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Challenges in Document-Level Translation {z AR 2 L XF R

® Translation inconsistency ® Sentence omission

&i It’s a story about this woman, Natalia Rybczynski. But here’s the truth. //Here’s the epiphany that | ]

&ihad that changed my thinking. //From 1970 until
. na td li ya I&ibuainst Ji g today, the percentage of the...
X T RA L AT S i R, Y, the percentag

{BE3LR, //*Missing Translation*//B1970%...... L‘ b

&4 Natalia Rybczynski: Yeah, | had someone call me “Dr. Dead Things.”

natd i ya i gin st ji
T

® Low translation quality

& And we make decisions about where to live, who to marry and even
who our friends are going to be, based on what we already believe.

(B REE DO EMEARSE, QRS |
CHETS, HEREERRRIINER. };

| REHNEE.

[ BATRER I, BANS, EERNNEREERIBE |
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® Proper Noun Translation Consistency Metrics

[TCR-1 = ZpeP Zz 2 7;( ) 7-1( )) p e P: proper noun
ZpEP (kp ) . .
k,: occurence times of p
LTCR-1; = per Tita (;(p) C(Zl( )1\)/Tl(p) € Tw) T:(p): the translation of p for the i-th occurence
pepP \"Vp

® Translate more sentence at once (windowT), consistency’, but omissionf, quality/

Window LTCR-1 LTCR-1¢ #Missing Sents sCOMET dCOMET

1 75.09 88.24 0 84.04 6.62
5 80.49 88.15 0 84.30 6.70
10 79.65 90.81 2 84.27 6.65
30 83.08 95.83 8 83.88 6.69

50 86.94 95.90 10 83.70 6.66
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® DELTA: An Online Document-level Translation Agent Based On Multi-level Memory

Memory Modules ;

Proper None Records, Bilingual Summary, Long & Short-Term Memory
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Target\
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l, LLM Interaction \\ { Proper Noun Records \I
I [History + Translation + Extraction Few-Shot Prompt] I | I
I Historical information: * Empty * I
l English source: It's a story about this woman, Natalia Rybczynski. :
| X . |
Chinese translation: ;X MEEE X TiX M, WEFL-FHSHE, : -
: New proper nouns: Natalia Rybczynski - 3% £\ - 55 fr SEHr & Natalia Rybczynski: SFEF] I -5 5 S HT & :
I [History + Translation + Extraction Few-Shot Prompt] I
I Historical information: l
| English source: Natalia Rybczynski: Yeah, | had someone call me "Dr. Dead |
| Things." |
| |
| Chinese translation: #BEFI - FHZHE: 2/, FAMK EHEL" : 8 : |
| New proper nouns: N/A Natalia Rybczynski: SFIZ# -5 i HT & :
| |
| [History + Translation + Extraction Few-Shot Prompt] |
| Historical information: I
[ English source: Latif Nasser: And | think she's particularly interesting I
because of where she digs that stuff up, way above the Arctic Circle in the
I remote Canadian tundra. l
| |
I Chinese translation: f1 3% %-4h%: BIANMIHIGE, EAMERT e !
N 9IS AR R ALAR R A T IR R A Arctic Circlos LB !
[ New proper nouns: Latif Nasser - i/ % k-2 %%, Arctic Circle - bR, D - I
Canadian - JIE X, tundra - & T i [X Canadian: JIEX
\ = @ tundra: R 1 X |
N\ 7/
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® Bilingual Summary: Generate a segment summary for current source/target window first,

then merge it into the source/target side summary (updated iteratively)

— e - - - - - e e o - —-_—a— - - - O O e e . .y — o e o e e e e e e . .

LLM Interaction \\ ( Segment Summary Source-Side Summary

Initially mistaking it for
NR: It's broken up into so many little tiny pieces... wood, she later realized
So finally, we used a 3D surface scanner. it was bone and
collected 30 fragments
And usually, after so many years, it breaks down. over four years. She
But in this case, the Arctic had acted like a ... struggled to piece them
together like a puzzle...

20 x sentences Over four years, she
collected 30 fragments
and struggled to piece
them together like a
jigsaw puzzle. Using a
3D surface scanner, she
virtually recon-structed
the bone...

Then a year or two later, Natalia was at a...
It turns out that different species have slightly...

They started here.
For nearly 40 of the 45 million years that camels...
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® Long & Short-Term Memory

« Short-Term Memory: Store the recent source-target pairs (smaller windows)

« Long-Term Memory: LLMs retrieve the most relevant sentence pairs (larger windows)

Current source —

Source
Document

Long-Term Memory

Query:

Matched:

—>|

Short-Term Memory

Target
Document

—————————

— Current target
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® Experiment Settings
« Datasets: @IWSLT2017 (Speech, EneZh, De, Fr, Ja) @Guofeng (Web novel, Zh=En)
« Models: ®GPT-3.5-Turbo @GPT-40-mini ®Qwen2-7B-Instruct @Qwen2-72B-Instruct
«  Metrics: ©@sCOMET, dCOMET (Quality) @LTCR-1, LTCR-1;(Consistency)
« Long-Term Memory window size: 20, retrieved sentence number: 2
« Short-Term Memory window size: 3
« Update Bilingual Summary every 20 sentences
® Baselines
« Sentence: Translate sentence by sentence
« Context: Translate with recent 3 source-target sentence pairs as in-context information

« Doc2Doc: Translate 10 sentences at once, all previous context stored in chat history
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Main Results WS L EE P CTD

® |WSLT2017 ® Guofeng

System En = Xx Xx = En System  sCOMET dCOMET LTCR-1 LTCR-1;  sCOMET dCOMET LTCR-1 LTCR-1¢
SCOMET dCOMET LTCR-1 LTCR-1; sCOMET dCOMET LTCR-1 LTCR-I, GPT-3.5-Turbo GPT-40-mini
Sentence  77.62 3.07 61.58  78.82 77.87 3.10 5882 70.59
NLLB 82.11 6.36 7456 8L87 84.10 6.98 7903 9076 Context 78.57 3.19 7010 8137 78.56 3.19 6432 7437
_GOoGLE 8041 583 8138 8472 8017 596 8143  90.81 Doc2Doc - 2.82 7746  89.02 - 2.96 82.04 9162
GPT-375-Turbo : . . ; ) )
Sentence  84.80 6.58 77.06 82.81 84.47 7.05 81.98 91.86 . —Qagr;g—;,g_in—fr'—fgt— |82 | I —Q;Vg:';:%iB—_ fnfts—;%i—t INRZ5Z5
Context 85.40 6.70 7734 8312 84.97 7.15 85.03  95.27 Sentence  73.65 2.62 3700 50.00 75.15 2.98 5800 7150
Doc2Doc - 6.62 79.12 86.39 - 6.96 85.17 92.98 Context 76.54 3.01 5282 61.54 77.87 3.20 58.21 70.15
_DELTA 8558 673 8296 8883 8495 = 715 8653 = 96.26 Doc2Doc - 2.69 7325 84.08 - 277 80.79  90.07
GPT-40-mini _ DELTA 76.95 3.10 85.50 94.00 78.32 331 8693  95.98
Sentence  81.51 6.35 78.59 85.07 84.01 6.99 8142  91.34
Context 84.78 6.65 80.01 86.99 84.95 7.15 8440 9434
Doc2Doc _ 6.75 80.54 85.39 - 701 83.50 93.39 Table 3: Test results on the Guofeng dataset.
DELTA 85.85 6.80 8$1.80 8633 85.26 7.24 8525  95.89
77777777777777777777777777 Qwen2-7B-Instruct
Sentence  80.03 5.96 73.91 79.54 77.10 6.48 76.39 87.94 v DELTA | b h | . . d |
Context 80.84 6.08 79.59 85.35 83.09 6.84 81.48 92.56
Context  80. 608 T 8 ; 684 slas o236 ELTA Improves both translation consistency and quality.
_DELTA 8102 607 8009 8778 8336 684 8205 = 9330
Owen2-72B-Instruct 1 1 1 o
Sentence  78.53 5.97 79.54 85.09 80.53 6.73 8225 92,05 v In Guofeng, translatlon con5|stency IS more d IffICU It to
Context 80.79 6.22 79.14 85.40 83.27 6.99 82.86 9221
Doc2Doc - 6.45 73.58  78.64 - 6.87 83.00  90.74 . . .
DELTA 8499 6.66 8166 8834 8519 721 8653  96.48 maintain, but DELTA still works well.
_____________________________ Average 7
Sentence  81.22 6.21 77.27 83.13 81.53 6.81 80.51 90.80
Context 82.95 6.41 79.02 85.21 84.07 7.03 8344 9359
Doc2Doc - 6.41 77.64 83.75 - 6.86 84.18 9270
DELTA 84.36 6.57 81.63  87.82 84.69 711 85.09 9548

Table 2: Test results on the IWSLT2017 dataset. Since the translations produced by the Doc2Doc
method are not aligned at the sentence level with the source text, we do not report the sSCOMET
scores for this method. The highest score in each block is highlighted in bold font The results in the
“Average” block represent the mean scores across the four backbone models.
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® Ablation Study »  Consistency over Long Distances

Consistent Translations of Different Distances

=]
Id  Setting sCOMET dCOMET LTCR-1 LTCR-1¢ '% Sentence WM Context BBl Doc2Doc Nl DELTA
2 0.9 1
1 | Sentence-level 83.78 6.55 80.27 88.78 8
-2 | 1+ Short-Term Memory ~ 8450 ~  6.68 7789 8741 =
3 | 1+ Long-Term Memory 84.48 6.69 78.77 88.01 S
4 | 1+Record 84.11 6.60 81.33 89.33 z 087
5 | 1+ Summary 84.51 6.73 79.73 90.70 S
- 6 | 2+ Long-Term Memory 8454  6.67 7923 8944 B
_J_|2+Recod ________ 8445 670 8237 9254 ®07-
8 | 3+ Source Summary 84.61 6.68 76.09 91.25 k5
9 | 3 + Target Summary 84.70 6.72 82.14 92.86 é 0.9
10 | 3 + Bilingual Summary 8472  6.74 8249  93.60 g '
11 | 10 + Record (DELTA) 84.70 6.72 86.44 95.25 =
=
o
. . £ 0.8 1
Table 10: More detailed results of the ablation study. g
o
b5
. . ® 0.7
« Long & short-term memory improves quality. L340 10 2150 st
entence-wise Distance

« Bilingual Summaries is better than monolingual proper nouns over a longer span

summaries.

10
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® Accuracy of pronoun translation (APT) ® GPU memory costs
Memory Cost of Two Approaches
- 160 OOM
Metric Sentence Context Doc2Doc DELTA 2
APT 59.96  60.84 56.11 61.07 2 150- :
s
< 1401 |
3 :
® (Context-dependent translation 513071 — Doc2Doc !
o —— DELTA :
120 . — . T T T
0 200 400 600 800 1000 1200
Metric Sentence DELTA #Processed Instances
Generative Accuracy (%) ~ 29.7 51.0 « The Doc2Doc baseline method reserves all

previous context stored in chat history,

® Use DELTA’s summary module to solve resulting in high GPU memory consumption.

the query-based summarization task * DELTA achieves higher quality and

consistency with lower memory usage.

System ROUGE-L Length
READAENT 2150  67.86 «  Lower expansion and deployment costs,
DELTA 23.60 8228

higher feasibility. 11
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Thanks for your listening!



