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Abstract

This paper introduces a new paradigm for gen-
erative error correction (GER) framework in
audio-visual speech recognition (AVSR) that
reasons over modality-specific evidences di-
rectly in the language space. Our framework,
DualHyp, empowers a large language model
(LLM) to compose independent N-best hy-
potheses from separate automatic speech recog-
nition (ASR) and visual speech recognition
(VSR) models. To maximize the effective-
ness of DualHyp, we further introduce Rel-
Prompt, a noise-aware guidance mechanism
that provides modality-grounded prompts to
the LLM. RelPrompt offers the temporal reli-
ability of each modality stream, guiding the
model to dynamically switch its focus between
ASR and VSR hypotheses for an accurate cor-
rection. Under various corruption scenarios,
our framework attains up to 57.7% error rate
gain on the LRS2 benchmark over standard
ASR baseline, contrary to single-stream GER
approaches that achieve only 10% gain. To
facilitate research within our DualHyp frame-
work, we release the code and the dataset com-
prising ASR and VSR hypotheses at https:
//github.com/sungnyun/dualhyp.

1 Introduction

Recent advancements have introduced GER frame-
works that utilize LLMs to refine ASR outputs.
Following the release of N-best ASR hypothe-
ses dataset (Chen et al., 2023a), numerous stud-
ies demonstrated the efficacy of LLMs in correct-
ing transcriptions based on the hypotheses list (Hu
et al., 2024a,b; Mu et al., 2024, 2025). These pow-
erful correction frameworks, however, presents a
fundamental limitation. While the performance
of the underlying ASR systems is remarkable in
controlled environments (Chiu et al., 2022; Graves,
2012; Peng et al., 2024; Zhang et al., 2020), it de-
grades significantly in noisy real-world conditions
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where acoustic distortions are prevalent. To miti-
gate this challenge, AVSR systems have been de-
veloped (Chen et al., 2023b; Han et al., 2024; Kim
et al., 2025b, 2024b; Shi et al., 2022a), leveraging
complementary visual cues (e.g., lip movements)
to enhance robustness against noise.

In the realm of AVSR, integrating visual informa-
tion into GER frameworks remains a nascent area
of research. Existing methods often employ visual
adapters (Ghosh et al., 2024) or unified AVSR mod-
els (Liu et al., 2025a), both of which process visual
data in the feature space. This feature-level fusion
struggles when audio and visual streams are cor-
rupted independently, as noise from one modality
can easily contaminate the unified representation
(Kim et al., 2025a). Moreover, these frameworks
heavily rely on a single set of hypotheses generated
from one, often error-prone, recognition model.

To address these limitations, we propose Du-
alHyp, the first GER framework that explicitly
maintains modality-specific pathways from sep-
arate ASR and VSR systems (§3). LLM intelli-
gently composes these dual-stream hypotheses,
leveraging the model’s deep contextual understand-
ing in the language space rather than forcing the
model to interpret complex audio or video embed-
ding subspaces. Building upon this, we introduce
RelPrompt, a noise-aware guidance mechanism
that directs the underlying quality of each modal-
ity (§4). Since LLMs for GER primarily operate
within the language space, they lack modality-level
grounding and may incorrectly prioritize unreliable
sources. To mitigate this, we incorporate reliability
predictors to assess the quality of audio and visual
streams, which are fed to the LLM to better elicit
the compositional capacity of DualHyp.

Our experiments (§5) show that this DualHyp ap-
proach with RelPrompt significantly outperforms
prior single-stream GER frameworks across var-
ious audio-visual corruption scenarios. We also
demonstrate its multilingual capabilities as well as
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improved reasoning with larger LLMs. Through
qualitative analysis (§6), we investigate the correc-
tion mechanism that makes our framework more
effective.

2 Related Works

Generative error correction for speech. Re-
cently, there has been growing interest in using
LLMs for post-hoc correction of speech recog-
nition outputs. Initial work in GER for ASR
demonstrates that LLMs can effectively regenerate
transcriptions from [V-best hypothesis lists (Chen
et al., 2023a). Subsequent research has refined this
paradigm by exploring novel prompting strategies
like cloze-style completion (Hu et al., 2024a) or by
re-injecting acoustic features to better ground the
LLM’s corrections (Chen et al., 2024; Liu et al.,
2025b; Mu et al., 2024, 2025; Radhakrishnan et al.,
2023). These foundational works, however, fo-
cus exclusively on correcting hypotheses generated
from a single, audio-only stream.

Modality fusion in GER for AVSR. Extending
GER to the audio-visual domain presents the cen-
tral challenge of how to effectively fuse multimodal
information. Existing approaches perform this fu-
sion in the feature space, before the final language
generation step. Ghosh et al. (2024) involved visual
adapters (Houlsby et al., 2019; Zhang et al., 2024b)
to inject lip-reading features directly into the LLM,
while Liu et al. (2025a) used dedicated multimodal
encoders to create a unified audio-visual represen-
tation. While these methods show promise, their
reliance on early, feature-level fusion makes them
vulnerable to cross-modal contamination (Hong
et al., 2022), where corruption in one modality can
degrade the quality of the fused representation.

Motivated by prior works highlighting the ben-
efits of modality-specific processing for robust-
ness (Kim et al., 2025a; Liu et al., 2021; Wang
et al., 2024), our approach is designed to isolate
corruptions specific to each modality before error
correction. In contrast to feature-level fusion meth-
ods, we achieve this by deliberately delaying the
modality fusion to the generation stage where the
LLM operates on independent textual hypotheses
from separate ASR and VSR models.

End-to-end LLM-based AVSR. It is important
to distinguish our GER framework from an orthog-
onal line of research that uses LLMs for end-to-
end (E2E) ASR (Fathullah et al., 2024; Ma et al.,
2024; Yu et al., 2024) and AVSR (Cappellazzo

et al., 2025a,b,c; Yeo et al., 2025, 2024). In that
paradigm, encoded audio and visual features serve
as direct, multimodal prompts for a single gener-
ative model. While promising, our decoupled ap-
proach offers significant advantages in flexibility.

First, our framework is highly modular and can
readily use off-the-shelf ASR systems and LLMs.
This contrasts with monolithic E2E models, which
require costly pretraining of the entire system for
any component update. Second, the system can
be easily improved by refining text-based prompts.
This avoids the inherent complexity of designing
and aligning cross-modal prompts, which is a cen-
tral challenge in E2E systems.

3 DualHyp Framework

3.1 Uni-modal Generative Error Correction

Recent works have successfully employed LLMs
for GER (Chen et al., 2023a; Ghosh et al., 2024; Hu
et al., 2024b), where they aim to refine outputs of a
uni-modal ASR system. Given an input utterance,
the ASR model first generates an /N-best list of
candidate transcriptions by beam search decoding,
denoted as H*" = {(h¢,s¢)}Y,, where h¢ is the
i-th hypothesis and s{ is the corresponding log-
likelihood score. The LLM takes this hypothesis set
as an input and generates a corrected transcription
7 via conditional generation:

9 = argmax P(y | H*"; 0Lm)- (1)
y

This approach has proven effective in clean
acoustic conditions; however, its performance is
fundamentally capped by the quality of the ini-
tial ASR hypotheses. When the source audio is
severely corrupted by noise such as negative signal-
to-noise (SNR) level, the resulting hypotheses are
too erroneous to provide useful signal for correc-
tion, creating a performance bottleneck.

In contrast, visual information such as lip move-
ments offers a complementary modality that is in-
variant to acoustic noise. Visual modality has been
shown to be particularly useful in disambiguating
homophones or recovering missing segments in
noisy environments (Kim et al., 2022, 2024b). Mo-
tivated by this, we propose to extend GER beyond
a single-stream hypothesis by incorporating both
audio and visual modalities in a unified framework.

3.2 Oracle Error Analysis

To ascertain the potential benefits of incorporat-
ing a second modality, we conduct an oracle er-
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Figure 1: (a) Conventional GER frameworks use a single set of ASR hypotheses and (optionally) injects visual
features via an adapter or a multimodal encoder. (b) Our DualHyp framework maintains modality separation, using
both ASR and VSR heads to generate two distinct sets of textual hypotheses. The LLM performs compositional
reasoning on dual hypotheses in the language space to produce a more robust and accurate transcription.

ror analysis of speech recognition systems, in ad-
dition to standard 1-best word error rate (WER).
This oracle analysis establishes theoretical lower
bounds of ASR and VSR systems in two man-
ners (Chen et al., 2023a): N-best oracle (o),
which selects the single best hypothesis from an V-
best list, and compositional oracle (0p), which con-
structs an optimal transcript by combining correct
words from all N-best hypotheses. Table 1 sum-
marizes 1-best WERs of three speech recognition
heads: Whisper-large-v3 (Radford et al., 2023) for
audio-only, BRAVEn-large (Haliassos et al., 2024)
for visual-only, and Auto-AVSR (Ma et al., 2023)
for audio-visual. Whisper attains 25.8% WER,
while Auto-AVSR is slightly stronger (24.9%), and
BRAVERN is markedly weaker (39.7%), confirming
that VSR alone lags in overall accuracy.

The oracle WER results reveal the limitation
of single-stream systems and the compelling po-
tential of dual-stream approaches (A+ AV or
A+YV). While strong individual models like
Whisper and Auto-AVSR perform o, WERs
of 13.7% and 13.6%, respectively, combining
hypotheses from independent audio and visual
heads drastically reduces potential errors: Whis-
per (ASR) + BRAVEn (VSR) plummets to 4.5%.
This gap indicates that audio and video can pro-
vide distinct evidence with highly complementary
information. Consequently, an ideal GER model
that can compose across ASR and VSR hypotheses
could significantly reduce errors relative to single-
stream systems.

3.3 DualHyp: Dual-Stream Hypotheses

Existing GER approaches for AVSR either inject
visual data into LLMs via adapters (Ghosh et al.,

SR Head Input  1-best onp Ocp
Whisper-large-v3 A 25.8 16.7 13.7
BRAVED-large v 39.7 278  24.6
Auto-AVSR AV 24.9 16.1 13.6
‘Whisper + Auto-AVSR A+AV - 7.0 4.9
Whisper + BRAVEn A+V - 6.4 4.5

Table 1: WER (%) analysis with different speech recog-
nition heads, evaluated on noise-augmented LRS2. The
audio stream is augmented with four types of noise, and
the video stream is corrupted with four visual degra-
dation types. For details, refer to Appendix B.2. 0,,;:
N-best oracle, op: compositional oracle.

2024) or rely on multimodal encoders that perform
early fusion of the modalities (Liu et al., 2025a).
Both strategies have notable drawbacks; feature
adaptation is insufficient for transferring rich visual
cues, whereas early fusion is susceptible to cross-
modal interference or modality bias.

Our approach is guided by a different princi-
ple, underscored by perceptual phenomena that
the premature fusion of conflicting audio-visual
signals can distort recognition outcomes (McGurk
and MacDonald, 1976). Inspired by prior work that
embeds audio noise into the language space (Hu
et al., 2024b), we suggest that modality-specific
information should be explicitly represented in the
language space. This allows the LLM to resolve in-
consistencies and compose information from both
streams without entangling the signals during the
upstream feature processing.

Thus, based on our analysis in Section 3.2, we
propose DualHyp, a novel GER framework that
explicitly leverages separate hypotheses streams
from both audio and video modalities. Instead of
relying on a single recognizer, we utilize indepen-



Type 1: Multimodal Fragment Composition

‘ Type 2: Dominant Modality Refinement

Utterance (ASR + VSR — DualHyp) | WER | Utterance (ASR + VSR — DualHyp) | WER
ASR 5-best (H™"): ASR 5-best (H*"):

everyone going into the den has a fresh chance to talk it around 35.7 | <unk> 100.0
everyone going into the den is given a fresh chance to talk it around 42.9 |thank you 100.0
everyone going into the den gives you a fresh chance to talk it around 42.9 |all right 100.0
and everyone going into the den has a fresh chance to talk around 35.7 | the president 100.0
everyone going into the den has a fresh chance to talk to the ground 42.9 | god bless you 100.0
VSR 5-best (H""): VSR 5-best (H""):

but everyone in today gets a fresh chance to turn things around 35.7 | project management is really my special considering 14.3
but everyone as i say gets a fresh chance to turn things around 35.7 | project management is really by special considering 28.6
but everyone on its day gets a fresh chance to turn things around 35.7 | project management is really my specialist theory 14.3
but everyone it is a saying gets a fresh chance to turn things around 35.7 | project management and really my special considering | 28.6
but everyone it is the saying gets a fresh chance to turn things around 28.6 | project management is really my special discovery 28.6
DualHyp output (§): DualHyp output (3):

everyone going into the den gets a fresh chance to turn things around | 14.3 | project management is really my specialist area 0.0

Ground-truth:
but everyone going into the den gets a fresh chance to turn things round

Ground-truth:
project management is really my specialist area -

Table 2: Examples of successful correction via DualHyp framework. The upper hypothesis within each 5-best list
has a higher log-likelihood score. The colored highlights trace the origin of word fragments in the final DualHyp
output, showing how those are sourced from ASR, VSR, or both, with a word being newly generated by the LLM’s
internal knowledge. Type 1 demonstrates the model combining complementary pieces from both modalities, and
Type 2 presents the model identifying and correcting the hypothesis from a more reliable modality.

dent, pretrained ASR and VSR models to process
an audio-visual pair. Each recognizer head gener-
ates a distinct N-best list:
M = {(h, sV, H = {(h), s) 1

We then form a combined dual hypotheses set,
Hdval — a4V which preserves the modality-
specific information in each hypothesis set. The
LLM is conditioned on this enriched set to generate
the DualHyp output:

§ = argmax P(y | O 0 im). (2)
y

By maintaining separate modality pathways into
the language space, this approach avoids the cross-
modal contamination issues seen in early-fusion
models. It instead enables the LLM to act as an
in-context compositional reasoner (An et al., 2023;
Qiu et al., 2022), cross-referencing the audio and
visual evidence to resolve ambiguities and recon-
struct the intended utterance. Figure 1 illustrates
the overview of our DualHyp framework, com-
pared to existing GER approaches.

Analysis. Table 2 provides qualitative analysis
of DualHyp to show its effectiveness. We high-
light two primary correction mechanisms that ex-
plicitly exploit the LLLM’s capacity for semantic
and linguistic reasoning within the language space.
(Type 1) Multimodal Fragment Composition: The
model constructs the output by conducting a word-

level semantic alignment across the dual hypothe-
ses. It actively recovers the correct transcription
by extracting complementary linguistic fragments,
such as preserving the acoustically clear den from
the ASR stream while adopting the visually dis-
tinct phrase turn things around from the VSR
stream. (Type 2) Dominant Modality Refinement:
When one modality provides highly degraded in-
formation, the model identifies the more coherent
stream and exclusively grounds its refinement pro-
cess on the dominant modality. Furthermore, this
refinement process retains the LLM’s prior knowl-
edge, as it generates a word not present in any
source hypothesis, i.e., area. We provide more
examples, including failure cases, in Appendix C.

4 Noise-Aware Guidance of DualHyp

The DualHyp framework enables an LLM to com-
pose information from separate ASR and VSR hy-
potheses. However, since LLM operates purely
on these text inputs, the model lacks explicit infor-
mation about the source signal quality, creating a
risk of leveraging unreliable, inaccurate hypothe-
ses (Hong et al., 2023). To bridge this gap from
an LLM perspective, we introduce RelPrompt, a
noise-aware guidance mechanism that explicitly
informs the LLLM about the temporal reliability of
each stream. RelPrompt is achieved by (1) pre-
dicting reliability tokens for each modality using
external predictors, which are then (2) provided to
the LLM’s prompt to serve as temporal guidance.



4.1 Reliability Mask Prediction

To generate a compact, time-aligned reliability sig-
nal, we segment both the audio and video streams
to approximate the duration of a single spoken
word. Grounded in the average native English
speaking rate (Becker et al., 2022; Yuan et al.,
2006), we set the chunk size to 0.4 seconds, i.e.,
150 wpm. We process each modality as follows:

* Audio stream: The input audio, sampled at
16kHz, is grouped into segments of 6,400 sam-
ples (16,000 samples/sec x 0.4 sec).

* Video stream: The input video, processed at
25Hz, is grouped into segments of 10 frames
(25Hz x 0.4 sec).

We then employ two lightweight predictors
consisting of 1D convolutional neural networks
(CNN) that operate on the intermediate features
extracted from the ASR and VSR encoders, thus
avoiding additional feature extraction. For each
segment, the predictors produce a discrete token
m; € {Clean,Noisy, Mixed}, forming a reliabil-
ity mask that indicates the quality of the source
signal to the LLM. The ground-truth reliability is
labeled as Clean if <10% of its frames are cor-
rupted, Noisy if >60% of its frames are corrupted,
and Mixed otherwise. Each predictor outputs a se-
quence of these tokens for its respective modality:

m® = (mi,...,m¥%),

4.2 Reliability Guidance

As illustrated in Figure 2, the reliability token se-
quences, m? and m" are appended to the dual
hypotheses to directly inform the LLM of each
modality’s temporal reliability. The entire model
is then trained end-to-end, conditioned on both the
hypotheses and reliability masks to generate the
final transcript:

g = argmax P(y | H", m* m";0m) . (3)
y

This format allows the LLM to learn the correla-
tion between the reliability tokens and hypotheses
quality. Crucially, this approach avoids the need for
explicit word-level alignment, which is infeasible
for N-best lists with variable lengths and erroneous
words (Gekhman et al., 2022; Qiu et al., 2021). Ad-
ditionally, the RelPrompt token sequence enhances
the interpretability of LLM’s reasoning, revealing
when the model switches its focus between the
ASR and VSR hypotheses.

Below are the best-hypothesis transcribed
from ASR and VSR. Revise it using the
words which are only included into
other-hypotheses, and write the response
for the true transcription. Refer to the
audio and video masks for reliability.

### ASR Best-hypothesis: {hi}
### ASR Other-hypotheses: {h || --- || Ay}
### Audio Mask: [C][N][N][M][C] ---

### VSR Best-hypothesis: {hj}
### VSR Other-hypotheses: {h} || --- || A}
### Video Mask: [C][C][CI[N][N]---

### Response:

tokenize

ASR VSR
Nhyps Nhyps
ASR Decoder VSR Decoder
ASR Encoder VSR Encoder

f TE

Figure 2: An overview of our DualHyp with RelPrompt.
Each predictor uses ASR/VSR encoder features to gen-
erate a noise-aware token sequence. These masks accu-
rately guide the LLM to dynamically switch the model’s
focus between the ASR and VSR hypotheses.

S Experiments

5.1 Experimental Setup

We conduct our experiments on the LRS2 AVSR
benchmark (Son Chung et al., 2017) with the WER
metric. All models are trained and tested under
diverse, synthetically corrupted audio-visual con-
ditions, following the protocol of CAV2vec (Kim
et al., 2025a). Unless specified otherwise, our Dual-
Hyp framework is composed of a Whisper-large-v3
(Radford et al., 2023) ASR head, a BRAVEn-large
(Haliassos et al., 2024) VSR head, and a TinyL-
lama (Zhang et al., 2024a) LLM, which we fine-
tune using LoRA (Hu et al., 2022). Full details
of implementation, corruption protocol, and base-
line methods are provided in Appendix B. We also
offer additional results on another AVSR bench-
mark, LRS3 (Afouras et al., 2018), in Appendix D
to support solid performance.

5.2 LRS2 Benchmark Results

Table 3 presents the benchmark results, where we
isolate modality-specific robustness by either vary-
ing audio noise against fixed visual corruption



Method Input | Babble (B) Speech (S) Music (M) Natural (N) | Overall (O)
ASR oracle onp/ 0cp A 30.9/26.9 19.4/14.1 8.0/6.6 85/74 16.7/13.7
ASR + VSR oracle onp/ 0cp A+V | 11.7/8.8 6.6/4.4 35722 3.6/2.7 6.4/4.5
Whisper-large-v3 (Radford et al., 2023) A 40.0 36.5 12.7 14.2 25.8
BRAVERn-large (Haliassos et al., 2024) \% - - - - 39.7(+53.9%)
GER (Chen et al., 2023a) A 39.3(_1_8%) 34~4(—5.8%) 11.5(_9_4%) 13.2(_7_0%) 24.6(—4.7%)
RobustGER (Hu et al., 2024b) A 39.3(Z1.8%) 33.8(_7.4%) 11.7—7.9%) 13.1(_7.7%) 24.5(_5.0%)
LipGER (Ghosh et al., 2024) AV 39.3(Z1.8%) 34.2(_¢.3%) 12.0(—5.5%) 13.4(_5.6%) 24.7(_4.3%)
GER w/ Al.]IO-AVSR]L AV 18.9(,52_8%) 39-O(+6.8%) 17.4(+37_0(>U) 18.1(+27_5%) 23.3(,9_7%)
RelPrompt (ours, w/o DualHyp) A 39~7(—0.8%) 33.6(_79%) 1 1.8(_7,1%) 13.1 (=7.7%) 24.5(_5.0%)
RelPrompt (ours, w/o DualHyp) \ - - - - 39.3(452.3%)
DualHyp w/o LLM (ROVER) (Fiscus, 1997) A+V 294(—26.5%) 30.1(,17.5%) 13.8(+8'7%) 14.7(+3'5%) 22.0(,14‘7%)
DualHyp (ours) A+V | 21.6(_46.0%) 179s51.0%) 8.1(—36.2%) 9.3(_34.5%) 14.2(_45.0%)
+RelPr0mpt (ours) A+V 20.4(,490%) 16.0(,5(‘,‘2%) 8.0(,37(0%) 8.2(,42(3%) 13'2(748.8%)

(a) Audio: random noise [-10, 10] dB, Video: 50% segment occluded with object

Method Input | Object Hands Pixelate Blur | Overall
ASR oracle 0ny,/0cp A - - - - 10.9/6.6
ASR + VSR oracle 0n1,/ 0cp A+V | 47/28 4.5/72.6 4.8/2.7 4.1/2.4 4572.6
Whisper-large-v3 (Radford et al., 2023) A 26.7 26.7 26.7 26.7 26.7
BRAVERn-large (Haliassos et al., 2024) \ 39.7 a8 7%y 35.1(y315%) 394(raren)  31.7(r18.7%) | 36.5(436.7%)
GER (Chen et al., 2023a) A - - - - 23.9(~10.5%)
RobustGER (Hu et al., 2024b) A - - - - 24.9(_6.7%)
LipGER (Ghosh et al., 2024) AV 24.2(_9.4%) 24.3(_9.0%) 24.3(_9.0%) 24.1(—9.7%) 24.3(_9.0%)
GER w/ Al,ltO—AVSR]L AV 29~5(+10,5%) 26.6(_04%) 29.1 (4+9.0%) 23.5(_12,0%) 27.2(_*_149%)
DualHyp w/o LLM (ROVER) (FiSCUS, 1997) A+V 22.9(,14.2%) 21~9(—18.0%) 23.6(,11.6%) 20.7(,22.5%) 22.3(,1&5%)
DualHyp (OllI'S) A+V 1240(,55.1%) 1148(,55.7%) 12'7(752,6%) 11~1(758,4%) 11.9(,554%)
+RelPr0mpt (ours) A+V 11.9(,554%) 11-0(75&8%) 11.9(,55‘4%) 10'2(761,8%) 11.3(,57.7%)

(b) Audio: speech noise 0 dB, Video: random segment corrupted

Table 3: WER% (] ) results on the LRS2 test set under joint audio-visual corruption. (a) Performance across varying
audio noise types, with a fixed visual corruption (50% segment occluded by an object). (b) Performance across
varying visual corruption types, with a fixed audio corruption (0 dB speech noise). We also show the relative
WER reduction in parentheses compared to the Whisper-large-v3 ASR baseline. All the ASR and VSR heads are
Whisper-large-v3 and BRAVEn-large, respectively. : We implement a GER model using hypotheses generated
from an early-fusion approach, Auto-AVSR (Ma et al., 2023), which has been trained on LRS2 with babble noise.

(Table 3a) or varying visual corruption against
fixed audio noise (Table 3b). Our proposed Du-
alHyp + RelPrompt achieves the lowest overall
WER of 13.2% under audio variability and 11.3%
under visual variability, representing a relative im-
provement of 48.8% and 57.7% compared to the
ASR baseline, Whisper-large-v3. This confirms
our core hypothesis that LLMs can perform robust
compositional reasoning when provided with sepa-
rate ASR and VSR hypotheses.

In contrast, all baseline methods show clear
limitations. ASR-only models like GER (Chen
et al., 2023a) or RobustGER (Hu et al., 2024b)
are fundamentally capped by the input audio qual-
ity and struggle under low SNRs (also refer to
§6.4). Audio-visual approach like LipGER (Ghosh
et al., 2024) fails to improve over the standard GER
framework, which shows that injecting video via
additional adapter is insufficient for LLM to fully
exploit the visual modality while harming its sta-
bility due to cross-modal gap (Gao et al., 2023; Li

et al., 2023; Zhang et al., 2024c). Similarly, GER
w/ Auto-AVSR (Ma et al., 2023) exhibits strong but
narrow performance, excelling only on the babble
noise that the model’s AVSR head is specifically
trained on, failing to generalize to other conditions
(see §6.3 for further analysis). Furthermore, while
DualHyp without LLM reasoning (ROVER, Fis-
cus (1997)) outperforms feature-level early fusion
through text-level late fusion, it remains inferior
to our full framework. This indicates that sim-
ple voting mechanisms are insufficient to capture
the semantic complementarity across multimodal
hypotheses, underscoring the necessity of explicit
LLM reasoning.

The success of our DualHyp with RelPrompt ap-
proach stems from two aspects: (1) a text-level late
fusion strategy and (2) the ability to dynamically
leverage the more reliable modality. Our late fu-
sion provides the LLM with rich, modality-specific
evidence in a unified text format that is readily pro-
cessed by the LLM. The isolation of modalities also



Method Input | A°Ve A°V™  ATVE
Whisper-large-v3 A 3.8 3.8 25.8
BRAVEn-large \Y% 26.9 36.5 26.9
GER A 2.6 2.6 24.6
DualHyp A+V 1.9 2.1 11.5
+ RelPrompt A+V 1.9 2.0 9.9

Table 4: Performance under different modality condi-
tions on LRS2, with clean audio or video (X¢) and noisy
audio or video (X™), X € {A,C}.

ensures that corruption in one stream does not con-
taminate the other. Then, RelPrompt dynamically
leverages the more reliable stream, utilizing visual
hypotheses when audio quality is low and falling
back on audio hypotheses when the visual stream
is degraded. An ablation study in Table 3a confirms
this, showing that RelPrompt yields only marginal
gains in single-modality inference and intinsically
relies on the dual-stream framework to facilitate
cross-modal arbitration. Notably, the overall suc-
cess of this dual-stream approach is achieved even
though our VSR model is substantially weaker than
ASR, suggesting that our framework’s potential is
scalable as more powerful VSR models emerge.

Clean audio or video inputs. Even in the clean
audio settings (Table 4), our DualHyp methods
achieve the lowest WER, showing they effectively
capitalize on the high-quality audio stream. In
the noisy-audio/clean-video setting, while GER
is severely hampered by corrupted audio (24.6%),
RelPrompt leverages clean visual hypotheses to
dramatically improve to 9.9%. The gap between
DualHyp (11.5%) and its reliability-guided version
demonstrates that dynamically detecting clean sig-
nal (in this case video) and giving the LLM explicit
hints about which to trust is effective.

5.3 Larger LLMs

We investigate the impact of LLM scale by eval-
uating our methods with three different models:
TinyLlama (Zhang et al., 2024a), Phi-2 (Javaheripi
et al., 2023), and Llama-3.2-3B (Meta Al, 2024).
The results in Table 5 show that the benefits of a
larger LLLM are most pronounced within our pro-
posed framework. For the GER baseline, scaling
the LLM yields only marginal gains, indicating
that the performance is limited by the quality of
the single-stream input hypotheses. In contrast,
our models benefit more significantly from a larger
LLM’s capacity. The effect is greatest for DualHyp
+ RelPrompt, which achieves the best overall WER

Method LLM (Params.) | B S M N | O
TinyLlama (1.1B) | 39.3 344 11.5 13.2|24.6
GER Phi-2 (2.7B) 39.0 33.7 119 13.0|244
Llama-3.2 (3.2B) | 389 34.1 11.6 129|244
TinyLlama (1.1B) | 21.6 17.9 8.1 9.3 | 14.2
DualHyp Phi-2 (2.7B) 21.6 19.0 7.8 8.7 |143
Llama-3.2 (3.2B) | 204 160 7.2 8.1 |129
TinyLlama (1.1B) | 204 16.0 8.0 8.2 |13.2
Duallp  Phi2 (2.7B) 211 182 80 85 | 140
P Llama-3.2 (3.2B) | 19.6 14.1 7.4 82 |123

Table 5: WER (%) comparison using different LLMs on
the LRS2 benchmark. The corruption strategy follows
Table 3a, where B, S, M, and N represent each noise
type with the overall result (O).

Method | Es Fr It Pt | Avg
Whisper-large-v3 49.6 46.8 52.3 52.7 50.4
mAV-HuBERT 70.5 81.7 73.7 74.1 75.0
GER 50.6 47.8 58.5 52.3 52.3
DualHyp 47.3 47.9 47.2 49.0 47.9

Table 6: WER (%) comparison with multilingual babble
noise (SNR =0dB) on the MuAViC dataset.

of 12.3% with Llama-3.2. This suggests that by pro-
viding a richer and more comprehensive input, our
framework creates a more sophisticated reasoning
task that can effectively leverage the capabilities of
LLM:s.

5.4 Multilingual AVSR

To evaluate our framework in a multilingual con-
text, we conduct experiments on the MuAViC
dataset (Anwar et al., 2023) with adding multilin-
gual babble noise at SNR 0dB (Kim et al., 2025b).
While the Whisper ASR head remains the same
as in prior experiments, a VSR head is fine-tuned
from mAV-HuBERT (Kim et al., 2024a) for each
language, due to the absence of strong multilingual
VSR system. Llama-3.2-3B is employed for the
multilingual reasoning. In Table 6, our framework
outperforms both Whisper and GER in three of the
four languages. However, this performance gain
can be limited when VSR performance is severely
degraded, as observed in the French case. We
thus anticipate that the performance gains of our
methodology will become even more significant as
more powerful multilingual VSR models emerge.

6 Analysis
6.1 Qualitative Analysis

Our qualitative analysis in Figure 3 illustrates how
RelPrompt corrects failures of the baseline Dual-
Hyp framework by providing explicit reliability
signals. (Left): RelPrompt uses clean video tokens
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Figure 3: Qualitative analysis comparing RelPrompt to the DualHyp baseline. RelPrompt uses reliability tokens
(i.e., masks) to explicitly inform the input signal quality, correctly guiding the use of ASR and VSR hypotheses.

SNR | Acc. Precision Recall F1 | WER Method Input #hyps| B S M N | O
—~10dB 84.7 953 87.8 91.4 25.8 A 5 393 344 115 132 | 24.6
—5dB 83.9 95.0 87.1 90.9 17.8 GER AV 5 189 39.0 174 18.1 | 233
0dB | 822 944 85.5 897 | 72 AV 10 182 381 167 176|226
5dB 79.6 93.0 82.8 87.6 34 Duall A+AV 10 |17.1 267 172 84 | 148
10dB 76.2 90.9 78.2 84.1 2.5 ualtlyp A+V 10 |216 179 81 93 | 142
. . s . DualHyp A+AV 10 154 259 173 8.8 | 14.3
Table 7: Performance (%) of the reliability mask predic- +RelPrompt A+V 10 ‘ 204 160 80 82 ‘ 132

tors with randomly corrupted audio and video segments.
The metrics evaluate the classification of segments as
noisy, which includes the mixed category.

[C] as a cue to trust the last part of the VSR hy-
potheses, allowing it to recover the word (virus)
which the baseline has missed. (Right): The ASR
system is presented with fluent but entirely incor-
rect hypotheses. By referencing the consistently
noisy audio tokens [N], the LLM correctly identi-
fies the ASR stream as unreliable and pivots to the
more accurate VSR candidates. In contrast, with-
out the RelPrompt mechanism, the model lacks
any modality-level grounding and produces a com-
pletely incorrect output. These cases demonstrate
that by providing explicit reliability tokens, Rel-
Prompt empowers the LLM to act as an intelligent
controller, grounding its compositional reasoning
in the predicted quality of the source signals.

6.2 Reliability Mask Prediction

In Table 7, our evaluation of the reliability predic-
tors reveals two key strengths. First, the predictor
shows consistently high precision (>90%), which
ensures that its noisy flags are highly trustworthy
and prevents the main model from incorrectly dis-
carding clean data. Second, the recall naturally de-
creases as the SNR increases. This is a desirable be-
havior, as the predictor conservatively labels mildly
corrupted audio segments as clean, allowing the
model to continue exploiting the useful signal.

Table 8: WER (%) comparison of different hypotheses
from single-stream (GER) and dual-stream (DualHyp)
generation heads. Note that the AVSR head is trained
on LRS2 with babble noise (Ma et al., 2023), unlike the
ASR and VSR heads.

6.3 Comparison with an AVSR Head

Our analysis in Table 8 highlights two key find-
ings regarding hypothesis generation. First, modal-
ity diversity of hypotheses is more crucial than
sheer quantity. Simply increasing the number of
hypotheses for the single-stream GER (5 — 10 AV
hypotheses) yields only a marginal gain for overall
performance (23.3% — 22.6%), compared to Du-
alHyp using 5-best hypotheses from each distinct
modality (23.3% — 14.2%).

Second, while AVSR hypotheses might seem vi-
able alternatives to VSR, they remain overly de-
pendent on the audio modality. This is partic-
ularly evident under the speech noise condition,
where the visual stream is crucial for disambiguat-
ing target utterance from interfering speech. In
this scenario, DualHyp (A + AV) struggles (26.7%
WER), as the early fusion of AVSR embeddings
makes visual information rely on the corrupted
audio. Instead, DualHyp (A + V) leverages the
audio-independent VSR stream to achieve 17.9%,
demonstrating the superiority of using disentangled
hypotheses. These findings are further supported
by our LRS3 experiments (Table 15).
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Figure 4: WERR at different audio SNRs, under speech
noise. Higher WERR indicates greater improvement
over the Whisper ASR baseline.

6.4 SNR-wise WER Improvement

Figure 4 reveals opposing trends in WER reduction
(WERR, Liu et al. (2025a)) between single-stream
and dual-stream methods. For single-stream meth-
ods, WERR increases with better audio quality, as
their effectiveness is limited to refining an already
decent ASR output. In contrast, our dual-stream
framework maintains a high WERR even at very
low SNRs by leveraging VSR hypotheses. Fur-
thermore, the addition of RelPrompt consistently
boosts performance, with the most significant gains
observed in low-SNR scenarios. This confirms
that by effectively utilizing the reliability informa-
tion about corruption provided by RelPrompt, our
framework can substantially reduce errors precisely
when the audio is most challenging.

7 Conclusion

In this study, we introduced DualHyp, a novel
GER framework for AVSR that deliberately de-
lays modality fusion to the language space, where
an LLM performs compositional reasoning on in-
dependent hypotheses from ASR and VSR models.
We further enhanced this with RelPrompt, a noise-
aware guidance mechanism that guides the LLM
with explicit, time-aligned reliability signals for
each modality. The experiments showed that our
new framework significantly outperforms single-
stream GER approaches, highlighting a flexible
paradigm that leverages modular integration.

Limitations

While our framework demonstrates significant ro-
bustness and scalability in AVSR, it still holds two
primary limitations that are common to most GER
systems.

First, the performance of our framework is fun-
damentally dependent on the quality of its consist-

ing components, especially the upstream SR heads.
If the initial hypotheses from the SR head are of
poor quality, as seen in our results of the MuAViC
French case, the LLM’s ability to perform correc-
tions is limited. This dependency currently restricts
the framework’s applicability beyond English, be-
cause there is no publicly available, high-quality
multilingual VSR model, making adaptation to the
low-resource speech recognition and translation
challenging.

Second, multiple modules in our structure intro-
duces computational latency, posing a challenge
for real-time applications. Although the ASR and
VSR streams can be processed in parallel, the fi-
nal LLM correction step is sequential, creating an
unavoidable bottleneck. While modern efficiency
techniques like flash attention can mitigate this to
an extent, the approach remains inherently slower
than a single end-to-end model, making deploy-
ment on resource-constrained edge devices a sig-
nificant hurdle.
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Appendix

A Release of DualHyp Dataset

To facilitate future research within our DualHyp
framework, we publicly release the hypotheses
dataset'. The primary motivation of this dataset
construction is to decouple the computationally ex-
pensive hypothesis generation step from the LLM
fine-tuning process. By providing pre-generated
ASR and VSR hypotheses, this dataset will allow
researchers to focus directly on developing novel
language-space fusion and correction strategies,
significantly lowering the barrier to entry.

Our DualHyp hypotheses are mainly cre-
ated from LRS2 (Son Chung et al., 2017) and
LRS3 (Afouras et al., 2018) datasets. LRS2 is
a benchmark of British English speech from BBC
that covers diverse speakers and topics, while LRS3
consists of spoken utterances from TED and TEDx
recordings. For LRS2, our hypotheses dataset
covers the standard splits (45,830 training, 1,082
validation, and 1,243 test utterances). For high-
resource training (dealt in Appendix D.1), we use
additional 95,642 utterances, and for the LRS3 ex-
periments (dealt in Appendix D.4), we use 30,775
training utterances.

For both the ASR head” and VSR head’, we gen-
erate hypotheses using a beam size of 50. We select
the 5-best unique hypotheses from each stream.
If fewer than five unique hypotheses are gener-
ated, we randomly sample from the existing ones
to reach the size 5. This results in a total of 10
hypotheses (5 from ASR, 5 from VSR) that are fed
into the LLM for error correction.

Each entry also includes the ground-truth tran-
scription and metadata detailing the specific audio
or visual corruption applied (see Appendix B.2).
Because different corruption types result in dif-
ferent output hypotheses, we separately save the
dataset for each corruption condition. For train-
ing, a complete dataset is formed by merging these
individual sets and randomly sampling hypotheses.

B Experimental Details

B.1 Implementation of DualHyp

We fine-tune the LLM using LoRA (Hu et al., 2022)
with a rank of r = 16. The number of trainable

"https://github. com/sungnyun/dualhyp

*https://huggingface.co/openai/whisper-lar
ge-v3

*https://github.com/ahaliassos/raven

parameters is 4.5M for TinyLlama®, 23.6M for Phi-
2°, and 24.3M for Llama-3.2°. For TinyLlama,
we apply LoRA to the attention layers (key, value,
query, and projection) only. For the larger Phi-2
and Llama-3.2 models, we apply LoRA to both
the attention module and the feed-forward network
(FEN) layers to ensure better convergence. All
models are trained for 5 epochs with a batch size
of 32 and a learning rate of 1e-4.

For the implementation of RelPrompt, our relia-
bility predictors are designed lightweight, with only
1.1IM parameters each. The architecture consists
of two 1D-convolutional layers followed by aver-
age pooling and a final linear classifier to match
the segment size. For training these predictors, we
create ground-truth labels for each 0.4-second seg-
ment based on its constituent frames: a segment is
labeled [C] (Clean) if less than 10% of its frames
are corrupted, [N] (Noisy) if more than 60% of its
frames are corrupted, and [M] (Mixed) otherwise.

The full DualHyp + RelPrompt model is trained
for 8 hours on a single NVIDIA A6000 GPU, using
a learning rate of 2e-4 for the main LLM (with
LoRA) and 1e-4 for the reliability predictors. For
all data pre-processing and evaluation, we use the
publicly available packages following the LipGER
codebase’.

B.2 Corruption Protocol

In our study, all models are trained and evaluated
under challenging noisy conditions to assess their
robustness in real-world scenarios. To ensure a
robust evaluation, we introduce a diverse set of syn-
thetic corruptions into the LRS2 dataset, following
the protocol established by Kim et al. (2025a)°.

e Audio corruptions: We augment the audio
streams with four types of noise, similar to Shi
et al. (2022b). We use speech noise from the
LRS3 dataset (Afouras et al., 2018) and babble,
music, and natural sounds from the MUSAN cor-
pus (Snyder et al., 2015).

* Visual corruptions: We apply four common vi-
sual degradation types: object occlusion (Voo
et al., 2022), hands occlusion, pixelation, and
blur (Kim et al., 2025a).

*https://huggingface.co/TinyLlama/TinyLlama
-1.1B-Chat-v1.0
Shttps://huggingface.co/microsoft/phi-2
®https://huggingface.co/meta-1lama/Llama-3
.2-3B
"https://github.com/Sreyans88/LipGER
Shttps://github.com/sungnyun/cav2vec
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During training, we randomly apply one of these
corruption types to each sample. The duration of
the applied corruption is also randomized, with its
portion sampled from a Beta distribution (o, 8 =
2.0) to simulate varying levels of interference.

For evaluation, we apply background noise to
the entire audio sample and corrupt partial video
segments to better reflect real-world scenarios. For
Table 3a, audio noise is applied to the entire time
duration with SNR randomly sampled from [-10,
10] dB, while half of the video segments is oc-
cluded with object. For Table 3b, 0dB SNR of
speech noise is augmented to the whole audio,
while video corruption length is sampled from Beta
distribution.

To assess overall performance, we report the
average WER from a single comprehensive eval-
uation run. This run covers all test samples and
incorporates a diverse range of noisy conditions to
ensure the statistical credibility of our methods.

B.3 Baseline Methods

For a fair comparison, we train all baseline methods
from scratch on the same set of corrupted audio-
visual data. We have found that this diverse noise
training significantly boosts the performance of all
GER-based methods, which establishes a strong
set of baselines for our evaluation. Our primary
baselines are:

¢ GER (Chen et al., 2023a): The foundational
LLM-based error correction framework that op-
erates on N-best hypotheses from an ASR model.

¢ RobustGER (Hu et al., 2024b): An extension
of GER designed to improve robustness against
noisy audio conditions.

* LipGER (Ghosh et al., 2024): An audio-visual
GER method that incorporates visual features via
an adapter but still relies on a single stream of
ASR hypotheses for correction.

* GER w/ Auto-AVSR (Ma et al., 2023): A strong
baseline we implement by feeding the N-best
hypotheses from the early-fusion Auto-AVSR
model into a standard GER framework.

* ROVER (Fiscus, 1997): A post-processing en-
semble framework that constructs a word transi-
tion network through the iterative alignment of
multiple hypotheses.

We note that training these single-stream GER
baselines presents a significant stability issue when

using highly corrupted data. As detailed in our
analysis (§6.4), the performance of these models is
capped by the quality of the initial ASR hypothe-
ses. During training, low-SNR audio produces poor
learning signal, which causes the model to learn to
over-correct already accurate transcriptions while
failing to fix genuinely erroneous ones. We have
observed their performance degradation (up to +5%
WER) when trained with the same data as Dual-
Hyp. To ensure stable convergence for our base-
line comparisons, we therefore construct their train-
ing dataset exclusively from audio samples with
SNR > 0dB, just as Ghosh et al. (2024); Hu et al.
(2024b) have constructed their training datasets.

Our ROVER implementation conducts iterative
alignment of hypotheses based on the 1-best hy-
pothesis to construct a word transition network.
We employ majority voting for each column with
<NULL> tokens to prevent excessive insertion errors.
Tie-breaking is resolved based on the rank order of
the input hypothesis lists. No confidence scores or
external LM weights are employed, as our setup
relies solely on text hypotheses.

C DualHyp Analysis

C.1 Success Case

As a supplement to the cases presented in Table 2,
Table 9 provides further qualitative examples that il-
lustrate the successful mechanisms of our DualHyp
framework. These successes can be categorized
into two main patterns.

The first pattern, Multimodal Fragment Compo-
sition, involves the model’s ability to recover cor-
rect transcriptions by leveraging complementary
fragments from both ASR and VSR hypotheses.
This can be seen when the framework fuses the
beginning of an ASR hypothesis and the end of
a VSR hypothesis as in the first case (i.e., com-
bining which upset some... from ASR and
...female residents from VSR), or vice versa
as in the second case (i.e., so rather than...
and relying on...). The compositional fusion
of correct sub-sequences from noisy ASR and
VSR inputs highlights the DualHyp’s robustness by
leveraging a generative correction ability of LLM.

The second pattern is Dominant Modality Refine-
ment, where the model identifies and grounds the
prediction in the more reliable modality, even when
that modality’s best hypothesis is not perfect. This
is evident in the armed forces and already
in the states cases, where the model primarily



Method | Utterance | WER (%)
Type 1: Multimodal Fragment Composition
which upset someone in the next day 71.4
which i am saying some of you may or may not understand 128.6
ASR 5-best which upset someone who knew not what to do 100.0
which i am saying is a lot easier than it is today 157.1
which upset someone you know what i mean 85.7
we jumped at some of our female residents 42.9
we jumped at some of our female races 57.1
VSR 5-best we jumps at some of our female residents 42.9
we jump set some of our female residents 429
we jumped at some of our female reasons 57.1
DualHyp output | which upset some of our female residents | 0.0

Ground-truth which upset some of our female residents | -

so what are the dangers of relying on this information 62.5
so what are the dangers of relying on disinformation 87.5
ASR 5-best so my other thing is just relying on this information 50.0
so what are the dangers relying on this information 50.0
so my other thing is relying on this information 50.0
so rather than just regarding all this information 25.0
so rather than regarding all this information 37.5
VSR 5-best so rather than to regard all this information 37.5
so rather than just regarding this information 25.0
so rather than argue this information 37.5
DualHyp output \ so rather than just relying on this information \ 0.0

Ground-truth

so rather than just relying on this information \ -

Type 2: Dominant Modality Refinement

the armed forces were 333
the armed forces go 333
ASR 5-best and the armed forces were 66.7
and the armed forces go 66.7
in the armed forces but 66.7
i feel disco 100.0
helpful disco 100.0
VSR 5-best i fell this 100.0
time for disco 100.0
helpful to this 100.0
DualHyp output | the armed forces | 0.0

Ground-truth

the armed forces | -

is already in the states 25.0
in the united states 50.0
ASR 5-best of the united states 75.0
from the rest of the united states 100.0
in one of the other states 75.0
already understand 75.0
already understanding 75.0
VSR 5-best already understands 75.0
already understanding that 100.0
we are writing these things 125.0
DualHyp output | already in the states | 0.0

Ground-truth

already in the states | -

Table 9: Successful examples of the GER process using DualHyp. Highlights illustrate how the final output is
assembled from partial information scattered across the ASR (audio) and VSR (video) 5-best hypothesis lists.
These cases illustrate two primary successful patterns: multi-modal fragment composition and dominant modality
refinement.



Method

Utterance | WER (%)

Type 1: Over-reliance on Plausible but Inaccurate Hypotheses

what could be in the world 75.0
to be in the world 50.0
ASR 5-best i can not believe the world 100.0
it should be in the world 75.0
good to be in the world 75.0
what we do is 100.0
when we do this 125.0
VSR 5-best what we do here is 100.0
what we do with this 125.0
what we are doing is 100.0
DualHyp output | what we do here is | 125.0
Ground-truth | probably in the world | -
that is what i am talking about 100.0
i can not believe it 100.0
ASR 5-best i just can not believe it 42.9
iam just going to come with you 85.7
that is what i am saying 114.3
i just asked them to win 42.9
ijust asked him to win 42.9
VSR 5-best ijust asked them to wait 57.1
i just asked him to wait 57.1
ijust ask them to win 429
DualHyp output | i just asked them to wait | 571

Ground-truth

i just can not seem to win \ -

Type 2: Hallucination and Semantic Association Errors

no no no 100.0
no no very good 166.7
ASR 5-best love love love 100.0
no no 100.0
i love november 66.7
it goes november 66.7
november 66.7
VSR 5-best it is on november 66.7
it is not november 66.7
it is called november 66.7
DualHyp output | november and december | 100.0
Ground-truth | end of november \ -
this is the best bathroom downtown 50.0
this is the best bathroom town in town 25.0
ASR 5-best this is the best bathroom in town 25.0
this is the best bath hotel in town 12.5
this is the best basketball town in town 50.0
this is the best bad hotel in town 12.5
this is the best band hotel in town 12.5
VSR 5-best this is the best bat hotel in town 0.0
this is the best pat hotel in town 12.5
this is the best baton hotel in town 12.5
DualHyp output | this is the best bistro in town | 250

Ground-truth

this is the best bat hotel in town | -

Table 10: Failure examples of the GER process using DualHyp. Green highlights illustrate the correct words from
ground-truth, whereas red highlights illustrate wrong words from inference. These cases illustrate two primary error
patterns: over-reliance on plausible but inaccurate hypotheses and hallucination based on semantic association.



Method | Utterance | WER (%)
to your baby of this year when she asked 100.0
to your baby of this year when she asks 100.0
ASR 5-best there was your baby of this year when she asked 100.0
there is your baby of this year when she asked 88.9
to your baby of this year when she asked 100.0
there was no air so there was no sound 222
there was no hit so there was no sound 333
VSR 5-best there was no heat so there was no sound 333
there was no heart there was no sound 44.4
there was no it so there was no sound 333
DualHyp output | there was your baby of this year when she asked |  100.0

Audio Mask (pred / GT):
[n] [n] [n] [n] [N] ON] /O] [N O] [N O] [N
RelPrompt output | Video Mask (pred / GT):
[c] [M] [n] [w] [M] [c] / Cc][M][n][NTD [M][CT

there was no heat so there was no sound 333

Ground-truth there is no air so there is no sound \ -

it is the same 80.0
at the same time . 100.0
ASR 5-best at the same time 100.0
which again opens the elements 60.0
it is the same . 100.0
and it opens your eyes 100.0
it opens to the enemies 60.0
VSR 5-best it opens to the animation 60.0
and it opens to the enemies 80.0
and it opens to the animation 80.0
DualHyp output | it opens to the east | 60.0

Audio Mask (pred / GT):
[n] [N] [N][cI[C] / [M]IN][N][C]IC]
RelPrompt output | Video Mask (pred / GT):
[C1In][n][NDCC] / [c]M][NTIN][C]
it opens to the elements 40.0

Ground-truth again open to the elements \ -

like one hundreds of one thousands of people do every year 0.0
like one hundreds or one thousands of people do every year 9.1
ASR 5-best one hundreds of one thousands of people do every year 9.1
like one hundreds of one thousands of people do every year . 9.1
like one hundreds and one thousands of people do every year 9.1
like one hundreds of one thousands of people or so every 273
like one hundreds of one thousands of people or so every year 18.2
VSR 5-best like one hundreds of one thousands of people or so often 27.3
like one hundreds of one thousands of people do every 9.1
like one hundreds of one thousands of people or so whoever 27.3
DualHyp output like one hundreds or one thousands of people do every year 9.1
Audio Mask (pred / GT):
[c] [n] [n] [N] [N [T [C] / [clIn] [n] [n] [N] [CT [C]
RelPrompt output | Video Mask (pred / GT):
[c1CcI[clfcl IN] nT[Cl / [clCc]rcT [n] [T [n] [N
like one hundreds of one thousands of people do every year 0.0

Ground-truth like one hundreds of one thousands of people do every year \ -

Table 11: Qualitative examples of successful corrections by DualHyp with RelPrompt. These cases show how
RelPrompt improves upon the baseline DualHyp by leveraging the predicted reliability masks (pred) to trust or
discard certain parts of hypotheses from the ASR and VSR streams. Ground-truth masks (GT) are also shown for
comparison.



refines ASR’s strong-but-flawed hypotheses while
disregarding the less plausible VSR candidates.
These cases highlight that providing the LLM with
separate, modality-specific hypotheses is a more
effective correction strategy than relying on a sin-
gle or early-fused representation, as it allows the
model to reason over distinct evidences.

C.2 Failure Case

Following the successful cases, we also present and
analyze several typical failures, which often occur
when both modalities provide highly ambiguous in-
formation. As illustrated in Table 10, these failures
can be categorized into two primary patterns.

The first failure pattern is Over-reliance on Plau-
sible but Inaccurate Hypotheses, where LLMs are
misled by a semantically incorrect candidate from
one modality. In the probably in the world
example, the LLM disregards the partially correct
ASR hypotheses and instead adopts the coherent
but entirely wrong VSR hypothesis. Second ex-
ample shows that the model favors the plausible
but incorrect verb to wait from VSR candidates,
although the correct verb to win is also present in
the other VSR hypotheses. These cases show that
the ambiguity between hypotheses can make the
LLM confuse and incorrectly prioritize a plausible
but wrong candidate. The over-reliance issue is
a common drawback in all GER frameworks but
can be mitigated to some extent by leveraging our
RelPrompt, as shown in Figure 3.

The second failure pattern involves Hallucina-
tion and Semantic Association Errors, where the
LLM generates words that are not present in any of
the provided hypotheses. This often occurs when
the model is biased towards a specific keyword and
generates a semantically related but incorrect term,
as seen in the end of november example where
it generates december out of nowhere. In the last
case, the model’s strong prior knowledge can over-
ride direct evidence, misinterpreting bat hotel
as bistro. This reveals the fundamental duality of
leveraging the LLM’s internal knowledge for GER,
where context-aware corrections produce not only
useful generative revisions but also factually incor-
rect hallucinations, suggesting a potential direction
for future research on controlling this mechanism.

C.3 RelPrompt

Table 11 provides the qualitative examples that
demonstrate how RelPrompt successfully corrects
errors for the cases where baseline DualHyp frame-

work fails. In the first example (there is no
air...), DualHyp is misled by entirely incorrect
ASR hypotheses (your baby of...asked). Rel-
Prompt, in contrast, uses its predicted audio re-
liability tokens (all [N]) and rather clean video
reliability tokens ([C]) to correctly identify the au-
dio stream as unreliable, allowing it to pivot to the
more accurate VSR hypotheses for a much better
result.

In the second and third examples, the reliability
masks guide the model to capitalize on the struc-
ture from the cleaner VSR stream at the beginning
of the utterance, while correctly extracting a more
accurate key phrase (i.e., the elements and do
every year) from the ASR stream to form the
ending. The baseline DualHyp method, lacking
this guidance, is confused by the conflicting sig-
nals and produces errors by incorporating some
flawed hypotheses. These cases demonstrate how
the explicit reliability signals empower the model
to intelligently arbitrate between hypotheses at a
sub-sentence level, composing the final output from
the most reliable fragments of each modality.

D Additional Results

D.1 High-Resource Training

We investigate how our framework scales with addi-
tional training data by augmenting the main LRS2
training set (29 hours) with either the larger LRS3
dataset (59 hours) or a high-resource LRS?2 pretrain-
ing set (HR, 195 hours). The results in Table 12
show that GER fails to benefit from more data,
showing no to adverse impact on the performance.
In contrast, our DualHyp frameworks consistently
improve with larger training sets. The best perfor-
mance is achieved by DualHyp + RelPrompt when
trained with the high-resource data, reaching 12.8%
overall WER on audio corruptions and 10.1% over-
all WER on visual corruptions. This indicates that
while the bottleneck of single-stream GER is not
readily resolved by scaling data, our compositional
framework has the capacity to effectively leverage
more data to enhance its robustness.

D.2 SNR-wise WER Improvement

Figure 5 provides the entire result of Figure 4 with
WERR across all four audio noise types. Across all
conditions, the single-stream baselines show that
WERR is proportional to the audio quality, provid-
ing significant gains only at high SNRs. The Dual-
Hyp (A + AV) variant also illustrates this principle;



Object occlusion (50%) Speech noise (SNR = 0 dB)
Method +LRS3 +HR | Babble Speech Music Natural Overall | Object Hands Pixelate Blur Overall
X X 39.3 344 11.5 13.2 24.6 - - - - 23.9
GER v X 39.1 343 11.7 12.8 24.5 - - - - 23.9
X 4 39.2 34.1 11.7 13.1 24.5 - - - - 25.6
X X 21.6 17.9 8.1 9.3 14.2 12.0 11.8 12.7 11.1 11.9
DualHyp v X 21.0 17.9 7.8 8.7 13.9 12.7 11.4 12.3 11.2 11.9
X 4 21.9 17.7 7.7 8.0 13.8 12.1 11.0 11.5 10.5 11.3
DualH X X 20.4 16.0 8.0 8.2 13.2 11.9 11.0 11.9 10.2 11.3
+RelPZ(l))m " v X 19.5 15.4 7.8 8.5 12.8 11.7 11.0 11.9 9.6 11.1
P X 4 20.1 15.1 7.7 8.3 12.8 10.5 94 10.9 9.7 10.1
Table 12: The effect of dataset integration (+ LRS3) and high-resource (+ HR) training.
Babble Noise Speech Noise
] SNR=-10 - 1 SNR=-10
607 pmm SNR=-5 - M 50 B SNR=-5 -
m SNR=0 mm SNR=0
501 mm sNR=5 ~ 4o ™™ SNR=5
< w0 = SNR=10 < = SNR=10
X R 304
g g
g 204 ; 20
104 101
o GER RobustGER  LipGER BuaIHyp BuaIHyp _DuaIHyp o GER RobustGER LipGER  DualHyp DualHyp I_DuaIHyp
(A+AV) (A+V) +RelPrompt (A+AV) (A+V) +RelPrompt
” Music Noise Natural Noise
[ SNR=-10 m m ] SNR=-10
[ SNR=-5 - 504 = SNR=-5 m
40+ mmm SNR=0 B SNR=0 ] —
— W SNR=5 —~ 40| Wmm SNR=5
< g - SNR=10 < M SNR=10
R R 304
& 50l &
“;J "';J 20
10 104
o GER RobustGER LipGER I_DuaIHyp I_JualHyp T)ualHyp o GER RobustGER LipGER I_)uaIHyp I_DuaIHyp I_DuaIHyp
(A+AV) (A+V) +RelPrompt (A+AV) (A+V) +RelPrompt

Figure 5: Word error rate reduction (WERR) at different audio SNRs, under diverse types of noise. Higher WERR
indicates greater improvement over the Whisper ASR baseline. The experimental setup is identical to Table 3a.

Method Input \ Arabic German Greek Spanish French Italian Portuguese Russian
Whisper-large-v3 A | 91.7 55.7 54.4 49.6 46.8 52.3 52.7 50.9
mAV-HuBERT \" 102.0(411%) 96.6(473%)  87.1(160%) 70.5(142%) 81.7(175%) 73.7(1a1%) T41(141%) 80.9(150%)
GER A 19691 6%) 56.2(41%) 577 6%)  50.6(42%) 47.8(42%) 58.5(412%) 52.3(—1%)  S4.1(4e%)
DualHyp (ours) A+V 106.8(+16%) 100-4(+80%) 77.3(+42%) 47.3(,5%) 47.9(+2%) 47.2(,10%) 49.0(,7%) 58.9(+16%)

Table 13: WER (%) comparison with multilingual babble noise (SNR =0dB) on the MuAViC dataset. Subscript
values of mAV-HuBERT indicate the relative WER increase compared to Whisper-large-v3.

it achieves a high WERR on familiar babble noise
but does not show such strong correction capabili-
ties on speech noise, especially at low SNRs. This
demonstrates a key limitation of the early-fusion
AVSR head: since it is affected by the audio cor-
ruption, it may fail to provide a truly independent
and useful signal for error correction. In contrast,
our DualHyp frameworks demonstrate superior ro-
bustness by maintaining high WERR even at very

low SNRs, effectively leveraging the visual stream
when the audio is most corrupted.

D.3 MuAViC Results

Table 13 presents our full multilingual results on
the MuAViC dataset (Anwar et al., 2023). We ob-
serve that standard GER shows limited effective-
ness across all languages, suggesting inherent dif-
ficulty of error correction in non-English contexts,



Method Input \ Babble (B) Speech (S) Music (M) Natural (N) \ Overall (O)
ASR oracle 0,/ 0cp A 26.9/23.2 19.6/13.5 4.5/3.7 5.0/4.6 14.0/11.2
ASR + VSR oracle o,y / 0cp A+V | 79/58 5.6/3.5 1.6/1.0 1.9/1.3 42/2.9
Whisper-large-v3 A 32.6 345 7.3 7.8 20.6
BRAVER-large \'% - - - - 31.9(454.9%)
GER (Chen et al., 2023a) A 32.4(_0.6%) 35.4(42.6%) 7.6(14.1%) 8.0(12.6%) 20.9(41.5%)
RobustGER (Hu et al., 2024b) A 32.5(,0_3%> 36.0(4,4'3%) 7.7(+5_5%> 8.1(+3'8%) 21.1(+2>4%)
LipGER (Ghosh et al., 2024) AV 32~4(—O46%) 34.4(_0'3%) 7.6(+4'1%) 8.1 (+3.8%) 20.6(_0‘000)
GER w/ Auto-AVSRT AV 17.9(,45,1%) 45.6(+32'2%) 14.2(4,94‘5%) 1 1.0(+41'0%) 22-2(+7.8%)
DualHyp (ours) A+V | 163 _50.0%) 18.2(_a7.2%) 5.6(_23.3%) 5.5(229.5%) 11.4(_44.7%)
+RelPr0mpt (ours) A+V 14.9(_543%) 6.2(_5'3,‘0%) 5.7(_219%) '1(—346%) 10.5(_49.0%)

(a) Audio: random noise [-10, 10] dB, Video: 50% segment occluded with object

Method Input | Object Hands Pixelate Blur | Overall
ASR oracle opp/ 0cp A - - - - 8.3/53
ASR + VSR oracle 0,/ 0cp A+V | 32/1.8 3.0/1.6 3.0/1.5 25/14 29/1.6
Whisper-large-v3 A 23.8 23.8 23.8 23.8 23.8
BRAVEn—]arge \ 31 .9(_},_34‘0%) 30.8(.{.29.4%) 29.5(_‘_23‘9%) 23.8(_0.0%) 29-0(+21.8%)
GER (Chen et al., 2023a) A |- - - - 26.0(10.2%)
RobustGER (Hu et al., 2024b) A - - - - 27.1(413.9%)
LipGER (GhOSh et al., 2024) AV 26.2(+10'1%) 26.0(+9'2%) 25~9(+8.8%) 26.0(+9<2%) 26.0(+9'2%)
GER w/ AUtO—AVSRT AV 47-5(-&-99‘6%) 44'2(-!—85‘7%) 42~O(+7645%) 38-2(+60.5%) 43-0(-&-80‘7%)
DualHyp (Ours) A+V 12-2(748.7%) 10.9(,54'2%) 10-8(754.6%) 9.6(,59_7%) 10.9(,54_2%)
+ RelPrompt (ours) A+V | 11.0(_538%) 10.5_550%) 10.1_57.6%) 8.8(_63.0%) 10.1(_57.6%)

(b) Audio: speech noise 0 dB, Video: random segment corrupted

Table 14: WER% () results on the LRS3 test set under joint audio-visual corruption. (a) Performance across
varying audio noise types, with a fixed visual corruption (50% segment occluded by an object). (b) Performance
across varying visual corruption types, with a fixed audio corruption (0 dB speech noise). We also show the relative
WER reduction in parentheses compared to the Whisper-large-v3 ASR baseline. All the ASR and VSR heads are
Whisper-large-v3 and BRAVEn-large, respectively. T: We implement a GER model using hypotheses generated
from an early-fusion approach, Auto-AVSR (Ma et al., 2023), which has been trained on LRS3 with babble noise.

even when the LLM itself is multilingual. Our Du-
alHyp framework is designed to aid this reasoning
by providing the LLM with more comprehensive
evidence from both ASR and VSR streams, achiev-
ing performance improvements in three languages.

However, our results reveal that a large disparity
between the ASR and VSR quality can exacerbate
the LLM’s inherent weakness in multilingual rea-
soning. While for the languages where DualHyp
succeeds, the VSR head maintains a relatively con-
sistent performance gap around 40% higher than
the ASR baseline, for the languages where Dual-
Hyp underperforms (e.g., Greek), this gap widens
significantly to over 60%. Meanwhile, for Ara-
bic, the hypotheses from both modalities are of
exceptionally poor quality (>90% WER), leaving
the LLM with no useful source to compose.

D.4 LRS3 Results

Similar to Table 3 and 8 in the main paper, Table 14
and 15 respectively present additional results on the
LRS3 dataset (Afouras et al., 2018) to demonstrate

Method Input #hyps| B S M N | O
A 5 324 354 76 80 |209
GER AV 5 |179 456 142 110|222
AV 10 | 183 448 14.1 106 | 21.9
DualH A+AV 10 | 193 348 60 54 | 164
P A+V 10 | 163 182 56 55 |114
DualHyp  A+AV 10 | 190 329 62 69 | 163
+RelPrompt A+V 10 | 149 162 57 51 | 105

Table 15: WER (%) comparison of different hypotheses
from single-stream (GER) and dual-stream (DualHyp)
generation heads, on the LRS3 dataset. The corruption
strategy follows Table 14a.

the generalizability of our findings. A key differ-
ence from the LRS2 experiments is that our VSR
head, BRAVEn-large, has also been fine-tuned on
LRS3, making it a much stronger, in-domain model
supporting the ASR stream. This serves to amplify
the benefits of our dual-stream approach.

As shown in Table 14, our DualHyp + RelPrompt
framework achieves an overall WER of 10.5% on
audio corruptions and 10.1% on visual corruptions.
The performance gap between our method and



GER w/ Auto-AVSR is even larger than on LRS2
(also refer to Table 15), confirming that as the qual-
ity of the independent VSR head improves, the
advantage of our language-space fusion becomes
more pronounced. We also observe that on LRS3,
the ASR hypotheses, while coherent, are often ho-
mogeneous and contain similar errors across the
N-best list. Our DualHyp approach is particularly
effective in this case, as the independent VSR hy-
potheses provide the diversity to break out of the
ASR’s error patterns.

E LLM Usage

We acknowledge the use of LLM in this paper as a
writing assistant, with its role strictly limited to sup-
porting tasks such as paraphrasing, grammar check,
and improving clarity. All conceptual contribu-
tions, method development, experimental design,
and analysis are done without using LLMs or Al
Agents.
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