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Abstract

Contrastive decoding (CD) provides an effec-
tive inference-time strategy for audio-visual
speech recognition (AVSR) by contrasting
audio-visual and audio-only predictive distribu-
tions without retraining the underlying model.
Existing approaches apply a fixed contrastive
term at every decoding step, despite substan-
tial variation in how informative the contrastive
signal is across local decoding contexts. In
AVSR, a fixed adjustment that benefits some
decoding steps may provide little value or in-
troduce instability in others, making uniform
CD sensitive to the contrastive coefficient α
and limiting its reliability across varying acous-
tic conditions. We propose Gated CD (GCD),
a training-free framework that adapts the con-
trastive term according to local candidate ge-
ometry at each decoding step. Since contrastive
adjustment primarily affects ranking among
nearby competing tokens, GCD estimates local
reliability through two complementary quan-
tities — a margin support term and a disper-
sion risk term — that together capture whether
the contrastive signal is directionally consistent
and locally stable. These are combined into
a continuous gate that adaptively modulates
the contrastive term during decoding. Experi-
ments on LRS3 and LRS2 across multiple noise
conditions and model scales demonstrate that
GCD consistently improves over both standard
AVSR decoding and uniform CD, while sub-
stantially reducing sensitivity to α, improving
robustness across acoustic conditions.

1 Introduction

Audio-visual speech recognition (AVSR) improves
transcription robustness under acoustic degradation
by incorporating visual cues such as lip movements
alongside speech audio (Afouras et al., 2018; Yu
et al., 2022; Hong et al., 2023; Shi et al., 2022;
Rouditchenko et al., 2024; Lim et al., 2025). Re-
cent LLM-based AVSR systems (Cappellazzo et al.,

2025; Yeo et al., 2025b; Sun et al., 2024; Cappel-
lazzo et al., 2026; Yeo et al., 2025a) expose token-
level predictive distributions during autoregressive
decoding, enabling flexible test-time control with-
out modifying model parameters. This creates a
natural opportunity to improve inference behavior
by leveraging the relationship between modality-
conditioned predictions.

Contrastive decoding (CD) is a particularly at-
tractive test-time strategy in this setting (Li et al.,
2023). By contrasting an audio-visual predictor
against an audio-only predictor, CD encourages
tokens whose likelihood increases when visual evi-
dence is introduced while suppressing candidates
that remain strongly preferred under audio-only
conditioning. This mechanism is well-suited for
noisy conditions where visual cues may provide
complementary information unavailable from de-
graded audio alone, and it requires no retraining of
the underlying model.

However, applying the CD score adjustment uni-
formly at every decoding step has a practical limita-
tion: the usefulness of the contrastive signal varies
across generation. At steps where both modalities
agree and a single token dominates the candidate
space, the contrastive term adds little information
and may unnecessarily perturb an already stable
ranking. At steps where candidates are closely com-
petitive and modality signals disagree, the same ad-
justment may amplify local instability rather than
resolve it. A globally fixed rule cannot adapt to
this variation, and the mismatch between uniform
adjustment and local candidate structure can limit
or even reverse the benefits of contrastive decoding.
This structural mismatch also creates a practical
challenge: the effectiveness of uniform CD can
become highly sensitive to the choice of the con-
trastive coefficient α. A coefficient that improves
performance in one regime may become overly ag-
gressive in another, while a conservative choice
may fail to fully exploit the available contrastive
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information. In practice, this sensitivity can require
careful per-condition tuning and limit the reliability
of CD as a general inference-time tool.

We propose Gated Contrastive Decoding (GCD),
a decoding framework that addresses this limitation
by treating the contrastive term as a locally adap-
tive signal rather than a globally fixed adjustment.
At each decoding step, GCD estimates whether the
contrastive signal is locally beneficial by examining
the geometry of nearby token candidates, ensuring
that ranking updates are directionally consistent
and locally stable. Two complementary quantities
drive this estimation: a margin support term that
measures whether the contrastive direction con-
sistently favors the current audio-visual hypothe-
sis over competing alternatives, and a dispersion
risk term that captures how inconsistently the con-
trastive signal behaves across the local candidate
set. These quantities are combined into a contin-
uous gate that modulates the strength of the con-
trastive term according to local candidate geometry
(i.e., the relative configuration of contrastive scores
across candidate tokens) at each decoding step.

A key practical consequence of this formula-
tion is that GCD substantially reduces sensitivity
to the global coefficient α. Because the gate adapts
the contrastive contribution according to local can-
didate structure, decoding behavior remains sta-
ble across a broad range of α values without per-
condition tuning. This robustness distinguishes
GCD from prior CD approaches, where stable per-
formance requires careful coefficient selection.

Our contributions are as follows:

• We identify a structural limitation of uniform
contrastive decoding in AVSR: an identical
contrastive term is applied at every step regard-
less of local candidate competition, leading to
unstable behavior and strong α sensitivity.

• We propose Gated Contrastive Decoding, a
locally adaptive framework that regulates the
contrastive term using token-level candidate
geometry at each decoding step.

• We introduce margin support and dispersion
risk as complementary measures of whether
the contrastive signal is locally beneficial or
potentially disruptive.

• We demonstrate that GCD consistently im-
proves over both standard AVSR decoding and
uniform CD across multiple noise conditions

and model scales, while significantly reducing
sensitivity to the contrastive coefficient α.

2 Related Work

2.1 Audio-Visual Speech Recognition

AVSR improves robustness under acoustic degra-
dation by integrating visual cues such as lip move-
ments with speech audio (Xia et al., 2020; Ivanko
et al., 2023). Recent approaches increasingly
adopt transformer-based and LLM-based architec-
tures that expose token-level predictive distribu-
tions during autoregressive decoding (Cappellazzo
et al., 2025; Yeo et al., 2025b; Sun et al., 2024;
Cappellazzo et al., 2026; Yeo et al., 2025a). A
key challenge in AVSR is that modality reliabil-
ity varies across acoustic conditions and decoding
steps. Prior work addresses this through learned
fusion mechanisms, confidence-aware weighting,
and attention-based modality selection (Meutzner
et al., 2017; Sterpu et al., 2018; Zhang et al., 2022;
Hu et al., 2023; Li et al., 2024; Dai et al., 2024; Kim
et al., 2025; Xue et al., 2025). These methods rely
on training-time adaptation, whereas our approach
evaluates modality reliability directly at inference
time using token-level candidate structure.

2.2 Contrastive Decoding

Contrastive decoding (CD) is an inference-time
strategy that contrasts token distributions under dif-
ferent conditioning settings (Li et al., 2023). It
has been applied across a range of tasks (Huang
and Chen, 2025), including reasoning in large lan-
guage models (O’Brien and Lewis, 2023), improv-
ing factuality via layer-wise contrast (Chuang et al.,
2024), reducing hallucinations in multimodal set-
tings (wen Hsu et al., 2025; Wang et al., 2024),
and machine translation (Waldendorf et al., 2024).
Most existing approaches treat the contrastive co-
efficient as a globally fixed hyperparameter across
decoding steps. Recent work has begun to explore
dynamic variants; for example, (Waldendorf et al.,
2024) reduces contrastive strength when the ex-
pert distribution is sharp, and (Kim et al., 2024)
adapts contrastive strength based on contextual re-
liability in retrieval-augmented generation. How-
ever, confidence-based modulation determines con-
trastive strength primarily from expert confidence
or contextual reliability. In contrast, GCD esti-
mates whether the AV–ASR contrastive direction
provides consistent local ranking evidence among
competing candidates. GCD therefore introduces
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a geometry-aware dynamic contrastive decoding
strategy that adapts contrastive strength to the local
candidate structure at each decoding step.

3 Problem Setup

3.1 AVSR Autoregressive Decoding
We consider an AVSR system that produces token
sequences using an autoregressive decoder con-
ditioned on modality-specific inputs. Given an
audio signal a and a corresponding visual signal
v, the decoder generates a transcription sequence
y = (y1, . . . , yT ) by modeling a conditional next-
token distribution at each step. At decoding step t,
the audio-visual predictor estimates

pavt (y) = p(yt = y | y<t, a, v), (1)

where y is a candidate token, y<t = (y1, . . . , yt−1)
denotes the sequence of previously generated to-
kens, a is the audio input, and v is the visual input.

Modern LLM-based speech recognition systems
permit decoding under different modality condi-
tions using a shared decoder architecture. In partic-
ular, an audio-only predictor is obtained by condi-
tioning only on the speech input:

pat (y) = p(yt = y | y<t, a), (2)

where pat denotes the audio-only (ASR) distribu-
tion at step t. Throughout this work, we refer to pat
as the audio-only (ASR) distribution and pavt as the
audio-visual (AVSR) distribution. The availabil-
ity of these two conditional distributions provides
an opportunity to compare how token preferences
change when visual evidence is introduced. Our
goal is to exploit this relationship during inference
in order to improve transcription quality, without
modifying model parameters or retraining the un-
derlying system.

3.2 Contrastive Decoding in AVSR
Given the two distributions pavt and pat , standard
contrastive decoding adjusts token scores as

ℓ̃t(y) = (1 + α) log pavt (y)− α log pat (y), (3)

where ℓ̃t(y) is the adjusted log-score for token y
at step t, and α ≥ 0 is the contrastive coefficient
controlling the strength of the adjustment. This can
be equivalently written as

ℓ̃t(y) = log pavt (y) + α∆t(y), (4)

where ∆t(y) = log pavt (y) − log pat (y) is the log-
ratio of audio-visual to audio-only probability for
token y. Tokens that are relatively more favored
under audio-visual conditioning receive a posi-
tive contrastive adjustment, whereas tokens pre-
ferred by the audio-only predictor are compara-
tively down-weighted.

3.3 Limitation of Uniform Adjustment

Equation (3) applies a fixed contrastive coefficient
α at every decoding step, regardless of the local dis-
tribution of token candidates. However, decoding
behavior varies substantially across steps: some ex-
hibit a clear dominant token, while others involve
closely competing alternatives. Consequently, the
usefulness of the contrastive signal depends on the
local candidate structure.

In steps with a dominant AV prediction, the con-
trastive term provides little additional benefit, as
the preferred token is already well separated from
competitors. Applying a fixed correction in such
cases may unnecessarily perturb an otherwise sta-
ble ranking. In contrast, when multiple candidates
have similar probabilities, the ranking becomes lo-
cally ambiguous, and small score changes can sig-
nificantly alter token ordering. Because contrastive
decoding adjusts scores through ∆t, the same coef-
ficient α can produce qualitatively different effects
depending on the local configuration of candidates.

This variability directly leads to strong sensitiv-
ity to α. A value that is beneficial under severe
acoustic corruption may become overly aggressive
in easier conditions, while a conservative choice
may fail to leverage useful multimodal information.
The sensitivity therefore arises not only from pa-
rameter tuning, but from the structural mismatch
between a globally fixed adjustment and the vary-
ing local candidate geometry across decoding steps.
These observations motivate a locally adaptive for-
mulation in which the contrastive contribution is
regulated according to the local candidate geometry
at each decoding step, as developed in Section 4.

4 Proposed Method

4.1 Overview

The central motivation of Gated Contrastive De-
coding (GCD) is that the contrastive term in CD is
not equally useful at every decoding step. Whether
applying it is beneficial depends on the local struc-
ture of competing token candidates: the adjustment
reinforces the preferred audio-visual hypothesis
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Figure 1: Overview of Gated Contrastive Decoding (GCD). A local candidate set is formed from top-K tokens
under audio-visual and audio-only predictors, and the contrastive direction ∆t(y) is computed. GCD estimates
the reliability of contrastive adjustment using margin support At and dispersion risk Bt, which capture directional
consistency and local instability, respectively. These are combined into a gate gt that adaptively scales the contrastive
term, replacing the fixed adjustment used in uniform CD. This results in more stable ranking updates and improved
decoding robustness, as illustrated by the qualitative examples.

when the contrastive signal is locally consistent
and directionally aligned, and may distort ranking
when it is not. Figure 1 provides an overview of
the proposed GCD framework.

Rather than applying a fixed adjustment rule,
GCD estimates at each step whether the contrastive
signal is locally reliable, and scales the adjustment
accordingly via a continuous gate gt ∈ [0, 1]. The
final decoding score takes the form

ℓ̃t(y) = log pavt (y) + gt · α ·∆t(y), (5)

where gt is the step-level gate computed from local
candidate geometry. When gt is large, the con-
trastive term contributes strongly; when gt is small,
decoding falls back toward standard AVSR.

Two conditions for locally reliable contrastive
adjustment. For the contrastive term to be ben-
eficial at a given decoding step, two conditions
should hold. First, the contrastive direction should
reinforce the currently preferred AV hypothesis rel-
ative to nearby competitors: the term is useful only
when it increases the margin between the current
hypothesis and competing alternatives. Second, the
contrastive signal should behave coherently across

the local candidate set: if neighboring candidates
receive highly inconsistent adjustments, applying a
global coefficient may distort local ranking rather
than stabilize it. These two requirements motivate
the introduction of a margin support term At and a
dispersion risk term Bt, which are defined in Sec-
tions 4.3 and 4.4 and combined into the gate in
Section 4.5.

4.2 Contrastive Direction and Local
Candidate Set

At decoding step t, the contrastive direction for
token y is defined as

∆t(y) = log pavt (y)− log pat (y), (6)

where pavt (y) is the audio-visual predictive proba-
bility and pat (y) is the audio-only predictive prob-
ability for token y at step t. The quantity α∆t(y)
corresponds to the contrastive term applied in
standard CD (Eq. (3)): a positive value indicates
stronger support under audio-visual conditioning,
while a negative value indicates that the token is
preferred by the audio-only predictor.

Evaluating whether the contrastive term is lo-
cally beneficial requires examining ∆t not in iso-
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lation, but relative to competing candidates. We
define a local candidate set

Ct = TopK(pavt ) ∪ TopK(pat ), (7)

where TopK(p) denotes the set of K tokens with
highest probability under distribution p. The union
construction ensures that candidates strongly pre-
ferred by the audio-only predictor are included
even when excluded from the AV top-K: these
tokens may still exert competitive pressure on local
ranking, and their contrastive behavior is relevant
when estimating stability. Within this set, the cur-
rent AV hypothesis is

y∗t = argmax
y∈Ct

pavt (y), (8)

where y∗t denotes the token most preferred by the
audio-visual predictor within Ct at step t. Impor-
tance weights reflecting AV-relative relevance are
assigned as

wt(y) =
exp(log pavt (y))∑

y′∈Ct
exp

(
log pavt (y′)

) , (9)

where the denominator sums over all candidates in
Ct. These weights are equivalent to a softmax renor-
malization of pavt restricted to Ct, ensuring that
low-probability candidates have limited influence
on subsequent estimates while genuinely competi-
tive candidates contribute proportionally. We refer
to the relative configuration of contrastive scores
{∆t(y)}y∈Ct across competing candidates as the
local candidate geometry at step t. The margin
support and dispersion risk defined in the following
sections characterize two complementary aspects
of this geometry.

4.3 Margin Support
The first condition requires that the contrastive di-
rection favor the current AV hypothesis over nearby
competitors. To measure this, we define the local
contrastive range

Rt = max
y∈Ct

∆t(y)−min
y∈Ct

∆t(y), (10)

where Rt > 0 characterizes the spread of con-
trastive directions within the local candidate set.
The margin support is then

At =

∑

y∈Ct\{y∗t }
wt(y)

[
∆t(y

∗
t )−∆t(y)

]
+

Rt + ε
, (11)

where [ · ]+ = max( · , 0) is the positive-part opera-
tor, wt(y) are the importance weights from Eq. (9),
and ε > 0 is a small constant for numerical sta-
bility. The positive-part operator excludes com-
petitors that already receive stronger contrastive
support than y∗t , since these represent cases where
the contrastive direction actively works against the
AV hypothesis. Normalization by Rt ensures that
At reflects the relative dominance of y∗t within the
local contrastive landscape rather than the absolute
magnitude of ∆t, producing a comparable support
measure across decoding steps.

This formulation is inspired by confidence-
weighted margin formulations in ensemble learn-
ing, where preference gaps weighted by classifier
confidence serve as indicators of prediction relia-
bility (Li et al., 2014). Analogously, At measures
a weighted contrastive-direction gap between the
current AV hypothesis and its nearby competitors.
A large At indicates that the contrastive direction
consistently reinforces the current AV preference; a
small At indicates weak or ambiguous directional
benefit.

4.4 Dispersion Risk

The second condition requires that the contrastive
signal behave coherently across the local candidate
set. Even when the AV hypothesis receives strong
average contrastive support, the contrastive term
may still be disruptive if ∆t varies sharply across
nearby candidates, causing large and unpredictable
reordering effects. We capture this through the dis-
persion risk, defined as the weighted mean absolute
deviation of contrastive directions. Specifically,

∆̄t =
∑

y∈Ct
wt(y)∆t(y),

Bt =
∑

y∈Ct
wt(y)

∣∣∆t(y)− ∆̄t

∣∣.
(12)

where ∆̄t is the weighted local mean of the con-
trastive directions. Mean absolute deviation is used
rather than variance to obtain a stable measure that
is less sensitive to isolated outlier candidates at the
periphery of the local set.

This formulation is inspired by disagreement-
based uncertainty estimation, where variability
among predictions serves as a proxy for uncer-
tainty (Lakshminarayanan et al., 2017). We adopt
an analogous token-level principle: rather than
measuring disagreement across ensemble members,
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Bt measures the dispersion of contrastive direc-
tions across competing candidates in the local set.

Note that high dispersion does not uncondition-
ally suppress the contrastive term. Within the gate,
Bt acts as a risk penalty relative to At: when mar-
gin support is also large, the gate remains open
despite elevated dispersion. The gate therefore re-
sponds to the balance between directional support
and local inconsistency, rather than treating disper-
sion as an absolute disqualifier.

4.5 Continuous Gate and Final Decoding Rule

Having established that locally reliable contrastive
adjustment requires high margin support and low
dispersion risk, we combine At and Bt into a gate
that balances these competing factors:

gt =
At

At + βBt + ε
, (13)

where β > 0 controls sensitivity to dispersion risk
and ε > 0 ensures numerical stability. A ratio form
is adopted because it is naturally bounded within
[0, 1], increases monotonically with At, decreases
monotonically with Bt, and captures the relative
competition between support and risk.

The final decoding rule follows Eq. (5). This for-
mulation recovers standard AVSR decoding when
gt → 0 and approaches uniform CD when gt → 1.
In practice, gt varies continuously across decoding
steps, strengthening contrastive adjustment when
local candidate geometry provides reliable direc-
tional support and attenuating it when the con-
trastive signal is inconsistent or weakly supported.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluated the proposed method on
LRS3, a large-scale AVSR benchmark constructed
from TED and TEDx videos (Chung and Zisser-
man, 2017). To assess robustness under acous-
tic degradation, we corrupted the clean LRS3 test
set with additive CHiME-4 environmental noise
(Barker et al., 2017) at four signal-to-noise ra-
tio (SNR) levels: −15, −10, −5, and 0 dB. The
CHiME-4 corpus contains real-world background
recordings collected in everyday environments
such as streets, cafés, buses, and pedestrian areas.
We additionally evaluated on LRS2 (Chung et al.,
2017) for cross-dataset evaluation. No model is
trained or fine-tuned on LRS2: the Llama-3.1-8B
checkpoints trained on LRS3+VoxCeleb2 and the

TinyLlama models trained on LRS3 are directly
evaluated on the LRS2 test set.
Evaluation metrics. We evaluated transcription
quality using word error rate (WER), WER =
S+D+I

N , where S, D, and I denote substitution,
deletion, and insertion counts, respectively, and N
is the number of reference words. Lower WER
indicates better recognition performance. We ad-
ditionally report insertion error rate (INS), which
measures inserted words relative to the reference
length. Since WER aggregates substitutions, dele-
tions, and insertions, INS provides complementary
information about changes in insertion behavior
caused by decoding.
Decoding configuration. All experiments used
beam search decoding with beam size 15. The lo-
cal candidate set was constructed from the union of
the top-K predictions from both AVSR and ASR
distributions. The contrastive score adjustment is
applied to tokens within Ct; tokens outside this
set retain their original AV log-probability during
beam expansion. Unless otherwise specified, we
used α = 0.1, β = 1.0, ε = 10−8, and K = 10
throughout the main experiments. Sensitivity anal-
yses over α, β, and K are provided in Section 5.2
and Appendix A.
Backbone models. We use the Llama-AVSR ar-
chitecture (Cappellazzo et al., 2025), which con-
nects pretrained speech and visual encoders to a
Llama decoder through modality-specific projec-
tion layers. For Llama-3.1-8B, we use the publicly
released ASR and AVSR checkpoints trained on
LRS3 and VoxCeleb2, with Whisper Medium as
the audio encoder and AV-HuBERT Large as the
visual encoder. For TinyLlama-1.1B, for which
public checkpoints are unavailable, we train the
corresponding ASR and AVSR models on the 433-
h LRS3 training set using the same Llama-AVSR
framework. GCD is applied only at inference time
and does not modify the backbone parameters. All
experiments were run on NVIDIA A100 GPUs.

5.2 Experimental Results

We compare GCD against audio-only ASR decod-
ing, standard AVSR decoding, and uniform con-
trastive decoding (Uniform CD). Uniform CD fol-
lows Eq. (3), while GCD (Gated CD) uses the adap-
tive rule in Eq. (5). Tables 1 and 2 report results on
LRS3 and LRS2, respectively.

Robustness under acoustic degradation. Ta-
ble 1 shows that GCD consistently improves over
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Table 1: WER (%) and INS (%) on the LRS3 test set across SNR conditions. ∆% denotes relative improvement
over the AVSR baseline. Bold blue = best result per row.

Model
SNR
(dB)

Metric
Baselines Uniform CD Gated CD (ours)

ASR AVSR (∆%) (∆%)

Llama
3.1-8B

−15
WER 91.07 23.49 22.45 (+4.4%) 21.66 (+7.8%)

INS 12.24 4.31 2.56 (+41%) 2.21 (+49%)

−10
WER 67.57 17.08 16.96 (+0.7%) 15.90 (+6.9%)

INS 10.88 3.31 2.15 (+35%) 1.83 (+45%)

−5
WER 29.72 8.36 8.80 (−5.3%) 7.84 (+6.2%)

INS 4.91 1.64 1.18 (+28%) 0.94 (+43%)

0
WER 8.28 3.79 3.71 (+2.1%) 3.30 (+13%)

INS 1.36 0.87 0.56 (+36%) 0.44 (+49%)

Clean
WER 1.21 0.80 0.78 (+2.5%) 0.78 (+2.5%)

INS 0.37 0.19 0.15 (+21%) 0.14 (+26%)

Tiny
Llama

−15
WER 86.68 31.73 26.83 (+15%) 26.09 (+18%)

INS 11.52 8.83 3.06 (+65%) 2.64 (+70%)

−10
WER 67.02 24.13 21.55 (+11%) 20.23 (+16%)

INS 10.68 6.33 2.52 (+60%) 2.09 (+67%)

−5
WER 32.29 15.76 13.43 (+15%) 12.37 (+22%)

INS 5.21 4.72 1.64 (+65%) 1.36 (+71%)

0
WER 9.77 6.91 6.57 (+4.9%) 5.58 (+19%)

INS 1.58 2.25 1.14 (+49%) 0.66 (+71%)

Clean
WER 2.45 2.58 1.63 (+37%) 1.45 (+44%)

INS 1.33 1.54 0.33 (+79%) 0.29 (+81%)

both AVSR and Uniform CD across SNR condi-
tions and model scales. For Llama-3.1-8B at −10
dB, AVSR obtains 17.08% WER, Uniform CD
slightly reduces WER to 16.96%, and GCD fur-
ther reduces it to 15.90%. The improvement is also
reflected in insertion errors: INS decreases from
3.31% under AVSR to 2.15% under Uniform CD
and to 1.83% under GCD.

A notable failure mode of Uniform CD appears
at −5 dB, where WER increases from 8.36% un-
der AVSR to 8.80%. This degradation is consis-
tent with the limitation discussed in Section 3.3: a
globally fixed contrastive adjustment may perturb
locally stable token rankings. In contrast, GCD
achieves 7.84% WER under the same condition,
suggesting that adaptive gating helps avoid unnec-
essary contrastive adjustment when the local signal
is less reliable.

Cross-dataset generalization. Table 2 evalu-
ates cross-dataset generalization on LRS2 with-
out LRS2-specific training or fine-tuning. GCD
consistently outperforms both AVSR and Uniform
CD across all conditions. At −10 dB, AVSR ob-

Table 2: WER (%) and INS (%) on LRS2 with Llama-
3.1-8B. ∆% denotes relative improvement over AVSR.

SNR
(dB)

Metric Baselines Uniform CD Gated CD

ASR AVSR (∆%) (∆%)

−15
WER 100.87 44.73 33.68 (+25%) 32.82 (+27%)
INS 14.53 15.54 3.89 (+75%) 3.18 (+80%)

−10
WER 82.57 30.11 27.70 (+8.0%) 26.56 (+12%)
INS 14.95 7.42 3.53 (+52%) 3.17 (+57%)

−5
WER 44.79 17.40 17.33 (+0.4%) 16.04 (+7.8%)
INS 8.27 3.75 2.55 (+32%) 2.25 (+40%)

0
WER 16.40 8.68 9.40 (−8.3%) 8.65 (+0.3%)
INS 3.80 2.09 1.97 (+5.8%) 1.80 (+14%)

Clean WER 6.01 4.38 4.44 (−1.4%) 4.22 (+3.7%)
INS 2.79 1.74 1.68 (+3.4%) 1.59 (+8.6%)

tains 30.11% WER, Uniform CD reduces WER
to 27.70%, and GCD further reduces it to 26.56%.
The advantage is also pronounced at severe noise
levels: at −15 dB, GCD achieves 32.82% WER
compared to 33.68% for Uniform CD and 44.73%
for AVSR. These results suggest that GCD transfers
across datasets without LRS2-specific tuning.

Sensitivity to the contrastive coefficient α. Fig-
ure 2 reports WER as a function of α on LRS3
at −10 dB for both Llama-3.1-8B and TinyLlama.
This analysis directly examines the structural sen-
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sitivity identified in Section 3.3. Under uniform
CD, performance varies substantially with α. For
Llama-3.1-8B, WER increases from 16.29% at
α = 0.05 to 20.57% at α = 0.3, a variation of
4.28 percentage points. For α ≥ 0.2, uniform
CD degrades below the AVSR baseline entirely.
TinyLlama shows a similar trend, with degradation
appearing at α = 0.3.

GCD exhibits a qualitatively different behav-
ior. For Llama-3.1-8B, WER varies only between
15.90% and 15.97% across the full tested range of
α, a variation of 0.07 percentage points. TinyL-
lama shows similarly stable behavior, with varia-
tion limited to 0.26 percentage points. This stability
arises from the gate, which modulates the effective
contrastive strength as αgt according to the local
candidate geometry. Consequently, GCD substan-
tially reduces sensitivity to the global coefficient α,
reducing the burden of coefficient tuning.

Figure 2: Sensitivity to the contrastive coefficient α
on LRS3 at −10 dB. Uniform CD becomes unstable as
α increases, whereas GCD remains stable across both
backbone models.

Ablation study. Table 3 presents ablation results
on LRS3 at −10 dB for two variants: removing
dispersion risk (w/o Bt), which reduces the gate to
gt = At/(At+ ϵ) and effectively recovers uniform
CD since ϵ is negligible, and removing margin sup-
port (w/o At, which sets gt = 1/(1 + βBt + ε)).

Removing Bt produces the largest degradation,
with WER increasing from 15.90% to 16.96% for
Llama-3.1-8B and from 20.23% to 21.55% for
TinyLlama, recovering the uniform CD result in
both cases. This indicates that suppressing the con-
trastive term at steps where the signal is locally
inconsistent is the primary source of improvement
in GCD. Removing At produces a smaller but con-
sistent degradation: WER increases to 16.16% for
Llama-3.1-8B and 20.61% for TinyLlama. In the
w/o At variant, margin support is replaced by a con-
stant (At ≡ 1), giving gt = 1/(1+ βBt + ε). This

variant suppresses the contrastive term under high
dispersion but does not adapt the gate according
to margin support. Insertion error rate follows the
same ordering as WER across all variants and both
model scales, suggesting that both components con-
tribute to stabilizing token-level decoding behavior
beyond aggregate transcription accuracy. Full abla-
tion results across all SNR conditions are provided
in Appendix A.

Table 3: Ablation study on LRS3 at SNR = −10 dB.
∆% = relative improvement over AVSR; w/o Bt: gt =
At/(At + ε); w/o At: gt = 1/(1 + βBt + ε).

Method Llama-3.1-8B TinyLlama

WER (%) INS (%) WER (%) INS (%)

Gated CD (ours) 15.90 (+6.9%) 1.83 (+45%) 20.23 (+16%) 2.09 (+67%)
w/o At 16.16 (+5.4%) 2.03 (+39%) 20.61 (+15%) 2.35 (+63%)
w/o Bt 16.96 (+0.7%) 2.15 (+35%) 21.55 (+11%) 2.52 (+60%)
AVSR (baseline) 17.08 3.31 24.13 6.33

6 Conclusion

We presented Gated Contrastive Decoding (GCD),
a training-free framework for AVSR that dynami-
cally adapts the contrastive term during inference
based on local candidate geometry. By evaluating
margin support and dispersion risk at each step,
GCD selectively applies contrastive adjustments
only when the signal is locally reliable. Extensive
experiments on LRS3 and LRS2 validate that GCD
consistently outperforms both standard AVSR and
uniform CD across diverse acoustic conditions and
model scales. Furthermore, GCD effectively elim-
inates the strict hyperparameter sensitivity asso-
ciated with uniform CD. Ultimately, our findings
demonstrate the critical role of token-level geomet-
ric structures in test-time interventions, paving the
way for more robust and adaptive decoding strate-
gies in multimodal recognition systems.

Limitations

GCD uses the AV distribution as the decoding ref-
erence but does not explicitly verify whether the
current AV hypothesis y∗t is correct. Consequently,
when the AV predictor is confidently wrong, a large
At may still reinforce an incorrect hypothesis. Fu-
ture work could consider reference formulations
that jointly account for AV reliability. A second
limitation is that Bt is not normalized by the local
contrastive range Rt. Since β is global, it cannot
compensate for step-wise changes in the relative
scale between At and Bt. Explicitly normalized
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dispersion measures therefore remain an important
direction for future work. Like uniform CD, GCD
requires forward passes through both AVSR and
ASR decoders at each autoregressive step, approxi-
mately doubling backbone decoding computation
relative to standard AVSR. The additional com-
putation specific to GCD consists only of top-K
candidate score operations.
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A Additional Experimental Analysis

A.1 Sensitivity to β

Table 4 evaluates the sensitivity of GCD to the
dispersion-risk weighting parameter β on LRS3
at −10 dB. Across both Llama-3.1-8B and TinyL-
lama backbones, performance remains highly sta-
ble over the tested range. For Llama-3.1-8B, WER
varies only between 15.90% and 15.95%, while
INS changes from 1.83% to 1.85%. TinyLlama
exhibits similarly limited variation. These results
indicate that GCD is not strongly dependent on
precise tuning of β. This stability suggests that
the gate formulation remains well-balanced across
moderate changes in the relative weighting between
margin support and dispersion risk.

A.2 Sensitivity to Candidate Set Size K

Table 5 studies the effect of candidate set size K
used to construct the local neighborhood Ct. When
K = 1, performance degrades substantially be-
cause the candidate set contains insufficient local
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Table 4: Sensitivity to β on LRS3 at SNR = −10 dB.
Gated CD is robust across the tested range.

β
Llama-3.1-8B TinyLlama

WER (%) INS (%) WER (%) INS (%)

0.5 15.95 1.85 20.26 2.10
1.0 15.90 1.83 20.23 2.09
2.0 15.92 1.84 20.24 2.08

competition information. Performance improves
rapidly as K increases from 1 to 3, after which
both WER and INS remain nearly unchanged. For
K ≥ 3, variation is negligible across the tested
range. These results suggest that GCD does not
require careful tuning of K, provided that the can-
didate set contains a sufficient number of nearby al-
ternatives to capture local ranking geometry. Since
performance stabilizes for K ≥ 3, the method is
not sensitive to the precise value of K. We use
K = 10 as a conservative default that ensures
broad candidate coverage across diverse decoding
conditions. We additionally compared the proposed
AVSR–ASR union with an AVSR-only candidate
set at K = 10, obtaining 15.90% and 15.92%
WER, respectively.

Table 5: Sensitivity to candidate set size K on LRS3
with Llama-3.1-8B at SNR = −10 dB. Performance
stabilises for K ≥ 3.

K WER (%) INS (%)

1 17.31 2.38
2 16.11 1.89
3 15.85 1.83
5 15.90 1.84
10 15.90 1.83
15 15.88 1.83
20 15.93 1.84

A.3 Full Ablation Across SNR Conditions
Table 6 extends the ablation analysis across all
SNR conditions on LRS3 with Llama-3.1-8B. Re-
moving dispersion risk (w/o Bt) reduces the gate
to gt = At/(At + ε), which yields gt ≈ 1 for
ε = 10−8, effectively recovering uniform CD
while retaining margin support in the gate formula-
tion. This variant produces the largest degradation
under moderate noise: at −5 dB, WER increases
from 7.84% to 8.80%, confirming that suppress-
ing unreliable contrastive adjustments is critical

when candidate rankings become locally unstable.
Removing margin support (w/o At) results in a
smaller but consistent degradation across all con-
ditions. This indicates that contrastive suppression
alone is insufficient; performance further improves
when the gate can strengthen contrastive influence
under favorable local geometry. Across all SNR
levels, the full gate achieves the best performance,
suggesting that both components contribute com-
plementary benefits.

Table 6: Full ablation across all SNR conditions on
LRS3 with Llama-3.1-8B.

SNR
(dB) Metric Gated CD (ours) w/o At w/o Bt AVSR

(%) (∆%) (%) (∆%) (%) (∆%) (%)

−15
WER 21.66 (+7.8%) 21.81 (+7.1%) 22.45 (+4.4%) 23.49
INS 2.21 (+49%) 2.43 (+44%) 2.56 (+41%) 4.31

−10
WER 15.90 (+6.9%) 16.16 (+5.4%) 16.96 (+0.7%) 17.08
INS 1.83 (+45%) 2.03 (+39%) 2.15 (+35%) 3.31

−5
WER 7.84 (+6.2%) 8.19 (+2.0%) 8.80 (−5.3%) 8.36
INS 0.94 (+43%) 1.01 (+38%) 1.18 (+28%) 1.64

0
WER 3.30 (+13%) 3.39 (+11%) 3.71 (+2.1%) 3.79
INS 0.44 (+49%) 0.48 (+45%) 0.56 (+36%) 0.87

Clean WER 0.78 (+2.5%) 0.78 (+2.5%) 0.78 (+2.5%) 0.80
INS 0.14 (+26%) 0.14 (+26%) 0.15 (+21%) 0.19

A.4 α Sensitivity on LRS2

Figure 3 evaluates sensitivity to the contrastive
coefficient α on LRS2 at −10 dB. Uniform CD
exhibits strong dependence on α, with WER in-
creasing steadily as contrastive strength grows. For
Llama-3.1-8B, WER varies by more than 5 per-
centage points across the tested range, eventually
degrading beyond the AVSR baseline. In con-
trast, GCD remains highly stable. WER varies
by only 0.17 percentage points for Llama-3.1-8B
and 0.18 percentage points for TinyLlama. These
results suggest that the gating mechanism general-
izes across datasets and continues to regulate con-
trastive strength effectively under cross-dataset con-
ditions.

A.5 Cross-Dataset Results on TinyLlama

Table 7 reports cross-dataset evaluation on LRS2
using the TinyLlama backbone. Similar to the
Llama-3.1-8B setting, GCD consistently improves
over both AVSR and uniform CD across all noise
conditions. At −10 dB, GCD reduces WER from
44.14% under AVSR to 33.18%, outperforming
uniform CD at 34.71%. Improvements remain
consistent across SNR levels, including clean con-
ditions. These results suggest that the benefits
of geometry-aware contrastive modulation trans-
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Figure 3: Sensitivity to the contrastive coefficient α
on LRS2 at −10 dB for Llama-3.1-8B and TinyLlama.
Uniform CD exhibits strong sensitivity to α, with per-
formance degrading as contrastive strength increases.
In contrast, GCD remains stable across the tested range,
indicating that the adaptive gate remains effective across
datasets.

fer across datasets and remain effective even for
lightweight language backbones.

Table 7: WER (%) and INS (%) on LRS2 with TinyL-
lama under multiple SNR conditions. ∆% denotes rela-
tive improvement over AVSR. Results show that GCD
consistently improves over both AVSR and uniform CD
across all conditions.

SNR
(dB) Metric Baselines Uniform CD Gated CD (ours)

ASR AVSR (∆%) (∆%)

−15
WER 86.14 52.64 39.22 (+25%) 38.33 (+27%)
INS 12.29 16.34 4.05 (+75%) 3.58 (+78%)

−10
WER 82.00 44.14 34.71 (+21%) 33.18 (+25%)
INS 13.04 14.92 3.81 (+74%) 3.38 (+77%)

−5
WER 47.06 29.55 24.16 (+18%) 23.47 (+21%)
INS 7.55 9.53 2.83 (+70%) 2.33 (+76%)

0
WER 21.02 17.06 14.62 (+14%) 13.51 (+21%)
INS 3.77 5.62 2.03 (+64%) 1.83 (+67%)

Clean WER 10.21 8.90 7.78 (+13%) 7.49 (+16%)
INS 3.03 3.38 1.55 (+54%) 1.50 (+56%)

A.6 Step-Level Gate Distribution
Figure 4 shows the distribution of the step-level
gate gt across SNR conditions on LRS3. Within
each acoustic condition, gt spans a broad range of
values across decoding steps rather than concentrat-
ing at a single fixed value. This step-level variation
shows that GCD dynamically modulates the con-
trastive contribution according to local candidate
geometry rather than applying a fixed scaling factor
throughout decoding.

Figure 4: Distribution of the step-level gate gt across
SNR conditions on LRS3. Boxes indicate the in-
terquartile range (IQR), center lines denote the median,
whiskers indicate values within 1.5 times the IQR, and
points beyond the whiskers denote outliers.
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