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Abstract
Serial subtitle translation requires work-
specific terminology and translation conven-
tions to be maintained across episodes, de-
spite scarce bilingual supervision. Previously
finalized subtitles provide both adaptation data
and translation memory, but our experiments
show that the benefit of combining super-
vised adaptation and retrieval varies across se-
ries. We introduce SerialDistill, which com-
bines LoRA-based domain adaptation with
retrieval-conditioned on-policy distributional
distillation (OPD). A Qwen3-8B student gen-
erates translation trajectories, while a frozen
Qwen3-14B teacher provides token-level su-
pervision under the same bilingual context re-
trieved exclusively from previously finalized
episodes. On Japanese-to-Chinese translation
across two anime series, SerialDistill improves
over the non-distilled LoRA-8B+RAG base-
line by up to 3.80 chrF and 4.15 BLEU,
measured on pooled held-out episodes. The
student also outperforms the larger retrieval-
augmented teacher, which has not undergone
domain adaptation. These results support
retrieval-conditioned distillation as an addi-
tional adaptation stage for data-scarce serial
subtitle translation.

1 Introduction

Serial subtitle translation is a data-scarce domain-
adaptation task: only a few thousand work-specific
bilingual subtitle pairs are available in our setting,
yet translation must remain consistent in charac-
ter names, terminology, and recurring expressions
across episodes. As episodes are finalized, their
subtitles form a growing translation memory that
is limited in quantity but closely matched to subse-
quent episodes. We therefore ask how a compact
model can effectively exploit this scarce supervi-
sion and historical bilingual context for Japanese-
to-Chinese subtitle translation.

Supervised adaptation can encode work-specific
patterns through low-rank adaptation (LoRA) (Hu

et al., 2022), while retrieval-augmented generation
(RAG) makes earlier translations explicitly avail-
able during generation. However, the gains from
their combination vary across series. Combining
LoRA and RAG improves translation on the pri-
mary series, but does not consistently outperform
either component alone on a second series. This
motivates investigating whether teacher supervi-
sion can further improve a domain-adapted student
operating with historical bilingual context.

To address this question, we develop SerialDis-
till, which adapts on-policy distributional distilla-
tion (Agarwal et al., 2024) to serial subtitle transla-
tion. As illustrated in Figure 1, SerialDistill condi-
tions both student generation and teacher supervi-
sion on episode-causal bilingual memory retrieved
exclusively from previously finalized episodes. A
LoRA-adapted student generates translation trajec-
tories under this historical context, and a frozen
teacher provides next-token distributions along the
same student-generated prefixes under identical
context. This couples the distillation process to
the retrieval conditions used at inference time.

We evaluate SerialDistill on two anime series us-
ing a Qwen3-8B student and a Qwen3-14B teacher
(Yang et al., 2025). On the pooled held-out sets,
SerialDistill improves over LoRA-8B+RAG and
achieves the highest chrF, BLEU, and COMET
scores among the evaluated systems on both se-
ries. These results support the additional value of
retrieval-conditioned distillation.

Our contributions are threefold:

• We study data-scarce serial subtitle translation
with bilingual memory restricted to previously
finalized episodes.

• We introduce SerialDistill, combining do-
main adaptation with retrieval-conditioned on-
policy distributional distillation.

• We demonstrate improvements over adapta-

71



Figure 1: Overview of SerialDistill. Qwen3-8B is first adapted with LoRA, then refined through retrieval-conditioned
on-policy distributional distillation. Training examples are shuffled, while each instance accesses only episode-
causal memory from previously finalized episodes.

tion, retrieval, and their direct combination on
the pooled held-out sets of two anime series.

2 Related Work

2.1 Large Language Models for Machine
Translation

Large language models (LLMs) have been eval-
uated for translation across language pairs and
prompting settings (Hendy et al., 2023; Jiao et al.,
2023). For few-shot translation, example quality
and domain relevance influence performance (Vi-
lar et al., 2023; Agrawal et al., 2023). The use
of contextual information has been explored for
document-level and subtitle translation (Wang et al.,
2023; Pramodya et al., 2025). However, effec-
tively exploiting broader context remains challeng-
ing (Jin et al., 2023). Studies of subtitle translation
have also examined context-dependent phenomena
such as deixis, ellipsis, and lexical cohesion (Voita
et al., 2019). Our setting is a domain-specific, low-
resource case in which earlier subtitles remain di-
rectly relevant to later episodes.

2.2 Domain Adaptation and
Parameter-Efficient Fine-Tuning

Fine-tuning on in-domain data is a standard ap-
proach to domain adaptation in neural machine
translation (NMT) (Saunders, 2022). Parameter-
efficient alternatives include lightweight adapter

modules for pretrained language models and trans-
lation systems (Houlsby et al., 2019; Bapna and
Firat, 2019b). LoRA represents parameter updates
with low-rank matrices (Hu et al., 2022). In sub-
title translation, LoRA can internalize recurring
terminology, conventions, and style; we pair this
parameter adaptation with retrieval to preserve ac-
cess to historical translations.

2.3 Retrieval-Augmented Machine
Translation

Retrieval-augmented machine translation supple-
ments a model with relevant bilingual examples or
external knowledge at inference time; earlier sub-
titles can therefore serve as a translation memory.
Earlier retrieval-based MT methods reuse transla-
tion pieces or retrieve phrase-level context from
bilingual memory (Zhang et al., 2018; Bapna and
Firat, 2019a). At the token level, kNN-MT aug-
ments predictions with a datastore of translation ex-
amples and supports domain adaptation through the
choice of datastore (Khandelwal et al., 2021). More
recent work has studied retrieval for machine trans-
lation in semantic, document-level, and external-
knowledge settings (Bouthors et al., 2024; Peng
et al., 2025; Wang et al., 2025; Lu et al., 2025). Se-
rial subtitles are a natural test bed because finalized
episodes often reuse terminology and expressions.
Our work uses this translation memory to condition
both teacher and student during distillation.
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2.4 Knowledge Distillation and On-Policy
Distillation

Knowledge distillation transfers information from
a stronger teacher through generated sequences
or predictive distributions (Hinton et al., 2015).
Sequence-level distillation trains on teacher trans-
lations (Kim and Rush, 2016), whereas token-level
methods preserve richer distributional information.
Recent LLM distillation methods also study the
choice of distribution-matching objectives and the
use of student-generated outputs (Gu et al., 2024;
Ko et al., 2024). Offline methods typically super-
vise fixed teacher trajectories; on-policy distillation
instead lets the student generate trajectories and
obtains supervision on the states it visits (Agarwal
et al., 2024). Our work applies on-policy distri-
butional distillation to data-scarce serial subtitle
translation. We combine a domain-adapted student
with bilingual retrieval restricted to previously fi-
nalized episodes, using the same retrieved context
for teacher and student.

3 Method

3.1 Task Definition and Overview

Given a Japanese subtitle sequence

X = (x1, . . . , xn), (1)

the model generates the corresponding Chinese
subtitle sequence

Y = (y1, . . . , yn). (2)

Here, xi and yi denote aligned subtitle segments.
Within an individual target segment y, yt denotes
its t-th token.

We consider a serial translation setting in which
each training instance is associated with an episode-
causal retrieval memory. When translating an
example from episode e, the retrieval memory
contains only finalized Japanese–Chinese subtitle
pairs from episodes 1, . . . , e− 1. Target subtitles
from the current and future episodes are excluded
from retrieval. Source-side subtitles from future
episodes are also excluded from retrieval in this
evaluated setting.

Our framework, SerialDistill, consists of two
stages. First, Qwen3-8B is adapted to the target
series through supervised fine-tuning (SFT) with
LoRA. Second, the resulting domain-adapted stu-
dent is further refined through retrieval-conditioned

on-policy distributional distillation from a frozen
Qwen3-14B teacher.

This episode-causal construction aligns retrieval-
conditioned distillation with the assumed serial
translation workflow: the retrieved bilingual ev-
idence excludes the current and future episodes.
This restriction applies to retrieval memory; it does
not impose an episode-by-episode order on param-
eter updates.

3.2 Domain Adaptation with LoRA
We first adapt Qwen3-8B using the available in-
domain bilingual subtitles. LoRA is used for
parameter-efficient supervised fine-tuning, while
the underlying pretrained model remains frozen.

The student is optimized with the standard au-
toregressive response-token objective:

LSFT = −
∑︂

t

log pθ(yt | y<t, x). (3)

This stage adapts the student to work-specific
terminology, translation conventions, and recurring
linguistic patterns. The resulting Qwen3-8B LoRA
model serves as the initialization for the subsequent
distillation stage.

3.3 Episode-Causal Subtitle Memory
Let the finalized bilingual subtitle set for episode j
be

Dj = {(x(j)i , y
(j)
i )}Nj

i=1, (4)

where x(j)i and y
(j)
i denote the Japanese source and

finalized Chinese translation of subtitle i.
When processing episode e, the available trans-

lation memory is

Me =
⋃︂

j<e

Dj . (5)

Only subtitle pairs originating from episodes ear-
lier than e are eligible for retrieval; pairs from the
current and future episodes are excluded.

For a current Japanese subtitle x, the retriever
returns up to K highest-scoring bilingual matches
from Me:

Re(x) = TopK(x′,y′)∈Me
BM25(x, x′). (6)

The retrieved bilingual examples and the current
source subtitle are then combined into a single
model context:

Ce(x) = Prompt
(︁
Re(x), x

)︁
. (7)
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Figure 2: Role-structured construction of the episode-
causal retrieval prompt. Retrieved bilingual examples
are represented as User–Assistant dialogue turns, fol-
lowed by the current Japanese input. A fixed bilingual
demonstration is omitted for clarity.

Figure 2 illustrates the role-structured prompt
construction used to instantiate Ce(x).

This construction makes retrieval strictly causal
with respect to episode order while allowing
the bilingual memory to grow naturally as more
episodes become historical.

Training instances are shuffled for OPD; episode
order constrains retrieval availability rather than
optimization order.

3.4 Retrieval Conditioning

SerialDistill uses a frozen Qwen3-14B model as the
teacher and the LoRA-adapted Qwen3-8B model
as the student.

During distillation, both models receive the same
current source subtitle and the same causal retrieval
context. Their predictive distributions are therefore

pT (yt | Ce(x), y<t) (8)

for the teacher, and

pθ (yt | Ce(x), y<t) (9)

for the student.
The teacher contributes the predictive behavior

of the larger model, while the student begins with
work-specific knowledge already acquired through
SFT. The teacher and student operate under iden-
tical retrieval evidence, so teacher supervision is
conditioned on information that is also available to
the student.

3.5 Retrieval-Conditioned Distillation
Figure 3 summarizes the distillation cycle. Let θc
denote the student parameters and Bc the batch of
training examples at the beginning of cycle c. For
each example x ∈ Bc, we first construct its episode-
causal retrieval context Ce(x). The current student
then samples a fresh translation trajectory

Ŷ = (ŷ1, . . . , ŷT ) ∼ πrollout
θc (· | Ce(x)). (10)

Here, πrollout
θc

denotes the current student’s sam-
pling policy with temperature 0.7 and top-p 0.9.
Teacher and student distributions used in the KL
objective are computed at temperature 1 over the
full vocabulary, without nucleus truncation. Gen-
erated token IDs and teacher targets are held fixed
during backpropagation.

The frozen teacher evaluates the same student-
generated prefixes under the identical retrieval con-
text:

ptT (v) = pT (v | Ce(x), ŷ<t), (11)

ptθc(v) = pθc(v | Ce(x), ŷ<t). (12)

At each response position t, let St denote the
teacher’s top-KT token set. Both models are com-
pressed using the same set. For m ∈ {T, θc}, we
define a distribution over St ∪ {other}:

qtm(v) =

⎧
⎨
⎩
ptm(v), v ∈ St,

1−
∑︂

u∈St

ptm(u), v = other. (13)

The retained probabilities are not renormalized;
the remaining probability mass forms the residual
category.

The loss for cycle c is computed as the token-
weighted mean KL divergence over all valid re-
sponse tokens in the cycle:

Lc =

∑︂

x∈Bc

∑︂

t∈Tx
DKL

(︂
qx,tT ∥ qx,tθc

)︂

∑︂

x∈Bc

|Tx|
, (14)

where Tx contains response positions whose gen-
erated token IDs are not special tokens. Prompt,
padding, and special-token positions, including
EOS, are excluded from the loss.

Gradients are accumulated over the cycle and
normalized by its total number of valid response
tokens. After gradient clipping, we perform one
AdamW update of the student’s LoRA parameters,
yielding θc+1. The student backbone and teacher
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Figure 3: Overview of retrieval-conditioned on-policy distillation. Student and teacher share the same episode-causal
RAG context; the teacher provides token-level supervision along student-generated trajectories, and the updated
student generates fresh trajectories in the next optimization cycle.

remain frozen, and optimizer state is preserved
across cycles.

After this update, the next cycle processes a new
batch of training examples and generates fresh tra-
jectories using the updated student pθc+1 . No replay
buffer or fixed teacher-generated trajectory set is
used.

SerialDistill is therefore on-policy at the cycle
level: each batch is generated by the current stu-
dent, while retrieval remains episode-causal for
every training instance.

4 Experimental Setup

4.1 Data and Splits
We use Japanese–Chinese subtitles from a 12-
episode anime series. Lyric cues are excluded from
the primary-series experiments. Dataset usage is
summarized in Table 1.

OPD examples from EP2–9 are shuffled across
episodes, with retrieval restricted to earlier final-
ized episodes for each example. At evaluation time,
the memory grows with episode order: EP10, EP11,
and EP12 use finalized subtitles from EP1–9, EP1–
10, and EP1–11, respectively. Earlier evaluation
episodes enter the bilingual memory only after they
are treated as finalized, and no further parameter

Use Episodes Pairs

SFT / initial memory 1–9 2,687
OPD 2–9 2,448
Development 10 346
Held-out test 11 / 12 277 / 212

Table 1: Primary-series episode split and retained non-
lyric pairs.

System Base model LoRA RAG Distillation

Base-8B Qwen3-8B – – –
LoRA-8B Qwen3-8B ✓ – –
RAG-8B Qwen3-8B – ✓ –
LoRA-8B+RAG Qwen3-8B ✓ ✓ –
14B+RAG Teacher Qwen3-14B – ✓ –
SerialDistill Qwen3-8B ✓ ✓ OPD

Table 2: Summary of evaluated systems.

updates are performed. For each evaluated episode,
reference translations from that episode and all fu-
ture episodes are excluded from its retrieval context.
EP11–12 are not used for adaptation, distillation, or
configuration selection. These boundaries prevent
target-episode reference leakage while permitting
reuse of previously finalized translations in the se-
quential workflow.

Cross-series replication. To examine whether
the main finding transfers beyond the primary se-
ries, we independently replicate the SerialDistill
pipeline on a second 12-episode anime series, Gi-
mai Seikatsu, using publicly available Japanese–
Chinese subtitles released by Haruhana Funsub.
The 12-episode dataset follows the same split pro-
tocol as the primary experiment: Episodes 1–9
provide LoRA adaptation and retrieval memory,
EP2–9 provide OPD training instances, EP10 is the
development set, and EP11–12 are held-out tests.
Held-out episodes are evaluated only after training
and configuration are fixed.

4.2 Models and Systems

The evaluated systems are summarized in Table 2.
The Qwen3-14B teacher remains frozen, and

SerialDistill is initialized from the domain-adapted
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Qwen3-8B LoRA model. LoRA-8B+RAG uses
the same initial adapter without distillation. Both
series use this student–teacher configuration.

4.3 Training Configuration

The primary-series experiments are run on a sin-
gle GPU. We first adapt the student to the target
series with LoRA and then refine the same adapter
through retrieval-conditioned on-policy distillation.
During distillation, each optimization cycle uses
fresh student-generated trajectories, while the stu-
dent backbone and teacher remain frozen. Hard-
ware, software versions, and training hyperparame-
ters are reported in Appendix A.3.

4.4 Retrieval and Inference

Both series use sentence-level BM25 and the
episode-causal memory protocol described above.
The number of retrieved examples is specified in
Appendix A.3. The shared translation instruction
contains one fixed bilingual demonstration in addi-
tion to any retrieved examples. We compare dense
semantic retrieval and structured word-level mem-
ory on the primary-series development set in Sec-
tion 5.4.

Evaluation uses deterministic decoding with
thinking disabled and a maximum of 128 new to-
kens; OPD training uses sampled trajectories.

4.5 Evaluation

We report corpus chrF (Popović, 2015), BLEU (Pa-
pineni et al., 2002) computed with SacreBLEU and
Chinese tokenization (Post, 2018), and mean seg-
ment COMET using Unbabel/wmt22-comet-da
(Rei et al., 2020). Major comparisons additionally
use two-sided paired bootstrap resampling for sig-
nificance testing (Koehn, 2004). For the primary-
series teacher comparison and both second-series
comparisons in Table 5, we use 2,000 paired resam-
ples of subtitle segments with random seed 42.

5 Results

5.1 Main Results

Table 3 summarizes the main results on the EP10
development set and the held-out EP11–12 test sets.
On EP10, both LoRA and retrieval improve over
the base model, and their combination improves all
three metrics over either component alone.

Retrieval-conditioned on-policy distillation fur-
ther improves over LoRA-8B+RAG by 0.72 chrF
and 1.20 BLEU on the pooled held-out set (Table 5).

SerialDistill also surpasses the larger 14B+RAG
teacher across chrF, BLEU, and COMET on both
EP11 and EP12.

The same trend holds on the pooled 489-example
test set. SerialDistill exceeds the teacher by 3.60
chrF, 6.80 BLEU, and 0.0067 COMET, with the
pooled differences reaching statistical significance
(Table 5). This consistency across episodes and
metrics indicates that the improvement is not driven
by a single test split.

5.2 Cross-Series Replication

To test whether the main SerialDistill result is spe-
cific to the primary series, we independently repli-
cate the pipeline on Gimai Seikatsu. As shown in
Table 4, SerialDistill achieves the strongest pooled
performance and preserves the student-over-teacher
pattern on both held-out episodes.

On the pooled EP11–12 set, SerialDistill im-
proves over the corresponding non-distilled LoRA-
8B+RAG baseline by 3.80 chrF and surpasses the
14B+RAG teacher by 2.46 chrF. All three metric
improvements over LoRA-8B+RAG are signifi-
cant at p < .001; against the teacher, chrF and
BLEU are significant at p < .001 and COMET at
p = .001. Table 5 summarizes the pooled gains
over the non-distilled student and the teacher for
both series.

5.3 Teacher Retrieval Ablation

We examine teacher-side retrieval on the primary
series. The ablated variant removes retrieved exam-
ples only from the teacher input during distillation;
student retrieval and the episode-causal evaluation
protocol are retained in both variants.

As shown in Table 6, teacher retrieval improves
chrF by 1.09 and BLEU by 1.12. The chrF gain is
statistically significant (p = .014; two-sided paired
bootstrap, 2,000 resamples, seed 42). These results
support the value of providing historical bilingual
evidence to the teacher during distillation.

5.4 Retrieval Strategy Comparison

To assess the choice of retrieval strategy, Table 7
compares sentence-level BM25, dense semantic
retrieval, and word-level structured memory using
Qwen3-8B without LoRA on the primary-series
development set. The difference between BM25
and dense retrieval is not statistically significant,
whereas the structured memory does not improve
over the simpler sentence-level approach.
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Development: EP10 Held-out Test: EP11 Held-out Test: EP12 Held-out Test: EP11+12 pooled
System chrF BLEU COMET chrF BLEU COMET chrF BLEU COMET chrF BLEU COMET

Base-8B 24.60 28.43 .8286 23.80 28.43 .8207 23.87 27.62 .8153 23.83 28.07 .8184
LoRA-8B 32.19 37.18 .8569 36.93 42.38 .8753 37.75 42.48 .8708 37.29 42.43 .8733
RAG-8B 33.71 38.26 .8590 38.39 37.70 .8735 34.60 39.32 .8702 36.75 38.39 .8721
LoRA-8B+RAG 35.59 40.58 .8645 43.26 47.32 .8867 38.13 43.48 .8785 40.98 45.61 .8832
14B+RAG Teacher 34.34 37.66 .8630 39.41 40.64 .8806 36.46 39.24 .8754 38.11 40.01 .8784
SerialDistill 36.94 42.48 .8723 43.42 48.00 .8883 39.55 44.78 .8809 41.70 46.81 .8851

Table 3: Main results on EP10 development and EP11/12 held-out tests. The pooled column is computed on the
concatenated 489-example held-out set.

Development: EP10 Held-out Test: EP11 Held-out Test: EP12 Held-out Test: EP11+12 pooled
System chrF BLEU COMET chrF BLEU COMET chrF BLEU COMET chrF BLEU COMET

Base-8B 16.98 17.99 .7877 19.04 20.94 .8017 18.26 19.86 .7945 18.69 20.45 .7983
LoRA-8B 22.03 25.39 .8162 19.87 22.93 .8177 22.50 26.31 .8179 21.03 24.48 .8178
RAG-8B 21.61 23.16 .8066 21.22 23.49 .8086 25.11 28.05 .8215 22.94 25.55 .8146
LoRA-8B+RAG 23.76 27.33 .8117 19.56 22.76 .8056 24.35 28.29 .8215 21.68 25.31 .8130
14B+RAG Teacher 22.16 23.02 .8097 22.18 22.99 .8115 24.07 25.54 .8166 23.02 24.12 .8139
SerialDistill 23.85 27.08 .8136 22.70 25.83 .8183 28.99 33.64 .8306 25.48 29.46 .8240

Table 4: Cross-series replication on Gimai Seikatsu. EP10 is the development set, EP11 and EP12 are held-out test
sets, and the pooled column is computed on the concatenated 672-example EP11–12 test set.

These results suggest that increasing retrieval
complexity does not necessarily improve transla-
tion quality in this setting. Because BM25 achieves
comparable downstream performance with a sim-
pler retrieval mechanism, we use sentence-level
BM25 in the final SerialDistill system.

5.5 Qualitative Analysis

To complement the quantitative comparisons, Fig-
ure 4 presents three illustrative translations from
LoRA-8B+RAG and SerialDistill. In (a), SerialDis-
till recovers the omitted description of the project’s
scale. In (b), it preserves the source statement about
insufficient awareness of a crisis rather than recast-
ing it as the addressee’s failure to notice the crisis.
In (c), it translates the reference to a battlefield
smell without adding the unsupported specification
of blood.

Figure 4: Qualitative examples comparing LoRA-
8B+RAG and SerialDistill (labeled OPD in the figure).
The examples illustrate omission, semantic error, and
unsupported additions in the adapted student output, to-
gether with the corresponding SerialDistill corrections.

6 Discussion

6.1 Student–Teacher Performance
Comparison

On the pooled held-out sets, SerialDistill’s advan-
tage over the 14B+RAG teacher is observed un-
der two different starting conditions. On the pri-
mary series, LoRA-8B+RAG already outperforms
the teacher before distillation and improves fur-
ther afterward. On Gimai Seikatsu, the same base-
line starts below the teacher in chrF and COMET,
whereas the distilled student surpasses it on all
three metrics. In both cases, the student combines
prior adaptation to the target series with supervision
from the larger teacher, which has not undergone
domain-specific fine-tuning.

This pattern suggests that the teacher’s own trans-
lation scores do not fully capture its usefulness as a
source of supervision. In SerialDistill, the teacher
provides next-token guidance along the adapted stu-
dent’s generated prefixes under the same retrieved
bilingual context. Such guidance may complement
the translation patterns acquired during supervised
adaptation, helping the student improve beyond
both its initial performance and the teacher’s inde-
pendently generated translations.

The examples in Figure 4 illustrate changes ac-
companying the aggregate gains: recovery of omit-
ted information, preservation of intended meaning,
and avoidance of unsupported details.
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chrF BLEU COMET
Series Comparison baseline ∆ p ∆ p ∆ p

Primary LoRA-8B+RAG +0.72 < .001 +1.20 < .001 +.0019 < .001
14B+RAG Teacher +3.60 < .001 +6.80 < .001 +.0067 .042

Gimai Seikatsu LoRA-8B+RAG +3.80 < .001 +4.15 < .001 +.0110 < .001
14B+RAG Teacher +2.46 < .001 +5.34 < .001 +.0102 .001

Table 5: SerialDistill gains on the pooled EP11–12 test sets (489 and 672 examples for the primary and second series,
respectively). Positive ∆ indicates improvement over the comparison baseline. The p values are from two-sided
paired bootstrap tests. Deltas use unrounded scores where available; the primary LoRA-8B+RAG comparison uses
the reported baseline scores.

Teacher retrieval chrF BLEU COMET

Without 40.17 45.06 .8811
With 41.26 46.18 .8819

Table 6: Teacher-retrieval ablation on the pooled
primary-series EP11–12 test set. These training runs are
independent of the main experiment in Table 3.

Retrieval chrF COMET

Sentence BM25 33.71 .8590
Dense top-2 33.81 .8602
Structured word-level 32.47 .8575

Table 7: Retrieval comparison for Qwen3-8B without
LoRA on the primary-series EP10 development set.
Bold marks the highest score in each column.

6.2 Implications for Serial Translation
Combining adaptation and retrieval improves over
either component alone on the primary-series
pooled test set, while its benefits vary across met-
rics on Gimai Seikatsu. Distillation adds gains in
both settings, yielding the highest pooled scores on
all three metrics in each series.

Previously finalized subtitles support adaptation
and retrieval, while teacher supervision enables fur-
ther training without additional parallel examples.
The gains observed with a few thousand training
pairs in each series support this approach to data-
scarce domain adaptation.

At inference time, the 8B student translates with
retrieval alone. The final system retains the model
size and inference structure of LoRA-8B+RAG,
fitting a workflow that reuses completed subtitles
for subsequent episodes.

7 Conclusion

SerialDistill combines LoRA adaptation with
retrieval-conditioned on-policy distillation in a se-
rial subtitle translation workflow. On both evalu-
ated Japanese-to-Chinese anime series, it improves

over LoRA-8B+RAG and surpasses the unadapted
14B+RAG teacher on pooled held-out chrF, BLEU,
and COMET. Previously finalized subtitles sup-
ply adaptation data and episode-causal retrieval
memory, while teacher guidance adds supervision
without additional parallel examples. The resulting
8B student translates with retrieval alone at infer-
ence time. These findings support distillation as
an additional adaptation stage under the evaluated
bilingual-history setting.

Limitations

Our experiments evaluate Japanese-to-Chinese sub-
title translation in two anime series, using finalized
translations of earlier episodes as retrieval memory.
Evaluation across additional language pairs, gen-
res, and translation-memory conditions would help
establish the broader applicability of SerialDistill.

Due to time constraints, we have not conducted
cold-start experiments in which no previously trans-
lated episodes are available for training or retrieval.
Our results therefore apply to settings with an ex-
isting work-specific bilingual history. Evaluating
performance from an initially empty memory as
translations accumulate is an important direction
for future work.

The evaluation combines automatic MT metrics
with qualitative analysis of individual translations;
a systematic human evaluation remains to be con-
ducted. Such an evaluation would assess termi-
nology consistency and context-sensitive meaning
across episodes, alongside translation adequacy
and fluency, and quantify the occurrence of the
improvements illustrated by the qualitative exam-
ples.
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A Appendix

A.1 Detailed Dataset Statistics
Episode Primary series Gimai Seikatsu Experimental role

1 239 282 SFT and initial retrieval memory
2 288 423 SFT, OPD, and retrieval memory
3 335 470 SFT, OPD, and retrieval memory
4 305 335 SFT, OPD, and retrieval memory
5 295 313 SFT, OPD, and retrieval memory
6 309 300 SFT, OPD, and retrieval memory
7 252 453 SFT, OPD, and retrieval memory
8 348 354 SFT, OPD, and retrieval memory
9 316 349 SFT, OPD, and retrieval memory
10 346 344 Development
11 277 360 Held-out test
12 212 312 Held-out test

Table 8: Episode-level dataset statistics. Counts are computed from the dataset files and corresponding audit records.
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Figure 5: Episode-level distribution of usable aligned subtitle pairs in the two series. Dashed boundaries separate
the training, development, and held-out test portions.

This appendix reports the episode-level statistics
underlying the two-series experiments. Table 8
gives the exact counts of usable aligned subtitle
pairs, and Figure 5 shows how these counts vary
across episodes in the two series. For the primary
series, the counts exclude lyric cues; for Gimai
Seikatsu, they correspond to the valid aligned pairs
recorded by the dataset audit.

A.2 On-Policy Distillation Diagnostics

Table 9 summarizes the primary-series OPD trace
in consecutive cycle ranges, while Figure 6 shows
the cycle-level fluctuations in KL and gradient
norm. Each row is computed from the saved per-
cycle log. KL is token-weighted within each cycle;
the table reports arithmetic means of the cycle-
level KL values and pre-clipping gradient norms.

Coverage is the teacher probability mass retained
by its top-64 token set, shared with the student;
mean coverage averages the cycle means, and min-
imum coverage is the lowest token-level value in
the range. These diagnostics describe optimization
behavior and were not used to select a checkpoint
on the held-out test episodes.

Mean KL decreases from 1.4092 in Cycles 1–10
to 0.8537 in Cycles 71–77. At the same time, the
retained top-64 set accounts for more than 99.99%
of the teacher probability mass on average in every
range.
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Cycles Examples Mean KL Mean grad. norm Mean coverage (%) Min. coverage (%) Response tokens

1–10 320 1.4092 2.3147 99.9946 96.9318 2,274
11–20 320 1.2840 2.1207 99.9961 97.2676 2,181
21–30 320 1.1872 2.1202 99.9954 98.2997 2,182
31–40 320 1.2077 2.2150 99.9949 94.4799 2,412
41–50 320 1.0819 1.9129 99.9961 98.2002 2,131
51–60 320 1.0099 1.8003 99.9967 98.8558 2,184
61–70 320 0.9189 1.7747 99.9950 95.2910 2,128
71–77 208 0.8537 1.6327 99.9970 98.6739 1,363

Table 9: Primary-series OPD diagnostics aggregated from the 77 saved optimization cycles. The final range contains
208 examples because the last cycle contains the remaining 16 of the 2,448 training instances.
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Figure 6: Cycle-level primary-series OPD optimization traces. The upper panel shows the token-weighted KL
objective; the lower panel shows the gradient norm before clipping.
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A.3 Training and Retrieval Configuration
Table 10 lists the hardware, software, and training
settings for the primary series, together with the
retrieval setting shared by both series. Dataset sizes
and splits are given in Tables 1 and 8.

Setting Value

Primary series: hardware and software
GPU One NVIDIA GeForce RTX 5090 (32 GB)
Numerical precision bf16
Gradient checkpointing Enabled
PyTorch 2.11.0+cu128
Transformers 5.16.1
PEFT 0.20.0

Primary series: supervised adaptation
LoRA configuration Rank 16; α = 32; dropout 0.05
LoRA target modules q proj, k proj, v proj, o proj, gate proj, up proj, down proj
Training epochs 1
Optimizer AdamW
Learning rate 2× 10−4

Batch size 1
Gradient accumulation 8 steps
Maximum sequence length 512 tokens
Learning-rate schedule Cosine
Warm-up steps 10
Gradient clipping 1.0

Primary series: on-policy distillation
Optimizer AdamW
Learning rate 5× 10−6

Optimization cycles 77
Examples per cycle Up to 32
Updates per cycle 1
Rollout micro-batch size 4
Teacher scoring / student update micro-batch size 1 / 1
Teacher distribution representation Top KT = 64 tokens plus residual mass
Sampling temperature 0.7
Sampling top-p 0.9
Maximum new tokens 128

Both series: retrieval
Maximum retrieved bilingual examples K = 2

Table 10: Primary-series implementation settings and the retrieval size shared by both series.
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