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Abstract

Manchu is a typical low-resource agglutinative
language, for which existing digital resources
are largely limited to character recognition and
basic annotation, while sentence-level genera-
tion remains underexplored. In this paper, we
study constrained sentence-level Manchu con-
tinuation. We construct the first context-target
corpus for this continuation task, consisting of
3214 examples collected from Manchu Stories
in Translation, Common Manchu Dialogues,
and other sources, covering both narrative and
conversational genres1. To improve robustness
to rich suffixation, relatively flexible word or-
der, and frequent OCR or transcription noise in
Manchu, we propose a Multi-Granularity Data
Augmentation (MGDA) strategy that expands
training data through character-level noise in-
jection, phrase rearrangement, and suffix pertur-
bation, without relying on external dictionaries
or translation models. Experiments on ByT5-
small and Qwen2-1.5B show that MGDA sub-
stantially improves Manchu text generation per-
formance: BLEU-4/ROUGE-L increases from
2.03/2.59 to 17.60/42.70 for ByT5, and from
1.98/6.42 to 14.12/41.49 for Qwen. Further ab-
lation studies demonstrate the complementarity
of the three augmentation granularities and sug-
gest potential benefits of byte-level modeling
in this experimental setting.

1 Introduction

Manchu was the "national language" of the Qing
dynasty in China and was widely used in politics,
military affairs, archival administration, and social
communication during that period (Chao Ke, 2014).
However, as its domains of use have disappeared,
Manchu has become a severely endangered lan-
guage (UNESCO, 2010). This sharp decline in

1https://zenodo.org/records/20393618

active speakers contrasts with the large volume of
extant Manchu documents and archives, many of
which remain insufficiently organized, transcribed,
and translated. Many Qing-era Manchu archives
also contain damaged, incomplete, or noisy text,
so contextual completion can support archival pro-
cessing, corpus expansion, and digital teaching.
Against this background, constructing sentence-
level generation corpora for Manchu and devel-
oping text generation methods under low-resource
conditions are important both for resource construc-
tion and for methodological exploration.

Current research on Manchu NLP is still at an
early stage and faces two major challenges. First,
high-quality Manchu corpora are extremely scarce.
Existing datasets mainly focus on OCR-based word
recognition (Wang et al., 2022b; Bi et al., 2026),
while corpora for sentence-level semantic under-
standing and generation are nearly absent. Second,
as an agglutinative language, Manchu expresses
grammatical meanings such as case, tense, and
aspect through rich suffixation, resulting in com-
plex morphological variation and placing higher
demands on models’ sequence modeling abilities
(Norman, 2003). In recent years, pretrained mod-
els, especially large language models (LLMs), have
shown strong cross-lingual transfer capabilities
(Brown et al., 2020), bringing new opportunities
for low-resource language processing. Neverthe-
less, for the specific task of Manchu text generation,
directly applying existing models still suffers from
severe data sparsity: even with fine-tuning or in-
context learning, the extremely small training scale
makes it difficult for models to learn reliable lexical
distributions and syntactic patterns.

Data augmentation is a common approach to mit-
igating low-resource problems. Existing methods
include back-translation, synonym replacement,
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random perturbation, and generation-based aug-
mentation with pretrained models (Li et al., 2021;
Yang et al., 2025; Yang, 2024; Sennrich et al.,
2016; Wei and Zou, 2019; Wang et al., 2022a).
However, these methods are not fully suitable for
Manchu text generation. Back-translation and
synonym replacement require additional bilingual
resources or dictionaries, which are also scarce
for Manchu; generation-based augmentation de-
pends on the model’s prior knowledge of the tar-
get language, while general-purpose pretrained
models provide limited coverage of Manchu; and
ordinary character perturbation fails to capture
key linguistic properties such as suffixal variation
in agglutinative languages. Therefore, Manchu
text generation requires a low-cost data augmen-
tation method that does not rely on external re-
sources and can explicitly account for morpholog-
ical characteristics. To address these challenges,
we study constrained sentence-level Manchu con-
tinuation. Given a Manchu sentence or dialogue
turn as input, the model predicts the next sen-
tence or turn. This setting is not open-ended
creative generation, but a controlled context-to-
continuation task. We construct the first sentence-
level corpus for Manchu text generation and pro-
pose MGDA, a multi-granularity data augmenta-
tion strategy. MGDA expands training samples at
three levels: characters, phrases, and morphologi-
cal suffixes, aiming to improve model robustness
to spelling noise, word order variation, and suffix
variation. Our main contributions are as follows:

• We construct the first context-target corpus for
constrained sentence-level Manchu continua-
tion. We collect 59 stories and 60 dialogues
from Manchu Stories in Translation, Common
Manchu Dialogues, and other sources. After
OCR extraction, manual correction, transcrip-
tion normalization, and sample organization,
we obtain 3214 high-quality examples cover-
ing both narrative stories and daily conversa-
tions.

• We propose MGDA, a multi-granularity data
augmentation strategy for Manchu. In-
spired by Manchu morphological, word-
order, and transcription-noise characteristics,
MGDA includes three augmentation opera-
tions: character-level random noise injection,
phrase rearrangement, and suffix perturbation.
It expands training data without relying on

external dictionaries, back-translation models,
or additional annotated resources.

• We evaluate the effectiveness of the proposed
method on two representative base models.
Using ByT5-small and Qwen2-1.5B, we sys-
tematically compare no augmentation, single-
granularity augmentation, and MGDA. Ex-
perimental results show that MGDA substan-
tially improves Manchu text generation per-
formance. Ablation studies further verify
the complementarity of the three augmenta-
tion operations and indicate that byte-level
modeling may be beneficial under the current
Manchu continuation setting.

2 Related Work

2.1 Current State of Manchu Natural
Language Processing

Existing Manchu NLP studies mainly focus on doc-
ument recognition and basic linguistic annotation.
Word-level OCR datasets and recognition models
have been developed for printed or handwritten
Manchu texts (Wang et al., 2022b; Bi et al., 2026;
Wang et al., 2024), and recent work has explored
morphological annotation, named entity recogni-
tion, and part-of-speech tagging (Choi et al., 2023;
Lee et al., 2024). For generation-oriented tasks,
prior research is still limited. Manchu-Korean,
Manchu-English and Manchu–Chinese translation
studies have begun to explore parallel data and
LLM-based transfer (Seo et al., 2023; Zhang et al.,
2024; Pei et al., 2025; Wang et al., 2026), but
sentence-level Manchu text generation remains
under-resourced and lacks a dedicated corpus.

2.2 Data Augmentation Methods for
Low-Resource Languages

Data augmentation is commonly used to reduce
overfitting in low-resource settings (Li et al., 2021).
Rule-based methods such as deletion, insertion,
swap, synonym replacement, and back-translation
are simple and effective (Sennrich et al., 2016; Wei
and Zou, 2019; Karpukhin et al., 2019), while gen-
erative methods use pretrained models to create
additional examples (Wang et al., 2022a; Devlin
et al., 2019). Representation-level methods such
as MixUp operate in feature space rather than di-
rectly editing text (Guo et al., 2019; Yang, 2024).
However, many of these approaches require dic-
tionaries, translation systems, or strong pretrained
representations, which are unavailable for Manchu.
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Figure 1: Covers of Manchu Stories in Translation (left)
and Common Manchu Dialogues (right).

This motivates a resource-free augmentation strat-
egy that directly reflects Manchu’s spelling noise,
word-order variation, and suffixal morphology.

3 Data Construction

3.1 Data Sources
The Manchu corpus constructed in this paper is pri-
marily derived from the following sources: Manchu
Stories in Translation (Zhuang, 1993) includes 40
folk stories with original Manchu text, Chinese
translation and Roman transcription, from which
we select 37 complete narrative pieces covering
fables and folklore (Figure 1). Common Manchu
Dialogues (Zhuang, 2006) provides 40 daily con-
versations aligned with Chinese texts and speaker
annotations, composed of short conversational ut-
terances (Figure 1). We also collect an additional
22 stories and 20 dialogues from online resources
and other published books.

3.2 Data Preprocessing Process
Data Acquisition and Processing The raw data
underwent a two-stage preprocessing pipeline.
First, for PDF documents, we applied OCR fol-
lowed by manual proofreading to correct recogni-
tion errors, missing special characters (e.g., ū, š),
and segmentation issues. Editable texts from online
sources were manually collected. Second, all texts
were uniformly converted to the Taiqing transcrip-
tion format. Detailed procedures are described in
Appendix A.

3.3 Sample Construction
We construct samples as constrained sentence-level
continuation pairs. For each source text, the current
Manchu sentence or dialogue turn is used as the in-
put context and the immediately following sentence

Table 1: Corpus statistics. MSL/CSL denote average
Manchu/Chinese sequence length in characters; MWL
denotes average Manchu word length; MWS denotes av-
erage Manchu words per sequence; TTR denotes Type-
Token Ratio, defined as the number of unique word
types divided by the total number of word tokens.

Metric Stories Dialogues

Count 59 60
MSL 668 82.3
CSL 250 22.3
MWL 4.91 5.07
MWS 198.78 17.53
TTR 0.495 0.456

or turn is used as the target continuation. Stories
are segmented into sentences by two Manchu ex-
perts, while dialogues are segmented by speaker
turns. The model input contains only the preceding
Manchu sentence or turn, without Chinese transla-
tions or other auxiliary information; the context is
first limited to one sentence or turn and then trun-
cated according to each model’s maximum input
length.

3.4 Corpus Statistics

After preprocessing, the corpus contains 3214
context-target samples from 59 stories and 60 di-
alogues. We use a source-level constrained split:
samples from the same story or dialogue are as-
signed to a single partition. The training, validation,
and test sets contain 2572, 321, and 321 samples,
respectively. Table 1 summarizes the genre-level
statistics.

The two genres differ substantially in length:
stories contain much longer Manchu and Chinese
sequences, while dialogues are shorter and closer
to daily spoken usage. The similar MWL values
indicate that the main difference lies in sequence
length rather than word length. TTR (Type-Token
Ratio) remains around 0.46–0.50 for both genres,
suggesting moderate lexical diversity under a small-
data setting.

4 Method

MGDA is designed as a robustness-oriented aug-
mentation strategy inspired by Manchu morphol-
ogy, word order, and OCR or transcription noise.
It does not assume that every augmented input is
a fully grammatical Manchu sentence. Instead,
perturbations are applied only to the input context
while the target remains the original clean continu-
ation, so the model learns to predict clean Manchu
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Figure 2: MGDA applies three separate input-side augmentation channels while retaining clean target continuations.
The suffix channel uses a character-span heuristic, illustrated with the 70/30 split.

from controlled noisy contexts rather than to gen-
erate erroneous Manchu. As shown in Figure 2,
Character-level Noise Injection applies deletion, re-
placement, and swap (each at 5% probability) to
simulate input errors, Phrase Rearrangement shuf-
fles phrases with 80% probability to model flex-
ible SOV order and fragment displacement, and
Suffix Perturbation perturbs a sentence-final suffix-
oriented span through four operations to approx-
imate morphological variation and word-final in-
completeness.

4.1 Character-Level Noise Injection

During the collection and processing of Manchu
texts, common noise types include character omis-
sion, mistyping, and local character swaps. We
therefore treat a Manchu sentence as a character
sequence and inject three low-probability perturba-
tions: deletion, replacement, and adjacent swap.

Operation Selection For each character, we set
pdel = prep = pswap = 0.05. A random value
determines whether the current character is deleted,
replaced, swapped with the next character, or kept
unchanged. Thus, each character has a total per-
turbation probability of ptotal = 0.15, which in-
troduces diverse noise while keeping the sentence
recognizable.

Delete The current character is skipped and not
added to the output sequence.

Replace The current character is replaced
by a random English letter sampled from
string.ascii_letters. This choice reflects real
keyboard-input errors, where noisy characters are
often Latin letters rather than valid Manchu charac-
ters.

Adjacent Swap If a next character exists, the cur-
rent character and the next character are swapped
and emitted together; otherwise, the current char-
acter is retained.

4.2 Phrase Rearrangement
Manchu has relatively flexible word order. Al-
though SOV is the typical pattern, component dis-
placement can occur in spoken language, rhetorical
contexts, and noisy corpus construction. We there-
fore split each sentence into phrases and randomly
reorder them to improve robustness to word-order
variation. This operation simulates word-order vari-
ation and fragment displacement, but it does not
guarantee that every reordered sentence is natural
or fully grammatical Manchu.

Phrase Segmentation A configurable separator
sep is used to split the sentence. In this experi-
ment, sep = " ", so the granularity is the word or
short-phrase level, consistent with Manchu Latin
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Table 2: Examples of augmented samples

Augmentation Method Augmented Input Context Perturbation Description

Character(Deletion) Batu taqikv de gene-he Character a deleted
Character(Replacement) Batu taqikv dX gene-he Character e replaced with X
Character(Swap) Batu taqikv de gnee-he Characters e and n swapped
Phrase(Rearrangement) de gene-he Batu taqikv Word order shuffled
Suffix(Truncation) Batu taqikv de gene-he Suffix -he truncated
Suffix(Replacement) Batu taqikv de gene-re Suffix he replaced with re
Suffix(Append) Batu taqikv de gene-hehe Extra characters he appended
Suffix(Shuffle) Batu taqikv de ehegne- Internal shuffle of suffix gene-he

transcription conventions. If only one phrase is
obtained, reordering is skipped.

Random Reordering Phrase reordering is ap-
plied with probability pshuffle = 0.8; otherwise,
the original order is retained as an anchor. The re-
ordered sentence is produced by joining the result-
ing phrase sequence with the same separator. This
operation is intended to simulate order variation
and fragment misplacement rather than guarantee
grammaticality.

4.3 Suffix Perturbation

Manchu is an agglutinative language, where suf-
fixes express grammatical meanings such as case,
number, possession, tense, and mood. For exam-
ple, the verb gene- (to go) can take the tense suffix
-he to form gene-he (went), and the noun bithe
(book) can take the case suffix -be to form bithe-be.
Since word-final suffixes are especially prone to
variation in noisy or incomplete records, we apply
suffix-oriented sentence-final perturbation while
preserving the earlier context.

Suffix Localization Let S = (c1, . . . , cL) be
a Manchu sentence. We set α = 0.3 and split
it at t = ⌊L(1 − α)⌋, yielding a stem prefix
Spre = c1:t and a suffix span Ssuf = ct+1:L. Be-
cause reliable Manchu morphological parsers and
morpheme-level annotations are unavailable, this
70/30 split is an expert-informed heuristic that
treats the sentence-final 30 percent character span
as a suffix-oriented region; it is not strict word-
level morphological parsing and does not guarantee
morpheme-perfect suffix localization.

Truncation Randomly retain the first k charac-
ters of the suffix, where k ∼ Uniform(1, |Ssuf |).
This simulates word-final loss or OCR truncation.

Replacement For each suffix character, replace
it with probability prep = 0.3 by a character uni-

formly sampled from VManchu, the character vocab-
ulary extracted from the full corpus.

Append Append m random corpus characters
to the suffix, where m ∼ Uniform(1, ⌊|Ssuf |/2⌋).
This simulates extra input or word-final concatena-
tion.

Shuffle Randomly reorder the internal character
sequence of the suffix. The final perturbed sentence
is obtained by concatenating the unchanged stem
and the perturbed suffix.

4.4 Augmentation Sample Examples

Table 2 illustrates how the three augmentation gran-
ularities modify the same Manchu sentence. The
original sample is Batu taqikv de gene-he (“Batu
went to school”). Colored spans indicate the edited
parts. The examples show that Character edits
create local spelling noise, Phrase rearrangement
changes word order while preserving lexical con-
tent, and Suffix edits target word-final morphology.
The augmented text is not treated as a gold out-
put. The supervision signal is kept unchanged, so
the model learns to generate the same clean target
under controlled input-side surface variation.

4.5 Scale of Augmented Data

For each training sample, we generate two aug-
mented variants, so the unfiltered augmented set
has |Daug| = N × (k + 1), where k = 2. Starting
from 2572 training samples, each single-granularity
method produces 7716 instances before filtering.
Table 3 summarizes data size (DS), total characters
(TC), average sentence length (ASL), and unique
samples (US).

Character augmentation yields the highest num-
ber of unique samples, while Phrase and Suffix gen-
erate more repeated forms because word order and
suffix spans are more constrained. We further apply
Sentence-BERT filtering with a cosine-similarity
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Table 3: Statistics of three augmentation methods. DS
denotes data size, TC denotes total characters, ASL
denotes average sentence length, and US denotes unique
samples.

Metric Character Phrase Suffix

DS 7716 7716 7716
TC 585903 591806 605475
ASL 60.77 60.82 62.80
US 7372 5233 5020

threshold of 0.8 to remove redundant or seman-
tically divergent samples, leaving 6819 training
samples for the final MGDA setting.

The three augmentation operations are indepen-
dent channels rather than a fixed sequential pipeline.
Each operation is applied separately to the origi-
nal input contexts to produce candidate augmented
samples. After filtering, the retained candidates
are merged with the original training samples to
construct the final MGDA training set.

5 Experimental Setup

5.1 Base Models
We evaluate MGDA on two representative architec-
tures: ByT5-small (Xue et al., 2022), a byte-level
sequence-to-sequence model suitable for morpho-
logically rich low-resource text, and Qwen2-1.5B
(Yang et al., 2024), a general large language model
adapted with LoRA (Hu et al., 2022). ByT5 is fully
fine-tuned, while Qwen is trained with parameter-
efficient LoRA adapters.

5.2 Evaluation Metrics
We report BLEU-1 to BLEU-4 (Papineni et al.,
2002) and ROUGE-L (Lin, 2004). BLEU mea-
sures n-gram precision between generated and ref-
erence Manchu sentences, while ROUGE-L mea-
sures longest-common-subsequence overlap. All
scores range from 0 to 100 and are computed on
Taiqing transcription strings after whitespace tok-
enization.

5.3 Hyperparameter Settings
Both models are trained for 3 epochs unless a fixed
update budget is specified below, using AdamW
with a learning rate of 5e-5 and batch size 4. ByT5
uses maximum input/target lengths of 256 and
beam size 5; Qwen uses maximum input/target
lengths of 128, LoRA rank 8, LoRA alpha 32, and
beam size 3. Full settings and hardware details are
given in Appendix B.

5.4 Comparative Method Settings

We compare fine-tuning without augmentation,
single-granularity augmentation using only Char-
acter, Phrase, or Suffix operations, and the full
MGDA strategy combining all three. The final
MGDA training set contains 6819 samples af-
ter semantic filtering. The original comparisons
use three epochs, so update counts depend on
training-set size. We add four controls target-
ing the nominal MGDA update budget: NoAug-
SameSteps, Duplicate-SameSize, RandomOver-
sample, and EDA-SameSize. All experiments use
the same source-level train/validation/test split de-
scribed in Section 3.4. Validation and test data are
neither augmented nor resampled.

Training-budget controls The NoAug-
SameSteps protocol repeats the original 2572
training examples to target the nominal MGDA
update count. Duplicate-SameSize contains two
complete copies of the original set plus 1675
original examples, giving 6819 entries. Rando-
mOversample draws 6819 examples uniformly
with replacement from the original training set.
EDA-SameSize retains the 2572 originals and
adds 4247 input-side variants using generic token
deletion, swap, replacement, or insertion, with
clean targets unchanged. The three size-matched
controls use three epochs; other model and
evaluation settings follow the original experiments.

The controls target the nominal MGDA update
budget; counting assumptions and implementation
details are given in Appendix D.

6 Experimental Results and Analysis

6.1 Main Experimental Results

Table 4 compares vanilla, fine-tuned, and MGDA-
enhanced models on the test set.

Vanilla models perform poorly, confirming that
pretrained models alone do not cover Manchu
well. Fine-tuning improves BLEU-1 but still
yields weak BLEU-4 and ROUGE-L. MGDA
brings the largest gains for both backbones: ByT5
reaches 17.60 BLEU-4 and 42.70 ROUGE-L, while
Qwen reaches 14.12 BLEU-4 and 41.49 ROUGE-
L. ByT5 is slightly stronger under MGDA in our
current setup, suggesting that byte-level modeling
may be useful for character- and suffix-oriented
perturbations in this task.
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Table 4: BLEU-1 to BLEU-4 and ROUGE-L metrics for ByT5 and Qwen on the test set

Model & Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L

ByT5 (Vanilla) 4.13 4.04 2.16 0.98 1.71
ByT5 (Fine-tuned) 23.28 11.09 8.33 2.03 2.59
ByT5-MGDA (Ours) 51.27 38.72 29.08 17.60 42.70
Qwen (Vanilla) 4.58 2.43 2.61 0.62 5.67
Qwen (Fine-tuned) 28.04 16.11 12.31 1.98 6.42
Qwen-MGDA (Ours) 49.78 37.37 29.22 14.12 41.49
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Figure 3: Single-granularity ablation results for Character, Phrase, and Suffix augmentation. Detailed scores are
reported in Appendix C.

6.2 Training-Budget Controls

Results under the nominal-budget protocol sug-
gest that longer training and repeated exposure
explain part of the improvement over the original
three-epoch baseline. NoAug-SameSteps increases
BLEU-4/ROUGE-L from 2.03/2.59 to 10.91/30.36
for ByT5 and from 1.98/6.42 to 9.16/27.58 for
Qwen. Thus, the original baseline-to-MGDA differ-
ence cannot be attributed entirely to augmentation.
Table 5 reports all scores.

MGDA nevertheless outperforms all four budget
controls on every reported metric for both mod-
els. Relative to NoAug-SameSteps, it gains 6.69
BLEU-4 and 12.34 ROUGE-L for ByT5, and 4.96
BLEU-4 and 13.91 ROUGE-L for Qwen. It also ex-
ceeds both duplication and random oversampling,
suggesting that repeated exposure alone does not
explain its performance.

EDA-SameSize is the strongest control on
BLEU-4 and ROUGE-L. MGDA exceeds it by 3.74
BLEU-4 and 3.89 ROUGE-L for ByT5, and 0.97
BLEU-4 and 4.45 ROUGE-L for Qwen. These
results support a benefit of MGDA beyond the
generic token perturbations tested here, although
the smaller Qwen BLEU-4 margin calls for cau-
tious interpretation. Run-level variance and signifi-

cance tests are unavailable for the controls, so these
differences are descriptive.

6.3 Ablation Experiments

To understand the respective contributions and syn-
ergistic effects of the three granularities of aug-
mentation methods, we designed three ablation ex-
periments: comparison of single-granularity aug-
mentation effects, ablation of internal operations
within character-level augmentation, and the effect
of training data size.

Comparison of Single-Granularity Augmenta-
tion Effects. Figure 3 compares character, phrase,
suffix, and joint MGDA augmentation for both base
models; detailed scores are listed in Appendix C.

As shown in Figure 3, all three single-granularity
variants improve over the fine-tuned baseline, while
MGDA achieves the best overall performance.
Character augmentation mainly improves robust-
ness to local spelling errors, Phrase augmentation
exposes the model to word-order variation, and Suf-
fix augmentation benefits morphological modeling;
their combination achieves the highest BLEU-4
and ROUGE-L for both models.
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Table 5: Nominal-budget controls on the test set. Fine-tuned uses three epochs; the added controls target the nominal
MGDA update budget. Fine-tuned and MGDA scores are repeated for comparison.

Model & Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L

ByT5 (Fine-tuned) 23.28 11.09 8.33 2.03 2.59
ByT5-NoAug-SameSteps 36.72 27.94 18.85 10.91 30.36
ByT5-Duplicate-SameSize 42.12 32.85 22.48 12.63 35.72
ByT5-RandomOversample 42.64 32.30 24.54 13.02 29.43
ByT5-EDA-SameSize 43.90 34.63 25.47 13.86 38.81
ByT5-MGDA 51.27 38.72 29.08 17.60 42.70

Qwen (Fine-tuned) 28.04 16.11 12.31 1.98 6.42
Qwen-NoAug-SameSteps 35.54 25.89 18.54 9.16 27.58
Qwen-Duplicate-SameSize 40.92 31.45 22.06 12.75 36.60
Qwen-RandomOversample 41.05 32.10 24.96 11.33 31.88
Qwen-EDA-SameSize 42.73 33.89 24.35 13.15 37.04
Qwen-MGDA 49.78 37.37 29.22 14.12 41.49

Ablation of Internal Operations of Character-
Level Augmentation Character-level noise in-
jection includes random deletion, random replace-
ment, and adjacent character swap.

Figure 4 reports the effect of each operation and
their combination; detailed scores are listed in Ap-
pendix C. The combined character augmentation
variant achieves higher BLEU-4 and ROUGE-L
than any single operation for both models, suggest-
ing complementary benefits from deletion, replace-
ment, and adjacent swap.

Effect of Training Data Size We compare the
fine-tuned and MGDA settings at augmented
training-set sizes of 500, 1000, 1500, and 2000
examples. These counts refer to training examples
after augmentation, not to the number of original
unaugmented examples. The Fine-tuned setting
in this size ablation also uses augmented data and
is distinct from the unaugmented full-training-set
baseline in Table 4.

Figure 5 in Appendix C shows that performance
generally improves as the augmented training set
grows. MGDA improves ROUGE-L at every tested
size for both models, while BLEU gains vary with
the metric and data size. At 1000 examples, MGDA
increases ROUGE-L from 12.30 to 19.23 for ByT5
and from 13.55 to 19.39 for Qwen. ByT5-MGDA
has lower BLEU-4 than its fine-tuned counterpart
at 500 and 2000 examples, whereas Qwen-MGDA
improves BLEU-4 at all four tested sizes. These
comparisons concern augmented training sets and
should not be interpreted as an unaugmented data-
scaling experiment. Detailed scores are reported in
Appendix C.

Appendix E presents four representative Qwen-
MGDA outputs and analyzes their successful con-

tinuations and remaining errors.

6.4 Discussion

The above experimental results validate the effec-
tiveness of MGDA for the Manchu text generation
task, while also revealing several issues worth fur-
ther exploration.

Why does the byte-level model (ByT5) achieve
a greater improvement under MGDA? In our
current setup, ByT5 obtains slightly larger gains
under MGDA, which may indicate that byte-
level modeling is useful for character- and suffix-
oriented perturbations. However, this comparison
does not isolate tokenization from model archi-
tecture, parameter scale, pretraining data, or fine-
tuning strategy, because ByT5-small and Qwen2-
1.5B differ along all of these dimensions. There-
fore, we treat the ByT5 result as a setting-specific
observation rather than a general causal conclusion
about byte-level models. Controlled comparisons
are needed before drawing broader claims for mor-
phologically rich low-resource languages.

How are the three granularities of MGDA com-
plementary? Character-level augmentation pri-
marily improves robustness to spelling errors;
Phrase Rearrangement encourages invariance to
word-order variation; and Suffix Perturbation en-
courages robustness to sentence-final morphologi-
cal variation. Ablation experiments show that using
any single granularity alone is inferior to the combi-
nation of all three, confirming that they address dif-
ferent difficulties of low-resource languages from
different perspectives.

Comparison with existing low-resource data
augmentation methods: Our method does not
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Figure 4: Ablation results for internal operations of character-level augmentation.

rely on bilingual dictionaries, back-translation mod-
els, or generative large models. It achieves aug-
mentation solely through perturbations based on
rules and morphological knowledge, offering ad-
vantages such as low computational cost, strong
interpretability, and easy reproducibility. With only
3214 original samples, MGDA increases BLEU-
4 from around 2 to 14–17 relative to the origi-
nal three-epoch baseline. These gains reflect both
augmentation and increased training exposure; the
nominal-budget controls help assess their contribu-
tions.

7 Conclusion

This paper tackles constrained sentence-level
Manchu continuation, a task with limited system-
atic resource support. We present the first sentence-
level corpus for Manchu text generation and pro-
pose MGDA, a multi-granularity data augmenta-
tion strategy that operates without external dic-
tionaries or translation models. Experimental re-
sults demonstrate that augmenting training data at
three levels—character noise injection, phrase re-
arrangement, and suffix perturbation—effectively
mitigates data sparsity. Ablation studies further
confirm the complementarity of the three augmen-
tation operations. Under the nominal-budget pro-
tocol, MGDA outperforms extended training, re-
peated sampling, and generic EDA. These results
suggest benefits beyond repeated exposure, subject
to verification of actual update counts. Together,
this work provides a foundational corpus and a re-
producible augmentation approach for Manchu text
generation, while offering a reference for modeling
other low-resource agglutinative languages. Future
directions include corpus expansion, incorporation
of finer-grained morphological information, con-
trolled comparisons of tokenization and model ar-

chitecture, and extension to Manchu-Chinese trans-
lation and other low-resource language tasks.
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Limitations

Despite the promising results, this study has sev-
eral limitations. First, the corpus is relatively small
(3214 samples) and limited to two genres (stories
and dialogues), which may affect generalization to
other text types. Second, our MGDA strategy relies
on rule-based and morphology-inspired perturba-
tions; while effective, it may not cover all possible
noise patterns in real-world Manchu texts, and the
70/30 sentence-final suffix heuristic is not a substi-
tute for reliable morpheme-level analysis. Third,
the base models (ByT5-small, Qwen2-1.5B) are
not specifically pre-trained for Manchu; larger or
Manchu-adapted models could yield better perfor-
mance. The comparison between ByT5 and Qwen
also mixes tokenization with architecture, parame-
ter scale, pretraining data, and fine-tuning strategy,
so broader controlled experiments are required. Fi-
nally, systematic human evaluation of generated
continuations is lacking; automatic overlap metrics
may miss grammatical and semantic errors. For
the new budget controls, actual update logs and
run-level variability are unavailable, and matching
optimizer updates does not ensure identical token-
level compute. Future work will address these lim-
itations by expanding the corpus, exploring gen-
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erative augmentation, and designing task-specific
model architectures.
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from publicly available published books and on-
line sources. All data are used for non-commercial
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heritage of the Manchu language and to apply the
data responsibly.
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A Data Preprocessing Details

Data Acquisition and Processing For PDF-
format non-editable documents (such as the two
books Manchu Stories in Translation and Com-
mon Manchu Dialogues), Umi-OCR_Paddle v2.1.5
is used for optical character recognition to con-
vert image-based text into editable text. The OCR
recognition parameters are set as follows: recog-
nition language is traditional Chinese, confidence
threshold is 0.7, and layout analysis is enabled to
preserve paragraph structure and formatting. The
OCR output is manually proofread sentence by sen-
tence, with corrections focused on missing Manchu
special characters (such as ū, š), character confu-
sion, paragraph misalignment, sentence segmenta-
tion errors, and punctuation anomalies, ensuring
text accuracy. Proofreading was conducted by three
computer-science undergraduates, who compared
OCR outputs sentence by sentence with the original
PDF pages. Each proofreader completed one pass,
and the identified issues were consolidated and cor-
rected in a unified revision. For editable Manchu
text directly obtainable from online sources, man-
ual selection and item-by-item collection are used
to supplement the corpus, ensuring diverse sources
and content standards.

Conversion Manchu texts collected in differ-
ent writing forms are uniformly converted to the
Taiqing transcription format, completing character
normalization and format unification. The cleaned
and proofread corpus is then segmented into or-
dered sentences or dialogue turns and organized
into context-target samples, where each input is the
immediately preceding Manchu sentence or turn
and each target is the following sentence or turn.

B Experimental Setup Details

This appendix reports the training configurations
omitted from the main text for space. Table 6 lists
the full fine-tuning setup for ByT5-small, while
Table 7 lists the LoRA setup for Qwen2-1.5B. The
two models share the same optimizer, learning rate,
batch size, and default number of epochs (with the
fixed-step exception described in the main text), but
use different maximum sequence lengths and beam
sizes because of their different model architectures
and memory costs.

Table 6 uses full-parameter fine-tuning because
ByT5-small is compact enough for the available
V100 GPU. The relatively longer input and target
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Table 6: ByT5-small hyperparameter settings

Hyperparameter Setting

Optimizer AdamW
Learning Rate 5e-5
Batch Size 4
Training Epochs 3
LR Scheduler Linear decay (no warmup)
Max Input/Target Length 256 / 256
Decoding Method Beam Search (beam=5)
Early Stopping Validation loss, patience=5

length of 256 is used to preserve more context for
byte-level modeling.

Table 7: Qwen2-1.5B LoRA hyperparameter settings

Hyperparameter Setting

Optimizer AdamW
LoRA Learning Rate 5e-5
Batch Size 4
Training Epochs 3
LoRA Rank (r) 8
LoRA Alpha 32
Max Input/Target Length 128 / 128
Decoding Method Beam Search (beam=3)
Random Sampling No (beam search)

Table 7 uses LoRA to reduce the number of train-
able parameters for Qwen2-1.5B. The maximum
input and target lengths are set to 128 to keep GPU
memory usage stable, and beam size is reduced to
3 for decoding efficiency.

All experiments are conducted on a single
NVIDIA Tesla V100 GPU with 32GB memory.
The models use PyTorch and Hugging Face Trans-
formers; exact software versions could not be veri-
fied from the available experiment records. In this
setup, ByT5 full fine-tuning takes about 2 hours,
while Qwen LoRA fine-tuning takes about 5 hours.

For evaluation, we use the NLTK library to com-
pute automatic evaluation metrics including BLEU-
1 to BLEU-4. This usage is consistent with the
intended purpose of NLTK, which is designed for
natural language processing research and evalua-
tion. The original experiments report the mean
across multiple independent runs. For the added
budget controls, the available aggregate results do
not specify the number of runs or their dispersion.

C Experimental Results

This appendix provides the numerical values be-
hind the ablation figures discussed in Section 6.3.
Table 8 corresponds to Figure 3, Table 9 corre-
sponds to Figure 4, and Table 10 corresponds to

Figure 5.
Table 8 shows that each single-granularity aug-

mentation improves over the fine-tuned baseline
in Table 4, while the joint MGDA setting achieves
the strongest overall performance for both ByT5
and Qwen. This supports the claim that character-,
phrase-, and suffix-level perturbations are comple-
mentary rather than interchangeable.

Table 9 further decomposes Character-level
Noise Injection into deletion, replacement, and
adjacent swap operations. The combined setting
achieves the highest BLEU-4 and ROUGE-L for
both models, suggesting complementary benefits
from deletion, replacement, and adjacent swap.

Table 10 reports the scores for the augmented-
data size ablation. All listed sizes count training
examples after augmentation. The Fine-tuned rows
therefore do not represent the unaugmented base-
line in Table 4. MGDA improves ROUGE-L over
the fine-tuned comparison at each size, but gains
are not uniform across every metric.

D Training-Budget Control Details

The four controls use the original training split
and the same model-specific settings: full fine-
tuning for ByT5-small and LoRA for Qwen2-
1.5B. The corresponding training files contain
2572 entries for NoAug-SameSteps and 6819 each
for Duplicate-SameSize, RandomOversample, and
EDA-SameSize. Inspection against original sample
identifiers confirms that duplication and oversam-
pling preserve both input and target, and that all
EDA entries preserve the original target.

Duplicate-SameSize gives each original example
two copies and gives 1675 examples a third copy.
RandomOversample samples with replacement, so
exposure frequencies vary across examples. The
EDA file consists of the original 2572 examples
and 4247 augmentation entries, including 32 whose
input is unchanged. EDA uses generic whitespace-
token operations without the sentence-final 70/30
heuristic or MGDA’s three-channel design.

The implementation protocol specifies token
deletion with probability 0.1, at least one token
swap with the number otherwise set to ten per-
cent of input length rounded down, and token re-
placement or insertion at a suggested rate of 0.1
using training-input vocabulary. It also calls for
the same Sentence-BERT filtering rule as MGDA,
with further candidates generated until the target
size is reached. These are protocol specifications;
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Table 8: Ablation results of individual modules

Model & Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L

ByT5-Character 47.93 35.53 27.23 14.26 37.29
ByT5-Phrase 49.66 36.31 28.47 14.65 28.50
ByT5-Suffix 49.12 38.57 28.05 15.63 35.27
ByT5-MGDA (Ours) 51.27 38.72 29.08 17.60 42.70
Qwen-Character 46.71 32.70 21.59 13.23 35.28
Qwen-Phrase 48.12 36.83 25.88 13.05 38.21
Qwen-Suffix 48.06 35.94 29.54 12.19 35.86
Qwen-MGDA (Ours) 49.78 37.37 29.22 14.12 41.49

Table 9: Ablation results of character-level data augmentation

Model & Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L

ByT5-Delete 46.10 32.06 20.78 12.44 32.89
ByT5-Replace 45.89 33.78 20.49 13.11 34.11
ByT5-Swap 44.57 30.02 21.27 12.87 33.99
ByT5-All 47.93 35.53 27.23 14.26 37.29
Qwen-Delete 42.13 32.82 21.16 12.21 30.05
Qwen-Replace 43.94 29.35 19.00 12.32 29.98
Qwen-Swap 40.37 29.31 19.96 10.97 34.37
Qwen-All 46.71 32.70 21.59 13.23 35.28

Table 10: Detailed results for different augmented training-set sizes. Aug. size is the number of examples after
augmentation. Fine-tuned also uses augmented data here and differs from the unaugmented baseline in Table 4.

Aug. size Model & Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L

500 ByT5 (Fine-tuned) 12.36 3.94 3.53 2.24 2.81
500 ByT5-MGDA (Ours) 12.77 7.58 3.96 2.15 3.13
1000 ByT5 (Fine-tuned) 20.68 14.40 11.40 7.47 12.30
1000 ByT5-MGDA (Ours) 23.41 18.39 8.01 9.73 19.23
1500 ByT5 (Fine-tuned) 34.01 24.82 14.29 10.35 23.92
1500 ByT5-MGDA (Ours) 36.00 27.41 15.34 10.87 25.34
2000 ByT5 (Fine-tuned) 43.32 31.39 25.45 13.86 28.82
2000 ByT5-MGDA (Ours) 43.82 32.74 26.61 12.50 31.03
500 Qwen (Fine-tuned) 10.83 7.42 2.12 1.08 4.25
500 Qwen-MGDA (Ours) 11.26 5.13 2.93 2.49 4.79
1000 Qwen (Fine-tuned) 20.58 11.37 6.16 4.43 13.55
1000 Qwen-MGDA (Ours) 20.07 13.30 7.43 4.70 19.39
1500 Qwen (Fine-tuned) 25.01 23.56 15.66 7.78 20.90
1500 Qwen-MGDA (Ours) 27.16 26.53 19.02 9.53 23.01
2000 Qwen (Fine-tuned) 37.34 31.52 22.04 12.26 26.78
2000 Qwen-MGDA (Ours) 39.39 35.91 25.85 12.77 29.11
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Figure 5: Ablation results for different augmented training-set sizes. Training Data Size counts examples after
augmentation; both fine-tuned and MGDA settings use augmented data.

Context Reference Generated

...Batu aibide bi.
巴图在哪？

Where is Batu?

Batu taqikv de gene-he
巴图去学校了。

Batu went to school.

Batu taqihv de gene-he-o

...kemuni unde. udu se ohobi.
尚未. . . . . .。已经几岁了？
Not yet... How old are you now?

ere aniya juwan ilan se.
今年十三岁。

Thirteen years old this year.

juwan ninggun se ohobi.

...tehe boude inu emu adali, fajiran de gemu muduri
niruhabi, tura de gemu muduri folohobi.
像住在家里一样。墙壁上都会绘制了龙。在柱
子上也雕刻了龙。

Just like at home. Dragons were painted all over the
walls and carved on the pillars.

ere jergi muduri weihe be
tuqibume.
把这些龙的牙齿（制作）出
来，

(Make) these dragons’ teeth,

ere jergi muduri weihe be tuqibume.

...haqin haqin i turi hvda mujakv ja , utala aniya inu
ere gese akv bihe. yargiyvn ?
各种豆子的价格都很低。这些年也不曾有过这
样低的价格。真的吗？

The prices of all kinds of beans are very low. Prices
have not been this low in years. Really?

si jai aika geneqi.
你若再去，

If you go again,

si jai aika geneqi.

Table 11: Four typical cases of text generation from Qwen-MGDA. Chinese and English translations are provided
for the contexts and references.

the available artifacts do not include filtering logs
or training logs that independently verify all im-
plementation settings or actual optimizer update
counts.

The nominal three-epoch budgets are 1929 and
5115 updates for 2572 and 6819 examples, respec-
tively, assuming batch size four, no accumulation,
no dropped final batch, and no early stopping. The
fixed-step control targets 5115 updates. Actual
update counts are unverified; even equal updates
would not establish equal token counts, FLOPs, or
wall-clock time. Run-level scores, seed variability,
and statistical significance are unavailable.

E Case Study

Table 11 gives four representative outputs from
Qwen-MGDA. The cases show both strengths and
remaining errors. Case 1 contains a word-form
error and an extra suffix, while Case 2 confuses a
numeral. Cases 3 and 4 exactly match the refer-
ences, indicating that the model handles frequent
expressions and short answers better than spelling-
sensitive or numerically precise generation.
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