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Abstract

Automatic speech recognition (ASR) has benefited from advances in pretrained speech and language models,
yet most systems remain constrained to monolingual settings and short, isolated utterances. While recent efforts
in context-aware ASR show promise, two key challenges persist: limited multilingual support and the absence of
principled alignment between speech and contextual representations. In this paper, we introduce a context-aware
multilingual ASR framework that supports diverse languages and accents while preserving the modularity of
pretrained models. Our approach combines a frozen speech encoder and a decoder-only language model via a
lightweight projection module, allowing structured context prompts, including dialogue history and biasing words, to
guide transcription. To improve interaction between speech and context, we employ a contrastive learning objective
that aligns their representations in a shared embedding space. Evaluations on over 1,500 hours of real-world
conversational speech across 11 languages and 5 English dialects show that contextual input consistently improves
recognition quality. Contrastive alignment provides additional gains when applied to different context types, with
an overall performance gain of over 5%. These results highlight the importance of both contextual modeling and
cross-modal alignment in multilingual ASR.
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1. Introduction such as concatenating previous utterances or bias

Automatic speech recognition (ASR) has ad-
vanced rapidly in recent years, largely due to
the development of large-scale pretrained mod-
els and end-to-end architectures. However, real-
world ASR systems still face persistent chal-
lenges in multilingual scenarios. Recent de-
velopments in speech-language model integra-
tion have paved new ways to connect pretrained
speech encoders with large language models
(LLMs), enabling speech-to-text transcription via
prompt-based mechanisms while often keeping
backbone components frozen (Verdini et al., 2024).
For example, Hono et al. (2024) proposes inte-
grating a pre-trained speech representation model
with an LLM through a bridge network, achieving
competitive end-to-end ASR performance. Fathul-
lah et al. (2024) demonstrates that attaching a
small audio encoder to a frozen LLM allows multi-
lingual speech recognition, even though the LLM
was trained primarily on English text.

However, two critical gaps remain. First, multilin-
gual context-aware ASR, which supports multiple
languages and actively integrates preceding con-
versational context or biasing lists, has been rel-
atively understudied. For instance, Cheng (2024)
investigates prompt-based context-aware recog-
nition in accented speech but focuses on mono-
lingual short-utterance scenarios rather than fully
multilingual conversational settings. Second, while
many works incorporate context as additional input

lists (ZOfle and Niehues, 2024; Yang et al., 2024)
, the explicit alignment between speech embed-
dings and contextual embeddings via a trainable,
embedding-level modality alignment mechanism
remains largely unexplored. For example, Guo et al.
(2021) introduces a context-aware language model
that encodes callsign lists alongside ASR decoding
but does not explore embedding-space alignment
between acoustic and context representations.

To address these gaps, we propose a context-
aware multilingual ASR framework ' that supports
cross-lingual recognition while explicitly aligning
speech and contextual representations in the em-
bedding space, moving beyond heuristic concate-
nation. Our method integrates a frozen speech
encoder with a frozen decoder-only LLM through
a lightweight projection module, and incorporates
structured context information into the LLM in-
put. To enhance cross-modal alignment, we in-
troduce a contrastive learning objective that draws
speech—context pairs closer in the shared represen-
tation space. This design enables the model to con-
dition generation on both acoustic and contextual
cues without modifying the underlying pretrained
components.

We conduct extensive experiments on the offi-
cial dataset for the Interspeech2025 MultiLingual
Conversational Speech Language Models (MLC-
SLM) challenge (Mu et al., 2025), a large-scale

"The code is available at https://github.com/
yuchen-zhang-essex/Context-Aware_ASR.
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multilingual conversational dataset spanning 11 lan-
guages and over 1,500 hours of real-world speech.
The experimental results suggest that incorporating
context consistently enhances transcription quality,
validating the benefits of context-aware generation
across diverse linguistic conditions. Our findings
further highlight the importance of aligning con-
textual and acoustic representations, showing that
contrastive learning offers additional improvements
on different types of context. These results under-
score the need for more principled speech—context
integration approaches in multilingual ASR.
Our main contributions are as follows:

* We introduce a context-aware SpeechLLM
framework for multilingual ASR that effectively
harnesses contextual inputs, including dia-
logue history and biasing words, to enable ef-
ficient adaptation across diverse languages,
while maintaining a lightweight design.

» We propose an embedding-level speech con-
text alignment strategy based on contrastive
learning, explicitly linking speech features with
contextual information to improve semantic
grounding in multilingual scenarios.

» We conduct comprehensive experiments on
a 1,500-hour multilingual dataset across var-
ious context settings. Results show consis-
tent improvements over non-contextual and
non-contrastive settings, achieving over a 5%
overall performance gain, and provide insights
into how contrastive alignment interacts with
different context types in multilingual settings.

2. Related Work

Multilingual ASR Recent work in ASR has in-
creasingly focused on multilingual settings, where
a single model needs to support many languages,
dialects, or accents. For example, Babu et al.
(2021) introduces XLS-R, a self-supervised model
trained on nearly half a million hours of speech
across 128 languages, based on the wav2vec2
(Baevski et al., 2020). Their evaluation covers both
high- and low-resource languages, achieving large
error-rate reductions relative to prior monolingual
models. Similarly, Khurana et al. (2022) propose
SAMU-XLSR, an utterance-level multimodal multi-
lingual speech representation model that aligns
speech and text embedding spaces across lan-
guages by combining XLS-R and multilingual text
embeddings. Other multilingual ASR works extend
the unified modeling across many languages, in-
cluding low-resource ones (Li et al., 2025). These
efforts highlight the value of shared multilingual rep-
resentation and backbone models for multilingual
ASR tasks.

Context-aware ASR Injecting external context,
such as preceding utterances, bias-lists of rare
words, or domain-specific vocabulary, has been
shown to improve ASR performance in particular
scenarios, such as rare words, proper nouns, and
conversational settings (Concina et al., 2025; Linke
et al., 2025). For instance, Chang et al. (2021)
propose Context-Aware Transformer Transducer, a
Transformer-Transducer architecture that attends
over preceding utterances encoded via pretrained
BERT or BiLSTM, enabling multi-turn dialogue con-
text to influence recognition. Huang et al. (2020)
introduces Class-LM & Word Mapping for contex-
tual biasing in end-to-end ASR, allowing a beam
search to traverse into a context FST comprised
of rare or domain-specific vocabulary, thus improv-
ing recognition of named entities. Beyond these,
Fu et al. (2023) presents Robust Acoustic and Se-
mantic Contextual Biasing, where attention-based
modules incorporate both acoustic and semantic
context cues for rare words in neural transducers.
Gong et al. (2024) discusses Contextual Biasing
Speech Recognition in dynamic settings, injecting
contexts into earlier encoder layers and assessing
runtime cost.

Speech LLM With the proliferation of LLMs, re-
cent research has started to bridge speech en-
coders and LLMs for tasks such as ASR, speech
translation, or spoken language understanding. For
example, Fan et al. (2025) proposes AlignFormer, a
neural adapter connecting a frozen speech encoder
to a frozen instruction-following LLM. Their method
uses CTC and dynamic-window QFormer layers
to align heterogeneous modality lengths and pre-
serve the LLM’s instruction-following capabilities.
Chen et al. (2024) present SALM, which integrates
a frozen LLM, audio encoder, and LoRA layers for
speech recognition and speech translation with an
in-context learning capability. Hono et al. (2024)
proposes a bridge network that maps speech en-
coder outputs into the LLM embedding space, com-
pressing the sequence length for efficiency. Other
work explores end-to-end architectures combining
pretrained speech encoders with LLMs for ASR
(Luu and Bojar, 2025). These contributions demon-
strate the viability of freezing large backbones and
training lightweight modules to connect modalities
for ASR.

3. Methodology

3.1. Problem Formulation

Given a spoken utterance s{ from dialogue j at
turn ¢, along with context information P, ;, the ob-

jective is to generate a textual transcription yi =
{v1,v2,---,yr}, where L is the output length, that
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corresponds to the spoken content, considering
both the audio signal and the available contextual
information.

Formally, we aim to model the conditional proba-
bility distribution:

P(yi | Sg’P(:tw'z) = Hp(yl | y<lasgvlpctw-‘t7)v (1)
=1

where y; denotes the I-th token in the output
sequence, and y,; represents all previously gener-
ated tokens.

3.2. Overall Structure

The overall structure of the proposed context-
aware multilingual ASR system is illustrated in Fig-
ure 1. Our model architecture integrates a frozen
speech encoder, a frozen decoder-only LLM, and a
lightweight projection module that bridges the two
modalities. To support context-aware transcription,
we first construct a model input by injecting con-
textual information into a fixed instruction template.
This prompt and the speech embedding are passed
to the LLM, which autoregressively generates the
transcription.

The overall process consists of three main
stages: (1) extracting contextual information rel-
evant to the input speech (Section 3.3); (2) pro-
jecting the high-dimensional speech features into
the shared embedding space of the LLM and
aligning them with the contextual prompt. This
is achieved through a trainable speech connector
(Section 3.4) and a contrastive learning objective
(Section 3.5) that encourages semantically related
speech—context pairs to be close in the represen-
tation space; (3) generating the final transcription
conditioned on both the speech input and the in-
jected context using the LLM decoder.

3.3. Context Extraction

In this work, we focus on two types of contextual
information to support multilingual ASR: dialogue
history and biasing words. Dialogue history refers
to the preceding utterances within the same con-
versation and serves to ground the interpretation
of the current utterance in the prior context. This
is particularly beneficial for resolving incomplete
phrases, pronouns, and context-dependent expres-
sions whose meaning depends on earlier dialogue
turns.

In contrast, biasing words refer to keywords or
phrases provided in advance, such as named enti-
ties, domain-specific terminology, or task-relevant
keywords. These terms may be rare or unseen
in the training data, but are essential for correctly
recognizing domain-relevant content. By jointly in-
corporating dynamic context (dialogue history) and

static prior knowledge (biasing words), we aim to
improve the model’s capacity to process complex
multilingual speech with greater accuracy and ro-
bustness.

3.3.1. Dialogue History

To incorporate contextual information, we define the
dialogue history of each utterance as the sequence
of preceding turns within the same dialogue.

Let the dataset D consist of a set of M dialogues:
D={D;|i=1,2,...,M}, where each dialogue
D ={s] |t =12,...,N;}(j € M) consists
of an ordered sequence of N; pieces of speech
utterances (IN; may vary across dialogues). s] de-
notes the ¢-th utterance in D; and its corresponding
ground-truth transcription is denoted as yl.

For a given utterance s; in dialogue D;, we define
its dialogue history window of size Ky as DH?:

} {yngDH7t"7yg71}» if t>Kpu
DH{Z {y{a“-ayg—l}v Zf 1<t§KDH'
J, if t=1

(2)

To integrate the extracted dialogue history into

the model input, we convert D] into a natural

language prompt. When DH] # @, we construct
the Dialogue History Prompt PDH? as:

"The previous |DH]| turn(s) of this
speech is: DHj."

Here |D#]| denotes the number of previous ut-
terances available (up to Kpy), and the entries
in DH; are concatenated with a separator token
[SEP].

If no conversation history is available (i.e., t = 1),
the Dialogue History Prompt PDHtj is defined as :
"There is no conversation history

of this speech."

It should be noted that during training, the dia-
logue history of each utterance is extracted from the
ground-truth transcriptions. During inference, since
ground-truth transcripts are unavailable, we rely on
coarse transcriptions generated by a pre-trained
multilingual Connectionist Temporal Classification
(CTC) model (Lugosch et al., 2022). The same
history extraction and prompt formatting procedure
used during training is applied to these transcrip-
tions to construct the dialogue history for the test
data.

3.3.2. Biasing Words

To improve contextual awareness and provide the
model with additional lexical cues, we incorporate
biasing words, which consist of two categories: (1)
Hotwords, short n-gram phrases extracted directly
from transcriptions, and (2) Distractor Terms, rare
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Figure 1: The overall structure of the proposed context-aware multilingual ASR.

words sampled from a predefined lexicon. These
words are included as part of the decoding prompt
to highlight potentially informative or underrepre-
sented content, while also encouraging the model
to develop robustness against irrelevant lexical
cues.

The training hotwords are randomly selected
from the transcriptions of speech, following a strat-
egy similar to that used in prior studies (Pundak
etal., 2018; Huang et al., 2023; Futami et al., 2024;
Yang et al., 2024). For a given utterance s/, let its
ground-truth transcription be denoted by /. To con-
struct the corresponding hotword set W, we first
tokenize y into a sequence of words. From this
sequence, we randomly sample several word-level
n-gram phrases. The number of phrases to sample
is drawn uniformly from [1, K zw |, while the length
of each phrase is drawn uniformly from [1, Lgw],
where Kyw and L gy denote the maximum num-
ber of phrases and the maximum phrase length,
respectively.

Additionally, for each utterance s{, we include
Kpr distractor terms D77, sampled from a pre-
defined, language-specific rare-word lexicon. The
rare-word lexicon is constructed following a method
similar to that of Le et al. (2021). Specifically, we
construct the rare word lexicon for each language
by first aggregating all ground-truth transcriptions in
the training set. Unigram frequencies are computed
over the tokenized corpus, and words occurring
fewer than a threshold 6,.,,.. times are discarded to
reduce noise from typos or annotation errors. From
the remaining set of words, the bottom p,.,... frac-
tion, ranked by unigram frequency, is selected to
construct the rare-word lexicon. For each utterance
s7, the distractor terms DT are then sampled from
the built rare-word lexicon under the constraint that

they do not appear in the current transcription yi

The final biasing words for utterance s is formed
by combining the hotwords #WW; and distractor
terms DT+. We then convert the biasing words into
a Biasing Words Prompt PBer :

"The speech might contain following
words: HW;], DT7."

Similar to dialogue history extraction, the source
of hotwords differs between training and inference.
During training, hotwords are derived directly from
the ground-truth transcriptions. Since ground-truth
is unavailable during inference, hotwords are ex-
tracted from the same coarse transcriptions used
for dialogue history extraction. The same sampling
procedure and prompt formatting are applied in
both cases to ensure consistency across training
and inference.

3.4. Speech Connector

Given an input speech s/ , the audio encoder ex-
tracts a sequence of high-dimensional acoustic em-
beddings:

HIY = £(s]) € REXTXEe, (3)

where £ denotes the audio encoder, and B, T,
and E, denote the batch size, the number of acous-
tic frames, and the audio encoder hidden dimen-
sion, respectively.

To align the encoder outputs with the embed-
ding space of the LLM, the speech representations
H:;Z% are first downsampled by a factor Kiown,

where every K., consecutive frames are con-
catenated into a single vector. The stacked features
are then transformed through two successive lin-
ear layers to get the final representation of speech
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where D (-) denotes the downsampling operator,
L, and L, denote linear projector, and ogg () is
the Gaussian Error Linear Unit (GELU) activation
function.

3.5. Speech-Context Alignment

To enhance alignment between speech and its as-
sociated contextual information, we introduce a con-
trastive learning objective that encourages paired
speech and context embeddings to be close in rep-
resentation space, while pushing apart mismatched
pairs.

For a given utterance si let the contextual prompt
ng (e.g., dialogue history or biasing words) be
tokenized and passed through the input embed-
ding layer of the frozen LLM, denoted by femp. The
corresponding context embedding Hmz € RF is
computed as: ’

Hcta:-z = femb(’Pcm_g) e ]RLXEt7 (6)

where L is the token length of the context prompt
and E, is the LLM embedding dimension.

To apply contrastive learning with context embed-
ding and speech embedding, we first conduct mean
pooling and then L2-normalization to the context
embeding:

Hp =0 (0 (Ha)) )

where ¢(-) denotes mean pooling and «(-) denotes
the L2-normalization.

Similarly, the projected speech embedding Hpoj,
which is also aggregated and normalized:

i, =v(o(i,). ©

For each training batch of size B, we define posi-
tive pairs as a speech utterance and its correspond-
ing context, and negative pairs as the same speech
embedding paired with non-matching contexts from
other utterances in the batch. We then compute the
pairwise similarity matrix S € RB*Z using scaled
dot products between the normalized speech and
context embeddings:

Sq = Spetiq" (9)

where s/ and sk denote two utterances in the
batch, H_ ; and ﬂmg are their corresponding nor-

spey
malized speech and context embeddings, and  is
a temperature scaling hyperparameter.

The InfoNCE contrastive loss is then computed

as:

B
£CL __ exp(St,t)

B )
B q=1 Zq:l exp(St,q)

where each term compares the similarity be-
tween the speech embedding H_, ; and its cor-

responding context embedding ﬂmg (i.e., the posi-
tive pair) against the similarities between that same
speech embedding and all other context embed-
dings in the batch flmg(i.e., the in-batch neg-
atives). This encourages the model to assign
higher similarity scores to matched speech—context
pairs and lower scores to mismatched ones,
thereby learning more discriminative and contextu-
ally grounded representations.

(10)

3.6. Training Objective

For a given utterance s/, the decoder outputs a
sequence of logits Z; € RL*V, where L is the
output length and V' is the vocabulary size. Let the
ground-truth transcription be v/ = {y/}~,, w €
[V], where [V] = {1,2,...,V} denotes the index
set of the vocabulary, and each y; is the index of
the correct token in this set.

At each position I, the probability assigned to the
ground-truth index y; is calculated by the softmax:

- exp(Zi [l )
Py | y<i,81) = : ;
o exp(Zi[1, )
where Z/ 1, ] is the logit for vocabulary index v
at position [.
The CE loss is then computed as the average
negative log-likelihood over all positions:

(11)

L
1 .
Lop=—7 Y logpu |y ). (12)
=1
Finally, the total loss is computed as a weighted
combination of CE and CL objectives:

L=p-Lcg+oa- Lcr, (13)

where, [ is a fixed hyperparameter, and « is
dynamically adjusted to balance the two losses:

o — Lor
Leg+ Lor
The combined objective encourages the decoder
to generate accurate transcriptions while enforcing
consistency between the speech and contextual
representations in the embedding space.

(14)
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4. Experiment

4.1. Dataset

We use the MLC-SLM dataset (Mu et al., 2025) for
the ASR task to demonstrate the effectiveness of
our proposed model. The selected dataset con-
tains approximately 1571 hours of multilingual con-
versational data in total, including 1,507 hours for
training (Train), 32 hours for validation (Val), and
32 hours for testing (Test). Each subset comprises
11 languages: English, French, German, Italian,
Portuguese, Spanish, Japanese, Korean, Russian,
Thai, and Vietnamese. The English subsets con-
tain accents from various regions: American, Aus-
tralian, British, Filipino, and Indian. Each record-
ing contains a multi-turn conversational speech of
around 20 minutes between two speakers on a ran-
domly assigned topic, including celebrities, dreams,
education, emotion, fashion, food, games, the In-
ternet, movies, shopping, travel, etc.

Table 1: Durations (hours) of the MLC-SLM dataset.

Language Train Val Test
English-American  100.60 2.22  2.01

English-Australian  100.39 2.34  2.43
English-British 10048 223 2.03
English-Filipino 100.36 2.09 2.02
English-Indian 100.45 217 2.31

French 100.38 226 2.07
German 100.58 2.03 2.05
ltalian 100.67 2.10 2.19
Japanese 10044 208 2.19
Korean 100.68 2.03 2.02
Portuguese 100.33 2.18 2.14
Russian 100.41 2.05 2.18
Spanish 10047 2.14 2.18
Thai 100.50 2.12 217
Vietnamese 100.45 2.15 2.01

Total 1507.22 32.18 32.19

4.2. Experimental Setting

General Setting In this study, we employ
Whisper-large-v3 Turbo (Radford et al., 2022) as
the speech encoder and adopt EuroLLM-1.7B-
Instruct (Martins et al., 2025) as a LLM decoder.

During training, the data input is constructed us-
ing a structured textual template designed to guide
the LLM. Each input sequence takes the form:

"<SPEECH> USER: <PROMPT> ASSISTANT:
<TRANSCRIPTION>. "

Here, <sPEECH> denotes the speech embed-
ding generated by the speech encoder. <TRAN-
SCRIPTION> is the ground-truth transcription of
the speech. <PROMPT> is prefixed task related
prompt:

"Transcribe the speech to text.

The following context information
might help:<CONTEXT>"

In our experiments, we define the <CONTEXT>
in three configurations. When only dialogue his-
tory is used, <CONTEXT> is set to Ppy. When
only biasing words are provided, it becomes Pgyy .
When incorporating both dialogue history and bias-
ing words, the context is constructed by concate-
nating the two: Ppyg + Paw .

We also examine the situation where con-
text information is unavailable. In this setting,
the <PROMPT> is set as: “Transcribe the
speech to text.”

During the inference process, the format of
the data input for the LLM is "<SPEECH> USER:
<PROMPT> ASSISTANT:".

Model Configuration The parameters of both
the speech encoder and the LLM are frozen. Opti-
mization is applied only to the lightweight projection
module responsible for aligning the speech and
language modalities. The model is trained for 2
epochs with a batch size of 8 using the AdamW
optimizer, a learning rate of 1e-4, and a weight de-
cay of 1e-6. A linear warm-up schedule with 1,000
warm-up steps is employed to gradually increase
the learning rate at the early stage of training. Dur-
ing inference, beam search is used for decoding,
with the beam size set to 2.

For context-related hyperparameters, the dia-
logue history window size Kpy is setto 1. The
maximum number of hotwords per utterance K gy
is 3, and the maximum token length per hotword
Lgw is 3. For each utterance, Kpr = 1 distractor
term is introduced. A frequency threshold 6,.,;.. = 2
is used to discard uncommon terms, and the bot-
tom p,qr. = 10% of tokens are selected to form the
rare-word lexicon. The speech features are down-
sampled by a factor of Ky,.,, = 4. The temperature
scaling parameter 7 for contrastive learning is set
to 0.07.

Evaluation Metrics We evaluate model perfor-
mance using two standard metrics in ASR: Word
Error Rate (WER) and Character Error Rate (CER).

WER and CER are computed at the token level by
aligning the predicted transcription with the ground
truth using minimum edit distance. The error rate
is calculated as:

S+D+1
ErrorRate = %,

where S is the number of substitutions, D is dele-
tions, I is insertions, and NV is the number of tokens
(for WER) or characters (for CER) in the reference.
In our multilingual setup, we adopt CER for lan-
guages that lack clear word boundaries, including

(15)
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Table 2: WER/CER (%) results across different contexts (lower is better). Values in brackets indicate the

change compared to the corresponding non-CL setting. All =

Dialogue History + Biasing Words. BW:

Biasing Words; CL: Contrastive Learning. The best results in Bold and the second best Underlined

language No Context History BW All  History+CL BW+CL All+CL metric
English-American 13.29 9.21 10.14 942 9.70 (+0.49) 9.12(-1.02) 10.05(+0.63) WER
English-Australian 12.66 793 873 812 7.39 (-0.54) 7.78 (-0.95) 7.77 (-0.35)  WER
English-British 8.58 746 596 578  5.69(-1.77) 5.85(-0.11)  6.22(+0.44) WER
English-Filipino 10.74 9.27 1049 11.56 9.15(-0.12) 11.69 (+1.20) 9.88 (-1.68) WER
English-Indian 15.91 9.97 843 8.18 9.59 (-0.38) 8.92 (+0.49) 8.39 (+0.21) WER
French 23.32 24.06 27.00 25.01 22.50(-1.56) 23.79(-3.21) 26.10(+1.09) WER
German 31.49 19.89 26.14 2199 19.36(-0.53) 20.32(-5.82) 20.12(-1.87) WER
Italian 20.52 25.69 21.78 20.65 20.88(-4.81) 20.04(-1.74) 19.87(-0.78) WER
Japanese 38.45 25.65 19.43 20.96 21.27(-4.38) 21.74 (+2.31) 20.60(-0.36) CER
Korean 18.15 891 767 773 7.41(-1.50) 8.24 (+0.57) 7.74(+0.01) CER
Portuguese 44.27 32.09 32.78 31.32 36.66 (+4.57) 35.12(+2.34) 29.61(-1.71) WER
Russian 16.88 20.16 19.69 20.65 18.45(-1.71) 19.50(-0.19) 18.90(-1.75) WER
Spanish 12.62 12.39 13.79 13.34 10.33(-2.06) 11.42(-2.37) 11.28(-2.06) WER
Thai 22.73 22.45 2258 22.78 20.50(-1.95) 23.32(+0.74) 23.23(+0.45) CER
Vietnamese 25.84 12.50 12.26 13.69 12.35(-0.15) 13.78(+1.52) 13.80 (+0.11) WER
Avg. 21.03 16.58 16.52 16.08 15.42(-1.16) 16.04 (-0.48) 15.57 (-0.51)

Japanese, Korean, and Thai. For all other lan-
guages, where words are separated by spaces, we
report WER for evaluation.

4.3. Results and Discussion

This section evaluates the proposed context-aware
multilingual ASR model across 15 languages un-
der different contextual configurations. Table 2
presents the experimental results across different
contextual configurations.

Effect of contextual information. Table 2 shows
that contextual information consistently improves
recognition compared to the no-context baseline.
The average error rate drops from 21.03% to
16.08% when both dialogue history and biasing
words are provided, while each individual context
type also yields notable improvements. These
results confirm that contextual grounding signif-
icantly enhances multilingual ASR performance.
Gains are particularly strong in German, Korean,
and Portuguese, though the impact of context type
varies. For German, dialogue history leads to the
largest improvement, reducing WER from 31.49%
to 19.89%, while biasing words are less effective. In
contrast, Korean benefits more from biasing words,
with CER dropping from 18.15% to 7.67%, com-
pared to 8.91% with history. Portuguese shows
gains across all context settings, with the lowest
WER of 29.61% achieved when both history and
biasing are used with contrastive learning. These
results demonstrate the value of leveraging both
dynamic dialogue history and static lexical cues, al-
though the effectiveness varies across languages.

Role of contrastive learning. The impact of con-
trastive learning shows a consistent positive trend
across all context settings, though the degree of
improvement varies. The best-performing setting
is dialogue history combined with contrastive learn-
ing, which achieves the lowest average error rate of
15.42%, improving over the history-only setting at
16.58% by 1.16%. This indicates that contrastive
alignment is especially effective in leveraging con-
versational history, helping the model maintain se-
mantic coherence and resolve context-dependent
expressions more reliably. When applied to bias-
ing words alone, contrastive learning also yields
gains, with the error rate reduced from 16.52% to
16.04%. This suggests that aligning speech with
lexical context offers some benefits for recognizing
rare or domain-specific terms, but further design im-
provements are needed to fully exploit its potential.
The setting combining both dialogue history and
biasing words with contrastive learning produces
the second-best performance at 15.57%. Although
this improves upon the non-contrastive setting at
16.08 %, the gain is smaller than that achieved with
history alone. This pattern suggests that merging
heterogeneous context types under a single align-
ment objective may introduce competing signals.
While dialogue history emphasizes semantic conti-
nuity, biasing words highlight local lexical anchors,
and contrastive learning may struggle to reconcile
both simultaneously. Overall, contrastive learn-
ing consistently enhances performance across all
settings, with the most significant improvements
observed when applied to dialogue history alone.
These findings underscore the value of targeted
contrastive alignment and motivate future work on
context-specific or disentangled optimization strate-
gies.
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Language-specific behaviors. The results also
reveal distinct language-specific patterns. For the
English dialects, contextual information consistently
improves recognition, with British English achieving
the lowest error rate when dialogue history is com-
bined with contrastive learning. French exhibits
only modest improvements. While dialogue his-
tory with contrastive learning slightly outperforms
the baseline, configurations that rely on biasing
words often reduce accuracy, indicating that errors
in coarse transcriptions or distractor terms can in-
troduce misleading signals. For ltalian, dialogue
history alone degrades performance, but biasing
words with contrastive learning provide small yet
consistent gains. Japanese achieves its best perfor-
mance with biasing words alone; adding contrastive
learning degrades results slightly, possibly due to
challenges in constructing reliable contrastive neg-
atives for its complex writing system. Portuguese
benefits most from combining dialogue history and
biasing words with contrastive learning, contrary
to expectations of degradation, suggesting align-
ment enhances contextual understanding. Spanish
shows strong improvements when dialogue history
is paired with contrastive learning. Russian, how-
ever, sees limited gains or mild degradation from
contextual cues, indicating that cross-turn prompts
are less effective under current settings.

Unseen Languages in Pretraining. Thai and
Vietnamese, which are not included in EuroLLM
pre-training, provide insight intothe challenges of
generalization to unseen languages. Vietnamese
shows clear gains from contextual information, with
WER dropping by roughly half compared to no con-
text setting. Incorporating dialogue history with
contrastive learning further stabilizes performance,
indicating that cross-turn grounding can transfer
effectively even when the target language is un-
seen during pre-training of the LLM. The results for
Thai show variability. While dialogue history and
contrastive learning yield minor improvements, in-
tegrating all context types with contrastive learning
results in a decline. This pattern suggests that in
languages characterized by tonal complexity and
noisier biasing terms, the simultaneous alignment
of multiple context sources can amplify recognition
errors rather than mitigate them.

Overall, the results indicate that contextual in-
formation substantially improves multilingual ASR,
though its effectiveness varies with the type of con-
text and the target language. Contrastive learn-
ing strengthens the use of dialogue history but be-
comes less stable when heterogeneous contexts
are introduced. The contrasting results show that
effective context-aware ASR requires careful con-
trol of biasing terms and prompt design to avoid
instability and preserve the benefits of contextual

modeling.

5. Conclusion

This paper introduces a multilingual ASR frame-
work designed to integrate contextual information
into speech recognition without modifying the un-
derlying speech encoder or language model. By
combining a frozen speech encoder, a decoder-
only LLM, and a lightweight projection module, the
system supports various types of contextual input,
such as dialogue history and biasing words, in a
modular and efficient way.

We evaluate the proposed model on a real-world
dataset, covering 11 different languages and multi-
ple English accents. The results show that contex-
tual information consistently improves recognition
across all languages and accents, with an average
error rate reduction of over 5% compared to the
no-context baseline. Contrastive learning further
enhances performance when applied to different
context types, especially dialogue history, which
achieves the best overall results. For instance,
the combination of history and contrastive learning
yields the lowest average error rate across settings,
with substantial improvements in German, Korean,
and Portuguese. Surprisingly, combining both di-
alogue history and biasing words with contrastive
learning does not lead to the best performance
and in some cases slightly underperforms the all
context-only setting. This suggests that while con-
textual cues and alignment objectives are benefi-
cial, their interaction in multi-context setups can
introduce interference, highlighting the need for
more adaptive integration strategies.

6. Ethics Statements

This work focuses on improving multilingual ASR
through context-aware generation and alignment
between speech and language modalities. All ex-
periments were conducted using the publicly avail-
able MLC-SLM dataset containing real-world, con-
sented multilingual speech data spanning diverse
languages and dialects. We ensured that no per-
sonally identifiable information or sensitive content
was used in training or evaluation. Additionally,
care should be taken when deploying the system
in high-stakes applications, where misrecognition
or inappropriate use of contextual prompts could
lead to biased or misleading outputs.

7. Limitations

This work investigates context-aware multilingual
ASR using two specific types of context: dialogue
history and biasing words. While these choices
cover common conversational and domain-specific
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cues, other potentially useful context signals, such
as speaker identity, acoustic environment, or vi-
sual grounding, are not explored and may fur-
ther improve transcription quality. Additionally, our
evaluation is limited to the MLC-SLM dataset us-
ing EuroLLM. Generalization to under-represented
languages, out-of-domain distributions, and low-
resource or noisy conditions remains an open ques-
tion. Future work could explore broader contextual
types and extend evaluation to additional pretrained
models and multilingual datasets.
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