08 92.3
Mix-GRPO 3.84 +0.06 91.0
Best per-genre GRPO 391 +0.13 90.8
RA-MOPD 421 +0.43 97.8

Table 19: DPO and ORPO preference-optimisation base-
lines vs. pipeline intermediates and RA-MOPD on the
held-out benchmark. DPO (+40.08) and ORPO (+40.05)
improve over SFT; DPO marginally exceeds Mix-GRPO
(+0.06). Both fall short of the best per-genre GRPO spe-
cialist (3.91) by 0.05-0.08 and substantially below RA-
MOPD (+0.43). Routing accuracy drops relative to SFT
for both (ORPO 91.5%; DPO 92.3%), suggesting that
offline preference pairs provide weaker genre-format
signal than the on-policy routing reward in GRPO.

whereas DPO and ORPO rely on the implicit cor-
relation between high RM score and correct genre
formatting—a weaker signal, reflected in lower
routing accuracy (91.5-92.3% vs. 94.1% for SFT
alone). Applying DPO or ORPO per-genre (match-
ing the GRPO setup) and then distilling with RA-
MOPD is a natural extension; we leave this to fu-
ture work.

N Distillation Protocol Ablation

To justify the choice of online policy distillation
with a reverse-KL objective, we compare three
distillation protocols that differ along two axes—
online vs. offline and KL direction—while hold-
ing all other hyperparameters fixed (same student
initialisation, same expert teachers, same training
prompts and evaluation benchmark).

Protocols. (1) Offline CE distillation gener-
ates K'=8 rollouts from each teacher expert be-
fore training begins, then trains the student via
masked cross-entropy on those teacher-generated
sequences (Kim and Rush, 2016). This is
the standard sequence-level KD baseline and
requires no on-policy rollouts at training time.
(2) Online forward-KL follows the same on-
policy rollout schedule as base MOPD but min-

imises Dkr,( ét) I Pg(t))—the mean-seeking direc-
tion that spreads student probability mass across all
teacher modes, including low-quality outputs (Gu
et al.,, 2024). (3) Online reverse-KL (base
MOPD) minimises Dk, (P,” || Q5 )—the mode-
seeking direction (Eq. 9) that concentrates the
student on realisable high-quality regions of the
teacher distribution. All three systems train on the
same 900-prompt set for 2 epochs; results are on
the held-out 1,200-essay test set.

Distillation protocol 8-Avg A Acc (%)
Offline CE (seq-level KD) 393 —0.16 94.8
Online forward-KL 4.02 —-0.07 963
Online reverse-KL (base MOPD) 4.09 — 97.5

Table 20: Comparison of three distillation protocols on
the held-out benchmark. Offline CE: sequence-level
KD on pre-generated teacher rollouts (Kim and Rush,
2016); Online forward-KL: on-policy mean-seeking KL;
Online reverse-KL: base MOPD (Eq. 9). Moving from
offline to online distillation contributes +0.09 on 8-
Avg; switching from forward to reverse KL contributes
a further 4+-0.07, consistent with Gu et al. (2024) and
Agarwal et al. (2024).

Analysis. The offline CE baseline already out-
performs Stage 1-SFT (3.78) by +0.15 on 8-Avg,
confirming that even a single round of teacher dis-
tillation transfers rubric-relevant knowledge. The
remaining +0.16 gap to online reverse-KL demon-
strates two distinct benefits: (i) on-policy rollouts
expose the student to its own error distribution
rather than the teacher’s, preventing compound-
ing exposure bias; and (ii) reverse KL prevents the
student from being pulled toward low-probability
teacher modes it cannot reliably realise. Routing
accuracy follows the same trend (94.8 — 96.3 —
97.5%), indicating that on-policy training also ben-
efits genre-format compliance. The forward-KL re-
sult is consistent with the hyperparameter analysis
in Appendix O, where replacing reverse-KL with
forward-KL reduces validation 8-Avg by —0.07.

O RA-MOPD Hyperparameter Ablation

We collect here the supporting ablation floats refer-
enced from §5.2: the CGM teacher-mixing controls
(Table 21), the multi-seed variance study (Table 22),
and a per-dimension visualisation of four represen-
tative systems (Figure 4).

KL direction. Table 20 (Appendix N) provides
a three-way comparison of distillation protocols
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Mixing strategy 8-Avg A Base
Base MOPD (single expert) 4.09 —

+ Random 2nd expert 410 40.01
+ Uniform top-2 (0.50 / 0.50) 412  40.03
+ Score-weighted top-2 (CGM) 4.15 +40.06
+ Learned gating (oracle) 416 +40.07

Table 21: CGM teacher-mixing controls (cf. §5.2).
Random partner yields negligible gain; CGM’s score-
weighted top-2 matches learned gating with no addi-
tional parameters.

System s-42 s-123 s-456  Mean £ Std
Base MOPD  4.09 4.08 4.10 4.094£0.010
+ RW-KL 4.15 414 416 4.15+0.010
+ CGM 4.15 4.15 414 4.15+£0.006
RA-MOPD 421 420 422 4.214+0.010
GPT-5.3 3-shot 4.12 (deterministic) 4.12

Table 22: 8-Avg across three random seeds (cf. §5.2).
Each component’s 4-0.06 gain is stable; the RA-MOPD-
GPT-5.3 gap of +0.09 exceeds 20.

including offline CE; here we report the isolated
effect of KL direction within the online setting. Re-
placing the reverse KL Dxr, (P || Q4) with the for-
ward KL Dkr,(Qq || Pp) drops test 8-Avg by —0.07
relative to base MOPD (4.09 — 4.02), consistent
with the findings of Gu et al. (2024) and Agarwal
et al. (2024) that the mode-seeking direction is
preferable for autoregressive language-model dis-
tillation.

RW-KL sharpness A. Table 23 sweeps A on the
validation set. A=2 is optimal; very large \ over-
concentrates on a few tokens and slightly hurts.

A (RW-KL) \ 8-Avg (val)
0 (base MOPD) 4.10
1 4.13
2 4.15
4 4.14
8 4.10

Table 23: RW-KL sharpness sweep, RW-KL only (no
CGM).

CGM temperature 7. Table 24 sweeps 7 in
Eq. 14. 7—0 recovers base MOPD; 7=0.2 is opti-
mal; very large 7 flattens the mixture.

Concrete CGM mixing weights at 7=0.2. De-
rived from the validation heatmap (Figure 3): Tar-
get App: App 0.81 /Imag 0.19; Target Imag: Imag
0.92 / App 0.08; Target Narr: Narr 0.84 / Imag
0.16; Target Obj: Obj 0.73 / Narr 0.27.
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Figure 4: Per-dimension mean RM score on the 1,200-
essay benchmark for four representative systems (cf.
Table 3). RA-MOPD matches or outperforms GPT-5.3
3-shot on all eight dimensions, with six improvements
and two ties at the reported precision.

7 (CGM) | 8-Avg (val)
— 0 (base MOPD) 4.10
0.1 4.13
0.2 4.15
0.5 4.12
1.0 4.07

Table 24: CGM temperature sweep, CGM only (no RW-
KL).

Top-k mixing. Top-2 achieves 4.21 test 8-Avg;
top-3 achieves 4.21; all-4 drops to 4.19. Top-3 does
not help because the third-ranked expert’s weight
is <0.1.

Per-dimension RA-MOPD vs. best expert. Ta-
ble 25 reports per-dimension margins. RA-MOPD
strictly improves on all eight dimensions (40.03 to
+0.13).

P Mix-GRPO Reward Trajectory

Figure 5 plots the per-genre reward moving average
during Mix-GRPO joint training. Applied-Format
and Narrative-Completeness rewards anti-correlate
from step ~100, with gradient cosine analysis
confirming destructive interference (within-genre
cos ~0.71; cross-genre cos € [—0.18, —0.07]).

Q Human Evaluation: Full Protocol and
Results

Design. Three pairwise conditions plus one
absolute-scoring track: (A) RA-MOPD vs. GPT-
5.3 (3-shot); (B) RA-MOPD vs. Stagel-SFT;
(C) RA-MOPD vs. matched expert. The absolute
track covers 1,200x4=4,800 essays; the pairwise
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Dimension Best expert RA-MOPD A

App. Format 4.10 (App) 4.13 +0.03
App. Suggestion 4.00 (App) 4.05 +0.05
Imag. Logic 4.10 (Imag) 4.20 +0.10
Imag. Novelty 4.00 (Imag) 4.10 +0.10
Narr. Detail 4.10 (Narr) 4.20 +0.10
Narr. Completeness  4.30 (Narr) 4.42 +0.12
Obj. Feature 4.20 (Obj) 4.30 +0.10
Obj. Multisense 4.15 (Obj) 4.28 +0.13
8-Avg 391 4.21 +0.30

Table 25: RA-MOPD vs. the best per-dimension single
specialist. Best expert values in each row are taken from
the specialist that operates in its own specialty genre for
that dimension; the 8-Avg row (3.91) is the best single
model’s macro-average across all eight dimensions, and
is not the arithmetic mean of the column above (which
would yield ~4.12, a mixed-oracle figure).

e 0.8 F 7
z

.%o 0.7+ N
é 0.6 -

E 05F L

"E /\/ ——— App-Format Narr-Compl.

§ 04F -~ = Imag-Logic -----. Obj-Multi. ||
(] 03 | I I I
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Training step

Figure 5: Per-genre reward trajectories during Mix-
GRPO joint training. Applied-Format (blue) and
Narrative-Completeness (red) anti-correlate from step
~100.

track covers 3,600 judgements. Six primary-school
Chinese teachers (4-9 years’ experience, external
to the training-set annotation team) participated;
each item was rated by two random teachers, dis-
agreements of > 2 scale points resolved by a senior
reviewer (5.7%). Raters were blinded to system
identity throughout all conditions.

Absolute scores corroborate automatic metrics.
Table 26 reports human and RM averages over the
full test set. The system ranking by human 8-Avg
matches the RM ranking, and the cell-level Pear-
son correlation between human and RM scores
is r=0.87 (p < 107%). The RA-MOPD-over-
GPT-5.3 advantage is reproduced in human scoring
(A H8-Avg = 40.09, consistent with A 8-Avg =
+0.09).

Pairwise preferences. Table 27 reports overall
pairwise preferences (majority vote of two teachers;
Fleiss’ « per condition; two-sided binomial p vs.

RA-MOPD| GPT-5.3 SFT Matched
RM H |[RM H|RM H |RM H

App. F [4.13 4.10 |4.10 4.12|3.75 3.74|4.10 4.07
App. S [4.05 4.02 |4.00 3.96|3.75 3.72|4.00 3.95
Imag. L |4.20 4.22 |4.20 4.22|3.79 3.78|4.10 4.12
Imag. N|4.10 4.08 |4.10 4.08|3.30 3.32|4.00 4.02
Narr. D [4.20 4.16 |4.05 4.00|3.63 3.60|4.10 4.02
Narr. C [4.42 4.36 |4.25 4.18|4.08 4.04|4.30 4.22
430 4.26 [4.10 4.06|3.97 3.94|4.20 4.14
Obj. M (428 4.24 |4.15 4.10|3.96 3.92|4.15 4.10

8-Avg |4.21 4.18 |4.12 4.09|3.78 3.76|4.12 4.08

Table 26: Human absolute scores (H) vs. RM scores
on the full 1,200-essay test set. Raters were blinded to
system identity. System ranking under human scoring
matches the RM ranking; cell-level Pearson r=0.87.

50%).
Condition Win Tie Opp. K P
(A)GPT-5.3 62.8% 85% 287% 0.62 <107°
(B) SFT 761% 6.8% 17.1% 0.68 < 107°
(C)Expert  58.4% 11.0% 30.6% 0.64 < 107°

Table 27: Pairwise preference of RA-MOPD vs. three
baselines on the full 1,200-essay test set rated by an
independent six-teacher panel (blinded). Win/Opp. =
RA-MOPD / opponent preference rate. All margins are
statistically significant.

Per-dimension breakdown (Condition A). Ta-
ble 28 reports the per-dimension breakdown of the
RA-MOPD vs. GPT-5.3 3-shot pairwise compari-
son.

R GPT-4.1 Holistic Judge: Full Protocol

Model. All holistic judgements are produced by
gpt—-4.1-2025-04-14 via the OpenAl Chat
Completions API (temperature 0, n=1).

Design rationale. This evaluation uses five judge
criteria with no lexical overlap with the eight rubric
dimension names in Table 1; the judge prompt
makes no reference to our annotation rubrics. We
note that GPT-based judges are subject to their own
biases (e.g., preference for longer or more fluent
text); the consistent system-level ordering among
SFT, GPT-5.3, and RA-MOPD, together with the
human study, provides complementary validation.

System prompt.
school Chinese language education specialist.
Evaluate the following Chinese essay written by
or for an elementary-school student. Rate it on five

“You are an expert primary-
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. . RA-MOPD . GPT-5.3
Dimension . Tie .
win win

App. Format 63.5% 13.2% 23.3%
App. Suggestion 58.7% 15.4% 25.9%
Imag. Logic 56.0% 12.8% 31.2%
Imag. Novelty 46.2%  10.5% 43.3%
Narr. Detail 674% 11.6% 21.0%
Narr. Completeness 74.3% 11.7% 14.0%
Obj. Feature Accuracy 70.1% 142% 15.7%
Obj. Multisense & Rhet ~ 76.0% 9.5% 14.5%
Overall 62.8% 85% 28.7%

Table 28: Per-dimension pairwise preference between
RA-MOPD and GPT-5.3 3-shot (Condition A, six-
teacher independent blinded panel). RA-MOPD wins
on seven of eight dimensions; Imagination Novelty is
the only near-tie.

dimensions (1-5 each): (1) Content Relevance—
does the essay address the given topic clearly
and substantively, (2) Language Fluency—is the
expression smooth, natural, and grammatically
correct; (3) Structural Coherence—is the es-
say well-organised with a clear beginning, mid-
dle, and end; (4) Age-Appropriate Register—
does the writing sound like a genuine elemen-
tary student, neither too adult nor too imma-
ture; (5) Originality—does the essay demonstrate
creative, non-formulaic thought. Return only
a JSON object with keys content, fluency,
structure, register, originality, and
mean (the arithmetic average of the five). Do not
output any other text.”

User message.

Topic: {prompt}\n\nEssay:
{essay}
Protocol. Temperature 0; n=1; 200 essays per

system (50 per genre), drawn from the same held-
out test set used for all other evaluations.

S GPT-5.5 Holistic Evaluation of
RA-MOPD Components

Setup. We additionally evaluate Base MOPD,
+RW-KL, +CGM, and RA-MOPD with GPT-5.5
as a holistic judge. The evaluation covers all 1,200
held-out prompts and 4,800 outputs in total. Sys-
tem identities, RM scores, and the final evaluation
results are hidden from the judge. GPT-5.5 assesses
content relevance, language fluency, structural co-
herence, age-appropriate expression, and original-
ity on a 1-5 scale and returns their arithmetic mean.
We use temperature 0 and one judgment per output.

System RM 8-Avg GPT-5.5 Holistic

Base MOPD 4.09 3.97+£0.031
+ RW-KL 4.15 4.00 4+ 0.030
+ CGM 4.15 4.00 £ 0.030
RA-MOPD 4.21 4.04 +0.029
A RA—Base +0.12 +0.07
Paired test — p < 0.01

Table 29: Additional component-level evaluation. Val-
ues after 4 are standard errors. The paired test com-
pares RA-MOPD with Base MOPD on the same 1,200
prompts.

Analysis. The holistic scores reproduce the RM
component ordering: RW-KL and CGM each im-
prove over Base MOPD, and their combination per-
forms best. The +-0.07 RA-MOPD improvement is
significant under the same 10,000-replicate paired-
bootstrap protocol used for the main comparisons
(p < 0.01). This additional holistic perspective
further supports the individual contribution and
complementarity of the two components.

T Qwen3-1.7B Backbone-Scale
Evaluation

We repeat Stagel-SFT, Base MOPD, and RA-
MOPD on Qwen3-1.7B using the same data split,
reward models, decoding protocol, reward coef-
ficients, RW-KL configuration, and CGM config-
uration as for Qwen3-4B. No backbone-specific
hyperparameter tuning is performed.

Stagel- Base RA- RA route
Backbone  “orr Mopp MOPD 2 (%)
Qwen3-4B 378 409 421 +40.12 978
Qwen3-1.7B  3.63 393 404 +0.11 963

Table 30: Backbone-scale results. Scores are RM 8-
Avg; A denotes RA-MOPD minus Base MOPD, and
the final column reports RA-MOPD routing accuracy.

Base RA-
Backbone MOPD + RW-KL + CGM MOPD
Qwen3-4B 4.09 4.15 4.15 4.21
Qwen3-1.7B  3.93 3.98 3.99 4.04

Table 31: Component transfer across two Qwen3 model
scales. Each component variant starts from the corre-
sponding Base MOPD model.

Absolute scores decrease at the smaller scale,
while the relative RA-MOPD gain remains nearly
unchanged (4+0.12 vs. +0.11). RW-KL and CGM
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are individually effective at both scales, and their
combination consistently performs best without
model-specific retuning.

U Qualitative Examples

Table 32 presents two paired comparisons between
RA-MOPD and GPT-5.3 3-shot. The pattern is
consistent with the aggregate numbers: RA-MOPD
produces coherent event arcs in an age-appropriate
register, while GPT-5.3 excels at striking but adult-
style imaginative imagery.

Excerpt (English gloss)

Narr. GPT-5.3 3-shot: Bobo is a small dog. .. (adult-
“my dog” | style observation; no scene structure).
RA-MOPD: Last winter my dog Bobo got lost
in the park. .. Grandma found him three streets
away and Bobo licked her hand for a long time
(complete event arc; child voice; Narration 5,
Detail & Emotion 5).

Prompt

Imag. RA-MOPD: Solar trams glide on quiet elevated
“hometown tracks. .. (logically coherent; conventional sci-fi
in 20 yrs” | imagery; Logic 4, Novelty 4).

GPT-5.3 3-shot: Children grow vegetables on
walls of liquid mercury; clouds can be folded
into envelopes. .. (striking imagery; Logic 4,
Novelty 5).

Table 32: Paired excerpts illustrating where RA-MOPD
wins (Narration Completeness; child-appropriate voice)
and where GPT-5.3 3-shot wins (Imagination Novelty).
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