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Abstract

Simultaneous speech translation produces tar-
get text incrementally from partial speech in-
put. Recent speech large language models have
markedly improved SST quality but still strug-
gle with rare and domain-specific terminology.
Retrieval augmentation has helped in automatic
speech recognition and neural machine trans-
lation, but extending it to SST is non-trivial:
retrieval must be fast and accurate under par-
tial speech, and the model must decide whether
and when to apply retrieved terms during in-
cremental generation. We propose Retrieval-
Augmented Simultaneous Speech Translation
(RASST), which addresses both challenges.
For accurate cross-modal retrieval under partial
input, RASST trains a lightweight speech—text
retriever that produces chunkwise terminology
hints for the Speech LLM via multi-scale re-
trieval. To use these hints correctly, we synthe-
size training data that teaches the Speech LLM
to decide whether and when to apply each re-
trieved term. Experiments on the ACL 60/60
development set and the ESO oncology test
set show that RASST improves terminology
accuracy over InfiniSST by 12.3-31.22% and
BLEU by up to 3 points across all tested lan-
guages and latency settings. Furthermore, the
retriever incurs negligible computational over-
head and remains robust as glossary size in-
creases to 10K entries.

1 Introduction

Simultaneous Speech Translation (SST) aims
to generate translations incrementally as partial
speech input is received. It has wide applications
in international conferences and cross-lingual con-
versations (Ma et al., 2020b; Ren et al., 2020).
Recently, Large Language Models (LLMs) have
shown strong potential as backbones for SST sys-
tems (Wang et al., 2025; Ouyang et al., 2025b; Fu
et al., 2025; Cheng et al., 2025). However, they still
struggle to accurately translate domain-specific ter-
minology, including technical jargon, person and

Source: Shinzo Abe served as the Prime Minister of Japan.
Reference: %1% =% 42/E B A H48 .

Plain SST: #7 =7 Il 4242 B A& 48 -

RASST: %15 & = ¥4 0 A #H4a .

Table 1: A case showing plain SST without retrieval
fails to translate terminology correctly while SST with
retrieval is able to do so. English (blue), correct Chinese
terms (green), and incorrect ones (red).

location names, and abbreviations. As shown
in Table 1, a plain SST system translates "Shinzo
Abe" incorrectly as "# =-FT 1", which is a pho-
netic transliteration rather than the official transla-
tion of the politician’s name.

Human simultaneous interpreters often rely on
external glossaries to translate specialized termi-
nology in real time (Jiang, 2013), and retrieval
augmentation has been explored widely in auto-
matic speech recognition (ASR) and neural ma-
chine translation (NMT) to improve terminology
handling as the glossary size grows (Khandelwal
et al., 2021; Huber et al., 2021; Jayanthi et al.,
2023; Li et al., 2024, 2025; Wu et al., 2025; Gong
et al., 2025; Kong et al., 2025). However, retrieval-
augmented SST poses unique challenges. Beyond
requiring a cross-modal retriever that is fast and ac-
curate under partial speech input, SST translations,
unlike ASR transcripts which are time-aligned with
the speech, lag behind the speech. The model must
therefore decide not only whether to use a retrieved
term, but also when to apply it during incremental
translation.

To address these challenges, we propose
Retrieval-Augmented  Simultaneous  Speech
Translation (RASST). RASST trains a lightweight
speech—text retriever on variable-duration speech
contexts with a contrastive loss, and performs
multi-scale inference for accurate retrieval under
partial input. We further synthesize training data
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that teaches the Speech LLM to select relevant
retrieved terms and decide when to introduce them
during generation, conditioned on the prior speech
context and previously generated translation.
Across both the ACL 60/60 development set and
the ESO oncology test set, RASST consistently
outperforms InfiniSST in every language and
latency regime evaluated, yielding gains of
12.3-31.22% in terminology accuracy and up to 3
BLEU points. Its retrieval module adds negligible
computational cost and scales robustly to glossaries
containing 10K entries. Component-wise ablations
further confirm the contribution of each part of
RASST.

2 Related Works

SST with LLM  Recent work shows that simulta-
neous speech translation (SST) achieves markedly
higher quality when large language models (LLMs)
serve as the backbone (Ahmad et al.,, 2024).
Koshkin et al. (2024) adapt an LLM to SST via
finetuning on synthetic translation trajectories, and
Ouyang et al. (2025b) scale this idea with an inter-
leaving architecture for unbounded speech streams.
Fu et al. (2025) explore alternative training strate-
gies and data-synthesis pipelines, while Guo et al.
(2025) unify streaming transcription and transla-
tion with a truncation mechanism that prunes his-
tory based on transcribed inputs. However, these
systems still struggle with domain-specific termi-
nology and RASST addresses this by integrating a
terminology retriever directly into the SST process.

Retrieval-Augmented NMT Retrieval is an ef-
fective remedy for translating rare words, named
entities, and domain-specific terminology in
NMT. Early approaches retrieve translation pieces
from similar training pairs (Zhang et al., 2018),
mine bilingual terminology with bilingual em-
beddings (Huck et al., 2019), or fuse dictionary
entries into NMT via a Pointer-Disambiguator-
Copier (Zhang et al., 2021). kKNN-MT (Khandelwal
et al., 2021) augments NMT with nearest-neighbor
lookup over a large datastore, and follow-up work
improves its robustness (Jiang et al., 2021) and
efficiency (Meng et al., 2022; Zhu et al., 2023).
Other approaches extract and attend over entity
candidates (Zeng et al., 2023) or combine retrieval
and demonstration with LLMs (Li et al., 2025).
For speech translation, Li et al. (2024) prepend re-
trieved speech segments as demonstrations, and Wu
et al. (2025) use sliding-window retrieval to inject

terms into a speech-LLM prompt. All of these tar-
get offline translation, whereas RASST integrates
retrieval directly into incremental streaming trans-
lation.

Contextual-Biasing ASR Recognizing rare
words and domain-specific terminology, commonly
known as contextual biasing, is also well studied
in ASR. Early work splits into two lines: joint
optimization of the ASR model with contextual
n-gram embeddings (Pundak et al., 2018; Jain
et al., 2020), and shallow fusion of biased words
into end-to-end models (Zhao et al., 2019), later
extended with prefix-trie-based deep biasing (Le
et al., 2021a) and unified via deep shallow fusion
and trie-constrained biasing (Le et al., 2021Db).
Huber et al. (2021) support runtime addition
of context words through an external memory
accessed at decoding. To scale biasing lists
from hundreds to tens of thousands of entries,
subsequent work leverages neural associative
memories (Munkhdalai et al., 2022, 2023; Wu
et al., 2023, 2024) and retrieval augmentation (Li
et al., 2021; Yusuf et al., 2023; Jayanthi et al.,
2023). More recent efforts build on speech
foundation models. Yang et al. (2024) use
coarse CTC decoding to filter hotwords into
an LLM-based ASR prompt, and Gong et al.
(2024) inject bias words into a SpeechLLM via
prompt formats and a biasing-fusion network. BR-
ASR (Gong et al., 2025) decouples bias retrieval
from ASR decoding through contrastive learning
and curriculum training, scaling to 200k entries
at 20ms retrieval latency, while GLCLAP (Kong
et al., 2025) retrieves bias words directly from
speech via global-local contrastive language-audio
pre-training, enabling plug-in biasing on frozen
models like Whisper. Finally, PAC (Fu et al., 2026)
combines pronunciation-guided context learning
with pronunciation-discriminative reinforcement
learning. Unlike ASR, where the transcript is
time-aligned with the speech, SST translations
lag behind the input, so the model must therefore
decide whether and when to apply each retrieved
term.

3 Problem Formulation

Let s = (s1,...,s7) € RT denote a waveform
containing 71" samples, recorded at a sampling rate
of fs Hz. Let [ be the chunk duration in sec-
onds and L = [f the corresponding number of
samples, assumed to be an integer. At each step
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Figure 1: Overview of RASST. RASST interleaves speech chunks, retrieved terms, and translation outputs. For each
incoming speech chunk, a causal speech encoder produces its feature representation, and a cross-modal retriever
returns the corresponding terms. The retrieved terms are appended to the speech features and passed to the large
language model, which decodes the next translation segment.

i € {1,...,I}, the system receives the fixed-
duration speech chunk

ci = (S(i—1)+15- - -»8iL)5 (D

where [ = T/ L, assuming that 7" is divisible by L.
We denote the speech observed through step ¢ by
C<y = (Cl, ey Ci)-

A bilingual glossary is defined as G =
{(ej,7j)}}L,, where e; is a source-language term'
and 7; is its target-language translation. At each
step 1, the retriever R4, parameterized by ¢, selects
a subset of the glossary:

Gi = Ry(c<i,G) C G. @)

We denote the retrieval history through step i by
ng‘Z(Gl,---,Gz‘)- ‘

Let 9; = (J{,---,¥n,) denote the possibly
empty target-language segment emitted at step ¢
by the system, and let §y; = 41 & - - - B Y;—1 de-
note the previously emitted translation prefix. The
generation policy is

Yi ~ (- | e<i, Y<i, G<i) - 3)

If n; = 0, the policy waits for additional speech in-
put. Otherwise, the generated segment is appended
to the translation output. Each token emitted at step

'We use ferm to refer to a specialized word, phrase, or
expression associated with a particular profession, scientific
discipline, or domain. Examples include technical concepts,
method and dataset names, proper names, and acronyms.

1 is assigned a delay of il seconds. The complete
hypothesis is y = y1 & --- ® yr. We evaluate
translation quality and latency using the hypothesis
y, reference translation y*, source transcript x*,
and per-token emission delays.

4 Retrieval-Augmented Simultaneous
Speech Translation

In this section, we first present an overview of
RASST. We then describe the cross-modal retriever
design and the training procedure that enables the
Speech LLM to effectively leverage retrieved terms
during simultaneous translation.

4.1 RASST Overview

Figure 1 presents an overview of RASST. We
adopt the interleaving SST formulation of In-
finiSST (Ouyang et al., 2025b), which alternates
between incoming speech chunks and incremental
translation outputs, and RASST augments this with
a retrieval step:

'gi ~ SpeechLLM(cl, Gl, ’gl, BN o) Gl) (4)
After each chunk ¢; arrives, the retriever returns
candidate terms G likely to appear in it, and we ap-
pend these terms along with their target-language
translations to the chunk’s representation. Con-
ditioned on the speech context and the retrieved
terms, the LLLM then generates the next partial
translation y;.
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Figure 2: An example of multi-scale inference. The
text term is encoded into a single feature vector
g, while the speech context is encoded into frame
features f!, f2, f3. We enumerate all windows
(1,2),(2,3),(1,3) and compute the corresponding
average-pooled features £1:2, £2:3, £13. The likelihood
that the term appears in the speech context is then the
maximum cosine similarity between g and any window
feature.

4.2 Cross-Modal Retriever

Architecture We adopt a dual-encoder architec-
ture. For text, we use the pre-trained BGE-M3
encoder (Chen et al., 2024) to map each source-
language term e; to a feature vector g; € R<. For
speech, we use the Audio Transformer of Qwen3-
Omni (Xu et al., 2025) followed by a linear pro-
jection to the same dimension d. Since terms are
typically short, the speech encoder reads only the
current chunk ¢; together with a look-back window
of duration #jookback, rather than the full history s<;
as in Equation 2. We denote this input as ¢; and
the resulting features as f; € R™*d with m as the
number of frames in c;.

Multi-Scale Inference Because terms vary in du-
ration, representing the speech context with a single
average-pooled vector loses information. Instead,
we pool over windows at multiple scales. As shown
in Figure 2, given f; = (£}, f2,..., f™), for each
window 1 < u < v < m we compute

£ = AvgPool(f}, ...

7

) ERL ()

The similarity between the speech ¢ and a term
e; is then the maximum cosine similarity over all

windows:

max_ CosSim(f;"", g;), (6)

. I . —
Slm(ci’ 6]) 1<u<v<m

and the retrieved terms are
G; = Top-K; (Sim(c},e;)) € G (7

In practice, we build a FAISS index (Douze et al.,
2024) over the term vectors {g; }\jg:|1’ then issue a
Top-K query for each window feature f;“", pro-
ducing a candidate pool of size up to a multiple
of K. We perform a second Top-K selection over
this pool by similarity score, keeping the highest
score per term when duplicates occur, and finally
discard any candidate whose similarity falls below

a threshold 7 to suppress noise.

Data Synthesis Retriever training requires paired
speech and terminology data (s’,epo). Since
terminology-rich speech corpora are scarce, we
synthesize training data from two sources: existing
ASR datasets and a terminology database.

For ASR data, we obtain word-level timestamps
for each transcript using the Montreal Forced
Aligner (MFA)?, then extract noun phrases as can-
didate terms using spaCy> and normalize their sur-
face forms. We use noun phrases because most
domain-specific terminology takes this form and
they are abundant in standard transcripts. For each
term, we carve out a speech context s’ of variable
duration surrounding it, which gives the retriever
flexibility across context lengths at inference time.

For each term in the terminology database, we
prompt Gemini-2.5-Flash* to generate several sen-
tences containing the term and synthesize the
speech with CosyVoice 3 (Du et al., 2025). The re-
sulting speech is then processed by the same MFA
pipeline as the ASR data.

Training Given paired data (s', epos), We train
the retriever with the InfoNCE loss (van den Oord
et al., 2019). In addition to in-batch negatives, we
mine hard negatives by using the retriever check-
point, which is updated every 50 training steps, to
retrieve the Top-N most similar terms from the
entire training set for each positive epos. Let Epeg
be the negative set and Fyjj = {€pos} U Eneg. The

2https://github.com/MontrealCorpusTools/
Montreal-Forced-Aligner

3https://spacy.io/ and en_core_web_trf model

4https://ai.google.dev/gemini—api/docs/models/
gemini-2.5-flash
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retriever 10Ss Lyetriever 18 then

exp(Sim(¢;, €pos)/7)
2 eer, XP(Sim(c;,€)/7)’

where 7 is the temperature. Since the timestamp
of epos Within s’ is known during training through
MFA, we bypass the maximum over windows in
Sim(-) and instead set (u,v) to be the smallest
window enclosing €pos.

—log

®)

4.3 Speech LLM Training

To teach the Speech LLM to effectively use the
retrieved terms G; during simultaneous transla-
tion, we synthesize a corresponding training cor-
pus. Given the speech chunks c;.;, we follow In-
finiSST’s procedure to produce the translation seg-
ments Y<;. The remaining piece beyond InfiniSST
is the retrieved terms G'<;. A naive approach is to
reuse the noun-phrase terms from retriever train-
ing and always populate G; with the ground-truth
term. This, however, would leave the model brittle
to retriever mistakes at inference time. To reduce
this training—inference mismatch, we build a glos-
sary over all noun phrases in the training set and
run the cross-modal retriever from Section 4.2 on
every speech chunk. Then we add the retrieved
distractors in (G; alongside the ground-truth term.
The Speech LLM thus learns to translate in the
presence of realistic retriever noise.

A training example is shown in Figure 14.
We wrap the ground-truth term’s translation in a
<term>. . . </term> tag, encouraging the Speech
LLM to copy ground-truth term translations di-
rectly from (5;. We fine-tune with a standard cross-
entropy objective applied only to translation tokens
y. Because translations naturally lag behind speech
in the training data, the model also receives implicit
supervision for timing: it observes when a term ap-
pears in the speech context and when its translation
appears later in the target sequence.

5 Experimental Setups

5.1 Data

Retriever Training We synthesize the retriever
training data from GigaSpeech (Chen et al., 2021)
and Wikidata®. GigaSpeech is a multi-domain En-
glish ASR corpus containing 10K hours of high-
quality labeled audio. We process it following
the procedure in Section 4.2, yielding 4.7M train-
ing pairs. The variable speech-context duration is

Shttps://www.wikidata.org/

sampled uniformly from 2.88, 3.84,4.80, 5.76 sec-
onds, corresponding to the inference-time chunk
sizes 0.96,1.92,2.88, 3.84 plus a tjookback = 1.92-
second look-back. The look-back captures terms
that cross chunk boundaries and we set it to 1.92
seconds since most terms are shorter than this, as
shown in Figure 7.

For Wikidata, we extract candidate terms from
the RDF truthy dump, keeping entities that have
both an English rdfs:label and at least one
wdt:P31 triple. Full processing details are given
in Appendix A. For each retained term, we prompt
Gemini-2.5-Flash to generate three natural utter-
ances of 5-15 words containing the term (Fig-
ure 15). We then synthesize the utterances with
CosyVoice 3%, using speaker prompts randomly
sampled from GigaSpeech. This results in 2.9M
training pairs.

Speech LLLM Training We synthesize the
Speech LLM training data using the same Gi-
gaSpeech ASR dataset. The interleaved En-
Zh/De/Ja translation data is synthesized similar to
InfiniSST with details in Appendix B. We subsam-
ple 12.5K instances for Speech LLM fine-tuning.
We build a 140K glossary from GigaSpeech and
Wikidata for distractor retrieval, and cap the size
of G; at 20 terms.

Evaluation We evaluate on two datasets. The
ACL 60/60 dev set (Salesky et al., 2023) contains
five English ACL talks translated into 10 target lan-
guages. We evaluate En—Zh/De/Ja directions and
feed each unsegmented talk directly to the model.
Each talk comes with a technical term list annotated
by domain experts. We use these human-curated
terminology lists as the retrieval glossary and after
source-side deduplication it contains 238 terms.
The ESO test set (Iranzo-Sanchez et al., 2025)
comprises five long-form English oncology train-
ing videos with human translations into French,
Spanish, German, and Slovene. We report En—De
direction and use GPT-5.47 to extract and filter
domain-specific glossary candidates, including pro-
cedures, diagnoses, biomarkers, clinical-trial con-
cepts, and acronyms, and manually verify the re-
tained entries. The final glossary has 212 unique
source terms. Appendix I gives the prompts. To
test larger retrieval glossary, we expand the ACL

*FunAudioLLM/Fun-Cosy Voice3-0.5B-2512
7https://developers.openai.com/api/docs/
models/gpt-5.4
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Figure 3: Quality—latency trade-off on ACL 60/60. X-axis is latency measured by StreamLAAL in milliseconds.
Y-axis is quality measured by terminology accuracy (exact match), BLEU and XCOMET-XXL. RASST improves

terminology accuracy and BLEU in all three directions.

and ESO glossaries to 1K and 10K entries using
unseen Wikidata terms from relevant domains.

5.2 Evaluation Metrics

Latency Following IWSLT 2025 practice (Ab-
dulmumin et al., 2025), we use StreamLAAL (Papi
et al., 2024) as our latency metric. StreamLLAAL
segments the model hypothesis to align with refer-
ence sentences and reports the average latency over
the resulting (hypothesis, reference) pairs.

Translation Quality We evaluate aligned sen-
tence triplets (transcript, hypothesis, reference)
using SacreBLEU (Papineni et al., 2002; Post,
2018) for surface-form accuracy and XCOMET-
XXL (Guerreiro et al., 2024) for semantic accuracy.

Terminology Accuracy We introduce terminol-
ogy accuracy, which measures how accurately a
model translates domain-specific terms. Our pri-
mary metric is exact match: for each term occur-
rence in the reference, we check whether its trans-
lation appears verbatim in the aligned hypothesis.
To account for valid orthographic and inflec-
tional variation, we also report a form-aware metric.

This metric accepts differences in case, spacing,
and hyphenation across all languages, as well as
contiguous German lemma sequences identified by
a fixed morphological analyzer. It does not accept
synonyms or semantic paraphrases. Appendix F
provides the complete evaluation protocol and re-
sults.

5.3 Model Configuration

Architecture For the retriever, we use a Qwen3-
Omni Audio Transformer?® as the speech encoder,
followed by a linear projection. For text encoding,
we use the dense BGE-M3° encoder and use the
contextualized representation at its first [CLS] po-
sition as the term vector. For the Speech LLM, we
use Qwen3-Omni-30B-A3B-Instruct'”.

Training We train both the cross-modal retriever
and the Speech LLM with LoRA (Hu et al., 2022).
For retriever training, the number of hard negative

8https://huggingface.co/Atotti/
Qwen3-0Omni-AudioTransformer

thtps://huggingface.co/BAAI/bge—m3

1Ohttps://huggingface.co/Qwen/
Qwen3-0mni-30B-A3B-Instruct
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Figure 4: Scaling the glossary from 0.2K to 1K and 10K
terms. RASST shows only a slight drop in terminology
accuracy and translation quality, remaining well above
the no-retrieval baseline.

N is 1024 and the global batch size is 8192. For
Speech LLM training, we enable sequence packing
with a maximum packed sequence length of 3,072
tokens and use a global batch size of 4 packed
sequences. Full hyperparameters and details are
provided in Appendix D.

Inference We implement the inference agent in
SimulEval (Ma et al., 2020a), varying the chunk
size [ over 0.96,1.92,2.88,3.84 seconds. The
Speech LLM is invoked once per chunk and gener-
ates up to 40 new tokens per call. We serve it with
vLLM (Kwon et al., 2023) using tensor parallelism
of size 2, decode with temperature 0.6, top-p=0.95,
and top-k=20, and strip the assistant’s <term> tags
from the hypothesis before scoring.

For retrieval, we build a FAISS inner-product in-
dex over £2-normalized term embeddings. At each
step, the retriever encodes the current speech chunk
together with a 1.92-second look-back, and queries
the index using only those windows whose right
boundary lies within the current chunk. We use
Top-K =10 and discard candidates with similarity
below 7=0.78"".

5.4 Baselines

Offline We use Qwen3-Omni-30B-A3B-Instruct
to translate pre-segmented speech utterances of-
fline, with the same decoding parameters as

'We select 7 on the dev set to allow at most a 1% drop in
recall.

RASST. This serves as an upper bound on transla-
tion quality.

Offline + GT Terms We extend the Offline base-
line by adding the ground-truth terms appearing in
each utterance to the prompt in a manner similar to
Gong et al. (2024), helping the model handle ter-
minology correctly. This serves as an upper bound
on terminology translation accuracy.

InfiniSST InfiniSST (Ouyang et al., 2025b) is a
strong SST baseline for simultaneous translation of
unbounded speech and achieved top performance
in the low-latency track at IWSLT 2025 (Ouyang
et al., 2025a; Abdulmumin et al., 2025). We train
InfiniSST on the same data and with the same
Speech LLM as RASST, but remove all terminol-
ogy input G;. This setting can be viewed as RASST
without retrieval.

6 Results and Analysis

6.1 Main Results

RASST substantially improves terminology ac-
curacy Figure 3 shows that RASST outperforms
InfiniSST in exact-match terminology accuracy
across all 12 ACL language—latency settings, with
gains of 12.3-21.4 percentage points. Figure 8
presents the English—-German results on ESO,
where RASST yields larger gains of 26.0-31.2
points across the four latency settings. We attribute
the larger gains on ESO to the difficulty of recog-
nizing and translating specialized oncology terms.
By contrast, many terms annotated in ACL 60/60
are common words, such as words, model, and
weights, which are comparatively easy to trans-
late. Notably, RASST also surpasses the Offline
baseline, demonstrating that access to the complete
speech context alone is insufficient for reliable ter-
minology translation. Although a gap to Offline +
GT Terms remains because retrieval is imperfect, it
is typically below five percentage points, indicating
that RASST captures most of the benefit of oracle
terminology access. The form-aware evaluation in
Appendix F confirms that these conclusions are not
artifacts of orthographic or inflectional variation.

RASST improves overall translation quality
On ACL 60/60, RASST achieves higher BLEU
than InfiniSST in 10 of the 12 settings, with a max-
imum gain of 3 BLEU points. By contrast, the
two systems obtain comparable XCOMET scores.
One likely explanation is that RASST inserts re-
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Chunk Size (s) 0.96 1.92 2.88 3.84
Wall-Clock Time (s) 0.036 0.042 0.042 0.043

Table 2: Retriever computation cost across speech chunk
sizes. The retriever’s overhead is negligible.

trieved target terms verbatim, which is more fa-
vored by a surface-form metric such as BLEU than
by a neural semantic metric such as XCOMET.
Moreover, although aligned target terms occur in
83.76-86.54% of ACL sentences, they constitute
only 10.66—-18.06% of the target tokens. Improve-
ments in terminology accuracy therefore affect a
limited proportion of the corpus, although expert
evaluation frameworks explicitly treat terminology
errors as a distinct source of translation quality
degradation (Freitag et al., 2021).

RASST is robust to large glossary size Figure 4
shows that RASST remains competitive as the glos-
sary scales to 10K terms. Going from 0.2K to 1K
and then 10K terms gradually reduces terminology
accuracy by less than 2% and BLEU by less than
1 point, and RASST still clearly outperforms the
no-retrieval baseline.

RASST is computationally efficient Table 2
reports the additional computational cost intro-
duced by the retriever. We run evaluation on
two NVIDIA RTX A6000 GPUs, serving the
Speech LLM with vLLM at tensor parallelism 2
and gpu_memory_utilization=0.72, while the re-
triever encoder fits in the remaining GPU memory.
The retriever’s wall-clock time per chunk is at most
3.75% of the chunk size, and becomes smaller as
the chunk grows, which makes it negligible in prac-
tice.

6.2 Ablation Studies

Retriever hard negatives and threshold We ex-
amine the effect of training-time hard negatives
and the inference-time threshold 7. In addition
to the default retriever trained with N=1024 hard
negatives, we train two variants with N=256 and
N=0. We evaluate their precision and recall on
the GigaSpeech dev set against three glossaries: a
1K glossary built from GigaSpeech noun phrases,
and 10K and 100K extensions with Wikidata terms
unseen during training. For each (retriever variant,
glossary) pair, we sweep 7 from 0O to 1 to obtain a
precision-recall curve.

Figure 11 shows the results. First, increasing N
yields clearly higher recall at the same precision,
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Figure 5: Recall@10 on the GigaSpeech dev set
for multi-scale inference in RASST and two variants.
Largest-infer uses the same retriever as RASST but
queries with only the largest window at inference.
Largest-train trains the retriever with the largest window
instead of the MFA-localized window. Multi-scale infer-
ence combined with MFA-localized training performs
best.

confirming the value of hard-negative mining. Sec-
ond, recall degrades as the glossary grows. Based
on these curves, we set 7=0.78 at inference: it
costs at most a 1% drop in recall while roughly
reducing the retrieval noise by half. Compared
with 7 = 0 in Figure 12, 7 = 0.78 achieves higher
terminology accuracy.

Multi-Scale Inference We examine the contri-
bution of multi-scale inference. As described in
Section 4.2, RASST’s retriever queries with speech
windows at multiple scales and keeps the terms
with the highest similarities. We compare against
two variants. The first reuses our retriever but
queries with only the largest window at inference
time, but this introduces a training—inference mis-
match, since the retriever was trained with MFA-
aligned windows around each term. The second
variant removes this mismatch by training the
retriever directly with the largest window, with-
out MFA-based window localization. Results are
shown in Figure 5. Multi-scale inference combined
with MFA-localized training performs best: it loses
less than 1% in recall when scaling from 1K to
100K glossary, compared to drops of over 2% and
5% for the two variants. The end-to-end En—Zh
evaluation at latency multiplier 2 in Table 3 con-
firms that this retrieval gain reaches the transla-
tion output: multi-scale inference achieves 90.00%
terminology accuracy, versus 84.72% for largest-
window inference and 73.93% when the retriever
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Figure 6: Quality—latency trade-off of RASST against two training-data variants: a version trained with LLM-
generated distractors, and InfiniSST + RAG, which adds retrieval at inference to a model not trained with terms G;.

RASST achieves the best overall trade-off.

Variant BLEU 1 LAAL (ms) ] TERM_ACC 1

Multi-scale  47.8780 1814.34 90.00
Largest-infer 47.8261 1868.37 84.72
Largest-train  45.7960 1863.20 73.93

Table 3: End-to-end ablation of retrieval strategies on
ACL En—Zh at latency multiplier 2. Decoding uses
temperature 0.6.

is also trained on the largest window.

Speech LLM Training Data We ablate the
distractor-sampling strategy used to construct G;
during Speech LLM training. Besides retriever
mined distractors in RASST, we train two variants:
one with LLM-generated distractors, and one with
no retrieved terms at all (equivalent to InfiniSST).
At inference, all variants use the same retriever
to populate GG; from the speech chunk before the
Speech LLM generates the translation. Results are
shown in Figure 6. The model trained with LLM-
generated distractors achieves slightly lower termi-
nology accuracy and BLEU than RASST. More
surprisingly, InfiniSST + RAG, which sees no re-
trieved terms during training but is given them at
inference, matches RASST’s terminology accuracy
but has much worse BLEU score. Inspecting its
outputs, we find that it tends to copy retrieved terms
verbatim without checking whether they actually
appear in the source or inserting them at the right
time.

More ablations on retriever training data, en-
coder choice, context length, and tag supervision
can be found in Appendix E.

6.3 Robustness Analysis

We evaluate the robustness of RASST to variations
in glossary and retrieval quality in Appendix G.

6.4 Qualitative Analysis

We additionally present a case study examining the
behavior of RASST in Appendix H.

7 Conclusion

We presented RASST, a retrieval-augmented frame-
work for simultaneous speech translation that im-
proves domain-specific terminology translation.
RASST couples a lightweight cross-modal retriever
with a Speech LLM and is trained with noise-robust
supervision so that it remains accurate under re-
alistic retrieval errors at inference time. Across
all 12 ACL language—-latency settings, RASST im-
proves exact-form terminology accuracy over In-
finiSST by 12.3-21.4 percentage points; on the
human-reference ESO En—De condition, the gains
are 26.0-31.2 points. Form-aware scoring, end-
to-end retrieval ablations, corrupted-retrieval tests,
and qualitative analysis support the same termi-
nology benefit. BLEU and XCOMET effects are
smaller and mixed, so the evidence supports reli-
able terminology translation rather than a universal
improvement in general translation quality.

Limitations

This work has several limitations. First, we fo-
cus exclusively on English as the source language.
Whether RASST’s cross-modal retriever and multi-
scale inference transfer to other source languages

38249



remains untested. Second, our evaluation covers
only two domains (academic talks and oncology
training videos), leaving RASST’s effectiveness
on other terminology-rich settings such as legal
and financial domains uncharacterized. Third, we
rely on a fixed similarity threshold 7 to suppress
retrieval noise. Fourth, we do not explicitly model
homophone confusion as in some prior contextual-
biasing ASR work, since our focus is the integra-
tion of retrieval with an LLM-based simultaneous
translation model, but it should be a natural ex-
tension. Fifth, retrieval can help only when the
required entry is present in the supplied glossary.
The paper-derived-glossary test covers 23.95% of
the human glossary and accordingly yields much
smaller gains. Finally, all experiments use Qwen3-
Omni as the Speech LLM backbone, and we have
not yet verified that our findings generalize to other
speech LLMs.
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A Wikidata Processing

We normalize each label by removing parenthetical
qualifiers, lowercasing for deduplication, and re-
taining only short alphabetic or hyphenated terms
with at most five words. We further require a non-
empty short description from the glossary index
that does not simply repeat the term, which fil-
ters out many ambiguous or non-English labels. To
avoid a corpus dominated by very frequent instance
types such as people, taxa, or scholarly articles, we
assign each entity a primary P31 type using its least
frequent instance type and rank terms with inverse-
type-frequency sampling. Terms appearing in the
held-out evaluation glossaries are removed before
training.

For each retained term, we prompt Gemini-2.5-
Flash to generate three natural utterances of 5-15
words containing the term (Figure 15). We then

38253


https://doi.org/10.18653/v1/2025.iwslt-1.8
https://doi.org/10.18653/v1/2025.iwslt-1.8
https://doi.org/10.18653/v1/2025.iwslt-1.8
https://doi.org/10.18653/v1/2025.acl-long.556
https://doi.org/10.18653/v1/2025.acl-long.556
https://doi.org/10.21437/Interspeech.2023-1124
https://doi.org/10.21437/Interspeech.2023-1124
https://doi.org/10.18653/v1/2024.naacl-industry.26
https://doi.org/10.18653/v1/2024.naacl-industry.26
https://doi.org/10.18653/v1/2024.naacl-industry.26
https://arxiv.org/abs/2509.17765
https://arxiv.org/abs/2505.09388
https://doi.org/10.1109/SLT61566.2024.10832154
https://doi.org/10.1109/SLT61566.2024.10832154
https://doi.org/10.1109/ICASSP49357.2023.10095857
https://doi.org/10.1109/ICASSP49357.2023.10095857
https://doi.org/10.18653/v1/2023.findings-acl.107
https://doi.org/10.18653/v1/2023.findings-acl.107
https://doi.org/10.18653/v1/N18-1120
https://doi.org/10.18653/v1/N18-1120
https://doi.org/10.18653/v1/N18-1120
https://doi.org/10.18653/v1/2021.acl-long.307
https://doi.org/10.18653/v1/2021.acl-long.307
https://doi.org/10.21437/Interspeech.2019-1209
https://doi.org/10.18653/v1/2023.acl-long.888
https://doi.org/10.18653/v1/2023.acl-long.888

==+ Mean: 0.588s
P99: 1.497s

Count

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Term Duration (seconds)

Figure 7: The distribution of term duration on Gi-
gaSpeech training set.

synthesize the utterances with CosyVoice 3'2, us-
ing speaker prompts randomly sampled from Gi-
gaSpeech.

B Speech LLLM Data Synthesis

As in InfiniSST, we build robust segments of 28.8
seconds, filter out those with WER larger than 0.1
using parakeet-0.6b-tdt-v2'? and generate the tar-
get language translation with Qwen3-30B-A3B-
Instruct-2507-FP8 (Yang et al., 2025)'* and fil-
ter out those with MetricX score (Juraska et al.,
2024)'3 worse than -3. Finally we build the inter-
leaved training data using SimAlign (Jalili Sabet
et al., 2020) with LaBSE (Feng et al., 2022).

You are given English document split into
lines. Translate each line into Chinese. Do
not include any other text.

<begin>

{3

<end>

C Term Duration Distribution

We show the distribution of term duration on Gi-
gaSpeech training set in Figure 7.

D Training Details

Retriever We train the retriever with LoRA
applied to both the speech and text encoders.
For the audio encoder, LoRA is inserted into

12https://huggingface.co/FunAudioLLM/
Fun-CosyVoice3-0.5B-2512

Bhttps://huggingface.co/nvidia/parakeet-tdt-0.
6b-v2

“https://huggingface.co/Quen/
Qwen3-30B-A3B-Instruct-2507-FP8

15https://huggingface.co/google/
metricx-24-hybrid-x1-v2p6
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Figure 8: Quality—latency trade-off on ESO dataset En-
De direction. Terminology accuracy uses strict exact-
form matching. RASST improves terminology accuracy
and BLEU but not XCOMET.

the query/key/value/output projections and MLP
blocks with rank =32 and scaling factor
a=64. For the text encoder, LoRA targets the
query/key/value projections with rank =16 and
a=32. We train with a multi-positive InfoNCE
objective using a fixed temperature v=0.03. We
optimize with AdamW (learning rate 1 x 1074,
weight decay 0.01), cosine annealing with 10%
warmup, and gradient clipping (max norm 1.0) un-
der BF16 mixed precision. Training is performed
with Distributed Data Parallel (DDP) on eight RTX
A6000 GPUs with a global batch size of 8192.

Speech LLM  We fine-tune the Speech LLM us-
ing LoRA with rank r=32 and a=32. For Speech
LLM training, we enable sequence packing with
a maximum packed sequence length of 3,072 to-
kens and use a global batch size of 4 packed se-
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Figure 10: Recall@ 10 under different threshold 7 on
the GigaSpeech dev set for retrievers trained with and
without Wikidata.

quences. We optimize with AdamW (learning rate
1 x 10~%, weight decay 0.01) and gradient clip-
ping (max norm 1.0). Training is performed with
DDP and expert parallelism (EP) of size 2 on four
NVIDIA RTX A6000 GPUs.

E Additional Ablations

This section reports additional ablations that do not
fit in the main text.

Retriever training data We examine the impact
of training data by comparing our default retriever,
trained on both GigaSpeech and Wikidata, against
a GigaSpeech-only variant. As shown in Figure 10,
adding Wikidata substantially improves recall, with
the largest gains at high 7, indicating that the re-
triever assigns higher similarity to true positives
when trained with Wikidata.

Retriever encoders We test different encoder
combinations here. We additionally tried mES text
encoder (Wang et al., 2024)'¢ and WavLM-large
speech encoder (Chen et al., 2022)!7. As shown

16https ://huggingface.co/intfloat/
multilingual-e5-large
"https://huggingface.co/microsoft/wavlm-1large

Context Length 1K 10K 100K
Fixed 1.92s 98.11 97.47 95.18
Fixed 3.84s 98.65 98.31 97.58
Fixed 5.76s 99.64 99.58 99.33
Variable 2.88-5.76s 99.20 98.97 98.58

Table 4: Recall@ 10 of retrievers trained with different
context lengths, across glossary sizes. Longer speech
contexts yield higher recall.

in Figure 9, Qwen3-Omni Audio Transformer +
BGE-M3 achieves the best recall.

Retriever context length. RASST trains the re-
triever with variable-length speech contexts and
here we compare against fixed-length alternatives.
As shown in Table 4, longer fixed-length contexts
generally yield higher recall across glossary sizes.
The variable-length setup matches the recall of the
longest fixed-length context (5.76s) while offering
better flexibility at inference.

Term-Tag Supervision The <term> tags in
Speech LLM targets explicitly identify when a
retrieved translation is realized. We train an
otherwise matched En—Zh model without these
tags. As shown in Figure 13, the tagged model
improves exact-form TERM_ACC by 3.60-5.06
points across all latency settings while achieving
similar BLEU scores, supporting the use of tags
as training-time supervision. The tags are stripped
before evaluation and are not displayed to user.

F Form-Aware Terminology Accuracy

The primary exact-form scorer first segments sys-
tem hypothesis into sentences each aligned to a
reference sentence. A glossary entry is eligible
when its English source form occurs in the aligned
source sentence and its target form occurs in the
reference. Target forms are deduplicated, and each
eligible target form is counted once per sentence.
Form-aware metrics uses the same setting as exact-
form scorer and differs only in determining whether
the target form appears in the hypothesis sentence.
For reproducibility, let N(z) denote Unicode
NFKC normalization followed by case folding and
whitespace collapse. Let C'(z) concatenate only
the Unicode letters and numbers in N(z), thereby
removing spaces, punctuation, and hyphens. For
every eligible target form ¢ and aligned hypothesis
h, we apply the following ordered rules; the first
successful rule determines the match type.
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1. Exact form. Accept if the unnormalized glos-
sary target ¢ is a substring of the unnormalized
hypothesis h.

2. Normalized surface form. If ¢ consists only
of Latin letters or digits and |C(¢)| < 4, accept
only when N (t) occurs in N (h) with Unicode
word boundaries on both sides. For every other
target, accept when N (¢) is a substring of N (h).
This rule handles case and Unicode-width varia-
tion without allowing a short acronym to match
inside a longer word.

3. Spacing or hyphenation variant. If the previ-
ous rules fail, accept when C'(¢) is a substring
of C(h), provided that |C(t)| > 4 for Latin-
alphanumeric targets and |C(t)] > 2 other-
wise. The minimum lengths prevent permissive
matches for very short strings.

4. German inflection. For En-De only, if the
previous rules fail, tokenize ¢ and h, discard
punctuation and whitespace tokens, normalize

each lemma with N(-), and accept only if the
complete lemma sequence of ¢ equals a con-
tiguous subsequence of the lemma sequence of
h. We use spaCy 3.8.5 with de_core_news_sm
3.8.0 and disable its parser and named-entity
recognizer.

The form-aware score counts a term as correct if
any rule succeeds. It never accepts a synonym,
paraphrase, reordered lemma sequence, or merely
semantically related expression. Normalization is
used only to test the hypothesis; eligibility contin-
ues to require the prescribed target surface form in
the reference. The diagnostic was run on existing
hypotheses, not newly decoded outputs. Across
32 system settings, it scored 27,296 eligible oc-
currences; every row with archived exact numera-
tor and denominator reproduced the original exact
count.

As shown in Table 5, the largest adjustment is
in German, where inflection and productive com-
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Condition  Exact Form-aware A
ACL En-Zh 88.99 89.10 +0.11
ACL En-Ja 84.57 84.57 +0.00
ACL En-De 82.99 87.38 +4.39
ESO En-De 78.21 82.23 +4.02

Table 5: RASST exact-form and conservative form-
aware TERM_ACC (%) at latency multiplier 2.

pounding create valid surface variants. At latency
multiplier 2, ACL En—De InfiniSST also rises from
67.59 to 74.44, while RASST rises from 82.99 to
87.38; the form-aware margin therefore remains
12.94 points. On ESO En—De the corresponding
margin is 23.03 points (82.23 versus 59.20). Thus
normalization reduces both systems’ apparent er-
ror, without changing the conclusion that retrieval
improves terminology realization.

G Robustness to Glossary and Retrieval
Quality

G.1 Paper-Derived Glossaries

To approximate a less curated setting, we extract
a separate glossary from the paper PDF corre-
sponding to each ACL talk using Gemini, without
consulting the transcripts, references, or human-

Direction TERM ACC BLEU

En-Zh  77.87/75.17 46.32/45.82
En-Ja 65.32/65.96 27.76/27.72
En-De  70.91/68.21 29.20/30.27

Table 6: ACL latency-multiplier-2 evaluation with

paper-derived retrieval glossaries. Cells show RASST/
InfiniSST.

Dir.  Replaced TERM BLEU XCOMET

En-Zh 0% 90.00 47.878 83.628
En-Zh 25% 88.09 48.137 83.028
En-Zh 50% 85.73 48.331 82.608
En-De 0% 83.10 30.869 83.966
En-De 25% 79.79 31.077 83.214
En-De 50% 75.51 31.584 83.496
En-Ja 0% 84.57 29.889 70.379
En-Ja 25% 82.77 28.717 68.417
En-Ja 50% 78.40 27.717 67.137

Table 7: Sensitivity to retrieval quality at latency mul-
tiplier 2. We randomly replaced 0, 25%, 50% of the
retrieved terms with irrelevant terms. Decoding uses
temperature 0.6.

annotated glossary. These glossaries overlap with
only 57 of 238 human-annotated glossary entries
(23.95% source-term coverage). We use the paper-
derived glossary for RASST retrieval but retain
the human glossary as the fixed TERM_ACC de-
nominator for both systems. Table 6 shows the
latency-multiplier-2 results. As expected, the gains
are much smaller because retrieval cannot supply
entries absent from the glossary. Nevertheless, ter-
minology accuracy improves for En—Zh and En—
De.

G.2 Retrieval Degradation

We replace 25% or 50% of retrieved entries with ir-
relevant entries from the same ACL glossary, hold-
ing the number of hints and inference configuration
fixed. Table 7 reports results at latency multiplier
2. Exact-form TERM_ACC decreases by at most
7.59 points under 50% replacement and remains
above the corresponding InfiniSST accuracy in all
three directions. All six corrupted settings have
lower XCOMET than their language’s uncorrupted
setting while have similar BLEU.
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System

You are a professional simultaneous interpreter. You will be given chunks of English audio and you need to translate the audio into
Chinese text. Use the term_map as a reference for terminology if provided.

<audio>
User 1

term_map: things — H; everything — TE % 17; right — F; thing — % 7; that thing — AR,

Assistant 1

%%M%ﬁﬂiﬁxﬁiﬂmmE‘]<term>$</term>a XFE—K, ZhHi<term>TH S Ji</term B E R T, RABAEHNE —
I o

<audio>
User 2 term_map: the Porch Gable — [ JJH/NZ; story — {%ifi; Anne — ZUE; seclusion — ##i&; Diana — HZHl; gabelle — V%
[E|#hFL; that story — XM porch — [ 1.
Assistant 2 SRT, He<term>Zii</termy B F5EM T, <term>ZEWe</term>FE<term>| i/ NE</ term>f<term>Ffiif</term>H 1 i
BT <term>FEZ A</ term>lT - fb
<audio> .
User 3 term_map: Diana — HZHF; watchful eye — ZIH = ; Robert Ray — % {H4F-5; her pathetic scene — AN NEIEY =
scene — ¥3%; that scene — FRIHAL.
Assistant 3 RN R I T AR ARG 5, FIN OE i E<term> B AR H</term>, Mh—il11E—ili<term> BB B</ term>& <term>H
</ term> IR o FA W
Figure 14: An example of En-Zh Speech LLM training data.
Category Occurrences genuine substitutions or hallucinations, including
Synonym 28 “BETO” rendered as “BERT.” Acoustic acronym
Grammar-conditioned surface change 3 confusions also occur without retrieval, such as
Spacing or capitalization 12 « » « »
StreamLLAAL segmentation error 48 BLEU” rendered as “blue.
Term absent 14
Different concept or named entity 22
Total 127

Table 8: Manual categorization of cases where InfiniSST
is exact-match correct and RASST is not.

H Qualitative and Failure Analysis

At latency multiplier 2, ACL 60/60 contains 3,266
evaluated terminology occurrences across the three
directions. RASST is exact-match correct in 638
cases where InfiniSST is wrong, while the reverse
occurs in 127 cases. We manually categorize these
127 apparent regressions in Table 8.

The first three categories contain the intended
term but not the reference surface form, for ex-
ample “Softmax” versus “Soft max” and “Trans-
former” versus “transformer.” They account for 43
cases and motivate the form-aware diagnostic. A
further 48 are boundary artifacts from mWERSeg-
menter splitting Chinese or Japanese output mid-
sentence.

Of the 14 genuinely absent terms, seven are not
retrieved because their similarity falls just below
7=0.78. The other seven are retrieved but not used:
some hints arrive near the end of a sentence after
the model has started generating another sentence,
while others are omitted because the concept is
inferable from context. The remaining 22 cases are

I ESO Glossary Construction

We construct the ESO hard-term glossary with the
following seven-stage pipeline. (1) GPT-5.4 pro-
cesses batches of 10 sentences with full-talk con-
text, extracts high-precision medical candidates,
and associates each candidate with exact target
spans; the dataset-provided German sentence trans-
lation is kept unchanged. (2) GPT-5.4 enforces
exact-span and abbreviation consistency, dropping
copied or speculative acronyms. (3) Deterministic
checks retain only entries whose source and tar-
get strings occur in their corresponding sentences.
(4) We deduplicate and normalize source forms
without changing target strings. (5) GPT-5.4 ex-
amines batches of three terms against no-retrieval
outputs and identifies terms that are genuinely diffi-
cult rather than harmless variants. (6) We manually
inspect and correct the glossary. (7) We serialize
the final 215 rows (212 unique English terms) used
to build the index. Precision is prioritized over
recall throughout.
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Stage 1 prompt: candidate extraction

Given the full transcript and
sentence-level JSON, return one JSON
item per sentence. Reuse the provided

German translation exactly. Extract only
genuinely domain-specific concepts such
as procedures, diagnoses, biomarkers,
clinical-trial terminology, anatomical
terms, and acronyms. Exclude generic
nouns, people, organizations, and vague
phrases. For each retained English
term, return a German target that is a
contiguous substring of the provided German
sentence. Precision is more important than
recall; return an empty term list when no
sufficiently technical term is present.

Stage 2 prompt: exact span and abbrevia-

tion consistency

Revise each candidate so every kept target
is an exact contiguous span of the sentence
translation. Do not add new terms. For
abbreviations, keep the item only when
its expansion or translation is clear
and meaningful; drop a copied acronym, a
speculative expansion, or an abbreviation
that duplicates a full-form term. Preserve
sentence and term identifiers and return
JSON only.

Given the English term, prescribed target,
source sentence, reference, and no-RAG
prediction, judge whether the prediction
conveys the term in context. Accept exact
forms, faithful synonyms, and harmless
spelling or spacing variants. Mark wrong
or missing when the term is omitted,
mistranslated, over-generalized, replaced
by another concept, or merely copied when an
expansion is required. Use not assessable
only for alignment failure and return one
JSON judgment per identifier.

Stage 5 prompt: hard-term filtering
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Prompt template for Wikidata term utterance generation

System instruction:

You are a dataset builder for speech recognition research.

Your task: given a list of terms with their short descriptions, generate short English utterances
(5-15 words each) that a speaker might say in a lecture, tutorial, or technical discussion. Use
the description as context to produce accurate, meaningful sentences, but do NOT just copy the
description.

Each utterance MUST contain the given term EXACTLY as written (same spelling, but case may differ).
Vary sentence structure and term position (beginning, middle, end). Do NOT repeat the same pattern
across terms.

Output valid JSON only - no markdown fences, no explanation.

User prompt:

Generate {variants_per_term} short utterances (5-15 words) for EACH of the following terms. Use the
description as context to make the utterance accurate and meaningful. Each utterance must contain
the term verbatim.

Terms with descriptions:
L
{"term"”: "Seismology"”, "description”: "scientific study of earthquakes"},
{"term": "dataflow graph”, "description”: "graph representation of data dependencies”}

]

Return a JSON object mapping each term to a list of {variants_per_term} utterance strings. Example
format:

"Seismology"”: [
"Seismology helps us understand earthquake patterns.”,
"The field of seismology has advanced rapidly.”
]
}

IMPORTANT: output raw JSON only, no markdown code fences.

Figure 15: Prompt template for Wikidata term utterance generation.

38260



