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Abstract

Visual Speech Recognition (VSR), commonly known as
lipreading, enables the recognition of spoken text by ana-
lyzing lip visual features. Due to the subtlety of lip move-
ments, its recognition is much harder than other motion
recognition tasks. Existing VSR models face the challenge
of viseme ambiguity when processing phonemes with simi-
lar pronunciations—multiple phonemes share similar viseme
features, leading to a notable drop in lipreading accuracy.
To address this issue, this study proposes a Linguistics-
Knowledge Guided Progressive Disambiguation Network for
Visual Speech Recognition(LinProVSR) framework. First,
an ambiguous sample set is constructed based on linguis-
tic knowledge to provide supervisory signals for the model’s
training. Then, a Progressive Contrastive Disambiguation
Network (PCDN) is designed, which progressively enhances
the model’s ability to capture the subtle viseme differences
corresponding to similar phonemes through viseme-phoneme
contrastive disambiguation in the encoding stage and text
contrastive disambiguation in the decoding stage. Further-
more, we pioneer the Ambiguous Word Error Rate (AWER)
metric specifically for evaluating recognition of phonetically
ambiguous text, and verify the effectiveness of the proposed
method on multiple public datasets, achieving a significant
breakthrough especially in distinguishing visually similar
phonemes.

Introduction
Visual Speech Recognition (VSR) not only builds a com-
munication bridge for the hearing-impaired community but
also demonstrates its indispensable application potential in
urban public safety and scenarios with missing audio(Zhang
et al. 2024; Yeo et al. 2024; Song et al. 2024; Ma et al. 2022;
Cheng et al. 2023; Xu et al. 2020; Bai et al. 2021; Kumar
et al. 2020).

Unlike gesture and motion recognition tasks(Siddiqui,
Tirupattur, and Shah 2024; Zhang et al. 2025; Do and Kim
2025; Guo et al. 2024), lip movements exhibit highly subtle
and dynamically complex characteristics. Minuscule mus-
cle movements of the lips—such as the degree of lip open-
ing and closing, and the hidden movements of the tongue
tip—often carry crucial articulatory information. In VSR,
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(a) Illustration of the mapping between visemes and phonemes, where 
visemes act as the visual manifestations of phonemes.

(b) Illustration of viseme ambiguity. Visually similar phonemes(viseme) 
leads to recognition ambiguity.

/j ia/

Figure 1: Illustration of the visemes-phonemes ambiguity.

the primary challenge stems from viseme ambiguity: multi-
ple phonemes with distinct pronunciations often share iden-
tical or highly similar visemes, causing visual signals to fail
in uniquely mapping to phonemes and thereby leading to
recognition errors.(Hao et al. 2025; Harte and Gillen 2015;
Zhou et al. 2014). As illustrated in Fig. 1: (a) Both English
and Chinese pronunciations can be broken down into mini-
mal units of sound—phonemes(e.g., /b/,/@/,/t/ in ’but’) These
phonemes visually correspond to sequences of video frames
of varying lengths, referred to as visemes. Importantly, the
mapping between phonemes and visemes is not strictly one-
to-one; (b) Illustration of viseme ambiguity: phonemes with
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similar pronunciations exhibit highly similar viseme repre-
sentations, and this visual confusion directly introduces am-
biguity into the recognition process. (e.g., due to similar
visemes, ’but’ is often misrecognized as ’put’).

To address this challenge, current VSR methods mainly
use two strategies: enhancing visual encoders(Chung et al.
2017a; Xu et al. 2018; Zhang et al. 2019; Xue et al. 2023a)
and multimodal fusion(Weng and Kitani 2019; Zhao et al.
2020; Li et al. 2024). Visual encoder enhancement focuses
on designing more powerful architectures to better capture
discriminative features from lipreading videos. However,
their effectiveness is limited by insufficient visual semantics
and lack of explicit supervision for ambiguous phonemes,
making it hard to reliably distinguish similar lip configura-
tions. Multimodal fusion methods integrate complementary
signals like facial landmarks and optical flow to go beyond
unimodal vision limitations. They enhance visual feature
separability through cross-modal alignment during training
but lack a deep semantic model for resolving ambiguous
visual representations. Guided by the linguistic insight of
asymmetric phoneme-viseme mapping, We propose the Lin-
ProVSR framework. It deeply integrates linguistic knowl-
edge priros into lipreading feature learning and decoding,
establishing a dynamically adaptable ambiguity resolution
mechanism, consisting of two core modules:

(1) Language-prior-based Ambiguous Sample Con-
struction Module (ASCM). This module automatically re-
places the text labels of training samples with correspond-
ing ambiguous texts according to linguistic pronunciation
rules. These are not simple data augmentation methods, but
rather interpretable ambiguous sample replacement strate-
gies, which provide precise training targets for subsequent
ambiguity recognition.

(2)The Progressive Contrastive Disambiguation Net-
work (PCDN) uses a two-stage, closed-loop process for
cross-modal ambiguity resolution. Stage A (Encoding): A
triplet-based contrastive loss aligns visual viseme features
with ground-truth and ambiguous phoneme features, forcing
the encoder to learn discriminative articulatory cues. Stage
B (Decoding): A text semantic contrastive loss constrains
predictions against ground-truth and ambiguous texts. This
leverages linguistic knowledge for corrections, creating a
feature refinement loop that enables end-to-end disambigua-
tion. In Stage A, the contrastive learning among visemes,
ground-truth phonemes, and ambiguous phonemes consti-
tutes the core and primary mechanism of LinProVSR’s dis-
ambiguation capability, while Stage B serves as a supple-
mentary error-correction mechanism to address residual er-
rors that evaded detection in Stage A.

Our contributions are summarized as follows.

• Based on the refined phonological rules of speech ar-
ticulatory movements, we propose a linguistically ori-
ented ambiguous sample construction strategy to provide
explicit supervision for downstream disambiguation of
viseme-phoneme asymmetric ambiguities.

• We innovatively design a progressive cross-modal con-
trastive disambiguation network(closed-loop paradigm),
integrating dynamic visual-phoneme mapping in encod-

ing and enables semantic self-correction in decoding to
achieve end-to-end ambiguity resolution from initial fea-
tures to final semantics.

• We for the first time proposed the AWER metric for eval-
uating recognition of phonetically ambiguous text; exten-
sive validation on public datasets confirmed our method’s
effectiveness, especially in markedly improving the dis-
tinction of ambiguous visemes.

Related Work
Early research on Visual Speech Recognition (VSR) focused
on extracting static lip shape features, predominantly uti-
lizing CNNs to capture lip textures. However, such meth-
ods overlooked the temporal dynamics of lip movements
and struggled to model lip shape variation patterns dur-
ing phoneme articulation. To address this limitation, re-
searchers began exploring joint modeling of spatiotempo-
ral features, introducing 3DCNNs to extract spatiotemporal
features from lipreading videos, combined with GRU and
CTC for spoken text decoding (Assael et al. 2016; Xu et al.
2018; Son and Zisserman 2017). As the demand for model-
ing long-range temporal dependencies in VSR tasks became
increasingly prominent and with the widespread adoption of
Transformer models in sequence modeling tasks, studies in-
troduced Transformer architectures into VSR tasks to design
lipreading network structures(Prajwal, Afouras, and Zisser-
man 2022; Park, Park, and Park 2025; Wang et al. 2024; Kit
Khinn Teng, Zhang, and Saitoh 2025).

Additionally, Xue, Li, and others incorporated facial land-
marks to construct multimodal fusion mechanisms, allevi-
ating visual ambiguity by supplementing contextual infor-
mation(Xue et al. 2023a; Li et al. 2024). In contrast, the
progressive contrastive disambiguation model proposed in
this paper, by deeply integrating linguistic knowledge into
the processes of feature learning and spoken text decoding,
specifically addresses the viseme-phoneme asymmetric am-
biguity and thus exhibits unique advantages in distinguish-
ing similar lip shapes.

The CALLip model(Huang, Liang, and Fang 2021) En-
hances the discriminability of visual features through at-
tribute learning and cross-modal contrastive learning; Wang
et al. (Wang et al. 2023) proposed the TalkLip model, which
utilizes contrastive learning to improve lipreading synchro-
nization. In contrast to these methods, the progressive con-
trastive cross-modal disambiguation network proposed in
this paper is not merely a simple comparison between pos-
itive and negative samples. Instead, it achieves targeted res-
olution of viseme-semantic ambiguities through a closed-
loop logic of interpretable sample construction-dynamic
mapping-semantic error correction. This mechanism is fun-
damentally different from pure contrastive learning.

Methodology
The architecture of our LinProVSR model is illustrated in
Fig. 2, consisting of two core modules: (1) Linguistic prior-
driven Ambiguity Sample Construction Module (ASCM):
Based on the viseme-phoneme mapping rules in linguistics,
ASCM constructs a set of ambiguous texts that have similar
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Language phoneme
Num

phoneme
Group

Viseme
Num

English 48

(1) ow,oy
(2) b,p,m

. . .
(18) d,t,n,l

18

Chinese 32

(1) b,p,m
(2) d,t,n,l

. . .
(12) z,c,s

12

Table 1: Linguistic Knowledge and Viseme Details

lip shapes to the ground truth texts but different semantics by
replacing similar phonemes in the pronunciation texts. (2)
Progressive Contrastive Disambiguation Network (PCDN):
This module is composed of a viseme-phoneme disambigua-
tion sub-module and a text semantic disambiguation sub-
module. Through viseme-phoneme feature alignment and
intra-modal text semantic alignment, these two disambigua-
tion sub-modules form a closed-loop disambiguation pro-
cess from feature optimization to semantic error correction.

Linguistic Prior-Driven Ambiguous Sample
Construction Module(ASCM)
In human linguistics, there are three fundamental consensual
knowledge rules(as shown in Table 1):

(1) Human speech (both in English and Chinese) can be
segmented into minimal pronunciation units (phonemes).
Among them, English has approximately 48 phonemes,
while Mandarin Chinese has about 32 phonemes.

(2) Several phonemes that have similar lip shapes (with
subtle differences) during pronunciation can be classified
into the same viseme.

(3) The ambiguity of English visemes mainly originates
from consonants and some vowels (such as /i:/ and /I/);
the ambiguity of Chinese visemes mainly comes from initial
consonants (such as /z/ and /c/) and tones.

We first convert words from datasets into phoneme se-
quences using the CMU Pronouncing Dictionary and Mod-
ern Chinese Dictionary. Subsequently, phonemes within the
same viseme group are randomly replaced to generate corre-
sponding ambiguous texts. For example,we can replace ’sip
(/s/)’ with ’zip (/z/)’ and ’da1’ with ’ta2’.

Textamb = Textoriginal[i] + k, (1)
where i is the character position in the original text, and k is
the number of tones to change.

Thus, the ambiguous text generation strategy based on lin-
guistic knowledge can be expressed as follows:

Textamb = Gen(Textoriginal, Rulereplace), (2)
where Textamb represents the generated ambiguous text,
Textoriginal represents the original input text, Gen(·) is a
generation function that generates the ambiguous text based
on specific transformation rules, Rulereplace is a set of rules
defining how elements in the input text are substituted to
generate the ambiguous text.

Progressive Contrastive Disambiguation
Network(PCDN)
(1) Viseme-Phoneme Disambiguation Module

Textual-Visual Feature Encoding. During the encoding
stage, our objective is to accurately map viseme-phoneme
while boosting the discriminative capacity of visual fea-
tures. We begin by representing the lipreading video as
x ∈ RT×H×W×3, where T denotes the video duration,
and H and W represent the frame height and width, re-
spectively. This video is then fed into a 3D CNN for fea-
ture extraction from the lip region. Positional Encoding is
added to retain the sequential positional information, result-
ing in the extraction of its spatiotemporal features, denoted
as Fv ∈ RT×d, where d represents the feature dimension of
the video frames:

Fv = PE(3DCNN(x)), (3)

where PE(·) represents the positional encoding.
Words from Textoriginal and Textamb are mapped to

embedding vectors via a neural network, enhanced with po-
sitional encoding to capture sequential context. The result-
ing representations jointly encode semantic and positional
features:

Ft = PE(Embedding(Textoriginal)) ∈ RL×d, (4)

Fs = PE(Embedding(Textamb)) ∈ RL×d, (5)

where L is the length of the text sequence, and d is the size
of the word embedding vectors, which matches the dimen-
sionality of the video feature vectors. Specifically, the spa-
tiotemporal visual features Fv are first linearly projected to
obtain the query Qv , key Kv , and value Vvrepresentations.

Qv = FvW
v
Q,Kv = FvW

v
K , Vv = FvW

v
V , (6)

where W v
Q,W

v
K ,W v

V are the learnable weight matrices.
The video sequence encoder employs an attention mech-

anism by computing weights between its query vectors Qv

and key vectors Kv . Formally, this process is articulated as:

fv
att = Softmax(

QvK
T
v√

d
)Vv, (7)

where d represents the dimensionality of the key vector.
Building on the basic attention logic, the video sequence

encoder deploys a Multi-Head Attention mechanism to cap-
ture features across multiple semantic levels via parallelized
computations, dynamically model temporal dependencies
among consecutive lipreading video frames with finer gran-
ularity, concatenate and project independent attention out-
puts from each head through a linear layer, apply a resid-
ual connection to preserve original feature information while
fusing multi-head insights, and ultimately yield multi-scale
dynamic temporal features fv

mdt, then enter a feed-forward
network to model complex non-linearities. A parallel resid-
ual connection enforces temporal coherence in the final
viseme feature representation. fv:

fv
ffn = Linear(ReLU(Linear(LN(f v

mdt)))), (8)
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Figure 2: Overview of LinProVSR framework.

where LN is the Layer Normalization.

fv = LN(fv
mdt + fv

ffn) (9)

Similarly, a text sequence encoder, sharing the same ar-
chitecture as the video sequence encoder, is used to extract
high-level semantic features from both original and ambigu-
ous texts, while capturing contextual dependencies within
their respective phoneme sequences. This process yields the
true text featuresft and the ambiguous text features fs.

Viseme-Phoneme Contrastive Loss. Building upon this
foundation, we introduce a viseme-phoneme contrastive loss
function Lvpc, designed to achieve high-quality mapping be-
tween visemes and phonemes, thereby enhancing the dis-
criminative capacity of the visual encoder when encoding
visemes associated with ambiguous phonemes. Specifically,
this contrastive loss imposes similarity alignment constraints
on three types of features: viseme features fv extracted by
the aforementioned encoder, ground-truth textual phoneme
features ft, and ambiguous textual phoneme features fs.
This formulation ensures the aggregation of ground-truth
phoneme features with viseme features in the feature space,
while simultaneously widening the representational distance
between ambiguous phoneme features and viseme features
within the same space. By implementing this mechanism,
the model learns fine-grained mapping relationships be-
tween phonemes and visemes in ground-truth text, captures
subtle visual distinctions corresponding to similarly pro-
nounced phonemes, and ultimately improves lipreading ac-
curacy for ambiguously articulated phonemes. We transpose
the dimensions of ft,fs and fv , and apply mean pooling
along the frame and phoneme sequence dimensions to en-
sure consistent dimensions.

Lvpc = max

(
0,

∥fv − ft∥22 − ∥fv − fs∥22
τ0 · e−k·t + α

)
, (10)

where α controls the minimum distance difference between
positive and negative samples and is typically set between
0.1 and 1.0, τ0 denote the initial temperature (default value
is 0.07), k the decay coefficient (default value is 0.001), t the
normalized training step.

(2) Text Semantic Disambiguation Module During the
decoding stage, to enable the model to perform ambigu-
ity discrimination by integrating linguistic knowledge, we
adopt a visual-text to word decoding approach for sequence
decoding. Specifically, Multi-Head Attention is applied to
both the ground truth embeddings Ft and the ambiguity text
embeddings Fs, yielding representations f t

mha and fs
mha.

Multi-Head Cross Attention is then applied to the video en-
coder output, separately obtaining corresponding weighted
contextual representations that correspond to the video se-
quence attended by the ground truth sequence and the am-
biguous text sequence. These weighted contextual represen-
tations then pass through a feed-forward neural network,
and the outputs f t

d and fs
d are obtained after applying resid-

ual connections. These outputs are processed through a lin-
ear layer and a softmax to obtain the predicted probabilities
for the current word. The word with the highest probability
is selected as the current prediction Textpgt and Textpamb.
Textpgt ≜ (pgtl,v)L×V represents the predicted word corre-
sponding to the v-th word in the vocabulary based on the
ground truth. Similarly, Textpamb ≜ (pamb

l,v )L×V represents
the predicted word corresponding to the v-th word in the vo-
cabulary based on the ambiguous text. The words with the
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highest probabilities are selected as the current predictions
ytextgt and ytextamb.

The process repeats until the predicted word is ’<eos>’
or the predefined text length threshold is reached, yielding
the complete predicted character sequences ytextgt and ytextamb.
In contrast, Chinese decoding uses the same decoder archi-
tecture. However, since Chinese is a tonal language with
a large number of homophones and near-homophones, we
adopt a two-stage cascaded decoding strategy: from visual-
text to Pinyin, and then from Pinyin to Chinese characters.

Text Semantic Contrastive Loss. To further enhance the
LinProVSR model’s ability to discern subtle differences
in lipreading visual elements corresponding to similar am-
biguous phonemes, we designed a contrastive loss termed
Ltsc based on triplets <Textpgt, Text

p
amb, Textgt>, where:

Textpgt represents the text jointly decoded from original
text features and visual features, Textpamb denotes the text
derived from ambiguous text features combined with vi-
sual features, and Textgt is the ground-truth (GT) text.
By imposing constraints on this triplet, we simultaneously
enforce semantic consistency between Textpgt and Textgt
while amplifying semantic dissimilarity between Textpgt
and Textpamb. Through backpropagation of the contrastive
loss, the model is compelled to trace back and further
strengthen its capability to differentiate lip-feature variations
associated with these two phonemes.

D =
(
d(Textgt, T ext

p
gt)− d(Textgt, T ext

p
amb) +m

)
,

(11)
Ltsc = max (D, 0) , (12)

where d(·) represents the Euclidean distance between the
two, Textgt is the true Pinyin sequence, and m is a hyper-
parameter that defines the minimum allowable distance dif-
ference.

Loss Function
Our model utilizes three loss functions during training. The
first is the Viseme-Phoneme Contrastive loss, the second
is the Text Semantic Contrastive loss, and the third loss is
CrossEntropy loss, denoted as Ltext

ce :

Ltext
ce = −

L∑
i=1

Textgt log Text
p
gt, (13)

Cross-entropy loss serves to align the model’s predictions
with the true target text. Through the minimization of such
losses, the model is enabled to learn effectively and produce
outputs that align with the ground truth.

The overall loss of LinProVSR can be defined as:

Ltotal = Lvpc + Ltsc + Ltext
ce , (14)

For Chinese input, the Ltext
ce loss is defined as follows:

Ltext
ce = −

L∑
i=1

(Textgt log Text
p
gt + Texthzgt log Text

p
gt).

(15)

Dataset Vocabulary Train Valid Test

CMLR 3517 71448 10206 20418
LRS2 62769 45839 1082 1243
GRID 51 24750 - 8250

Table 2: Statistical data of datasets CMLR, LRS2 and GRID.

Experiments
Experimental Settings
Dataset. Experiments were conducted on three large-scale
lipreading datasets. As shown in Table 2: CMLR(Zhao,
Xu, and Song 2019), a Mandarin Chinese dataset, and
LRS2(Chung et al. 2017b) and GRID(Cooke et al. 2006),
two widely-used English-language datasets.

Evaluation Metrics. Within VSR task, Error Rate is a
widely adopted performance metric, as its reduction directly
indicates an improvement in overall model performance. To
comprehensively assess the model across different linguistic
settings, we employ Word Error Rate (WER) as the primary
evaluation metric.

Baselines. We compare the performance of our model
with that of several mainstream architectures in current VSR
research, including CSSMCM(Zhao, Xu, and Song 2019),
LIBS(Zhao et al. 2020), CALLip(Huang, Liang, and Fang
2021), LCSNet(Xue et al. 2023b), LipFormer(Xue et al.
2023a), GUSLip(Li et al. 2024), WAS(Chung et al. 2017b),
CTC/Att(Petridis et al. 2018), TDNN(Yu et al. 2020), Pan
et al(Pan et al. 2022), TM-seq2seq(Afouras et al. 2022), and
Fca-Net(Yang, Gong, and Kang 2023), LiteVSR(Laux et al.
2024), LiteVSR2(Laux and Schmeink 2024), SwinLip(Park,
Park, and Park 2025), Wu et al(Wu et al. 2024), CFLip(Li
et al. 2025). To ensure a fair comparison based solely on vi-
sual input, we exclude methods that leverage additional au-
dio information or knowledge distillation techniques from
our evaluation.

Implementation Details. We first use the DLib face de-
tector(King 2009) to locate 20 lip key points on the speaker’s
face in the video. The lip region is then cropped and scaled
to 64x128 pixels. During the training phase, we set the batch
size to 8 and adopted a learning rate warm-up strategy to
stabilize the training and avoid local minima. Specifically,
in the Adam optimizer(Adam et al. 2014), the learning rate
dynamically adjusts according to the error rate, with a peak
value set at 0.0003.

Comparison Experiments
In this experiment, we compare the performance of our
method with the baseline across three lipreading datasets.

CMLR and GRID. Table 3 compares LinProVSR with
established lipreading baselines, where “-” denotes unavail-
able metrics. On the CMLR dataset, LinProVSR achieves a
23.34% WER, outperforming all baselines and thus validat-
ing its effectiveness on Chinese data. On the GRID dataset,
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Method CMLR
WER(%)↓

GRID
WER(%)↓

CSSMCM(2019) 32.48 -
LIBS(2020) 31.27 -
CALLip(2021) 31.18 2.48
LCSNet(2023) 30.03 2.30
LipFormer(2023) 27.79 1.45
Wu et.al(2024) - 1.83
GUSLip(2024) 29.98 1.93
CFLip(2025) 26.20 1.01

LinProVSR 23.34 0.99

Table 3: Comparison of results between LinProVSR and
other baseline models on CMLR and GRID.

Method Training Datasets Used WER(%)↓

CTC/Att(2018) LRS2,LRW 63.5
LIBS(2020) LRS2,LRS3 65.3
TDNN(2020) LRS2 48.9

TM-seq2seq(2022) LRS2,LRS3,LRW
MV-LRS 48.3

Pan et.al(2022) LRS2,LRW 43.2
Fca-Net(2023) LRS2,LRW 38.3
LiteVSR(2024) LRS2,LRS3 47.4
LiteVSR2(2024) LRS2,LRS3 40.6
SwinLip(2024) LRS2 37.01

LinProVSR LRS2 35.36

Table 4: Comparison of results between LinProVSR and
other baseline models on LRS2.

it reaches a 0.99% WER, a 1.49% reduction from CALLip,
confirming its effectiveness on English data.

LRS2. To further validate the performance of the Lin-
ProVSR on large-scale English datasets, we compared it
with state-of-the-art baseline models on the widely used
dataset LRS2.

Table 4 presents the performance of the LinProVSR
model on the large-scale English dataset LRS2. In Ta-
ble 4, the ”Training Datasets Used” column specifies the
datasets employed during the model’s training process. No-
tably, LinProVSR achieves a WER of 35.36% on the LRS2
dataset, outperforming both methods trained on equivalent
datasets and those leveraging larger training datasets. This
underscores its effectiveness in handling large-scale English
datasets while requiring fewer training resources.

Ablation Studies
To evaluate the contributions of Viseme-Phoneme Disam-
biguation(VPD) and Text Semantic Disambiguation(TSD)

# VPD TSD CMLR
WER(%)↓

GRID
WER(%)↓

LRS2
WER(%)↓

0 - - 25.90 2.76 43.02
1 -

√
25.64 1.34 40.31

2
√

- 25.23 1.28 36.25
3

√ √
23.34 0.99 35.36

Table 5: Ablation studies for VPD and TSD on CMLR,
GRID and LRS2

modules in reducing lipreading error rates, we perform ab-
lation studies on CMLR, GRID, and LRS2 datasets.

Table 5 reports the results of ablation experiments on the
VPD and TSD modules. Experimental data indicate that the
baseline model (#0) attains WER of 25.90%, 2.76%, and
43.02% on the CMLR, GRID, and LRS2 datasets, respec-
tively. Here, baseline denotes the LinProVSR architecture
without the VPD and TSD components, which is referred to
as the base henceforth (used in Table 6, Fig. 3, and Fig. 4).
Comparative analysis reveals that Models #1 and #2 exhibit
lower WER values than the base across all three datasets,
thereby demonstrating the effectiveness of both modules.
Notably, Model #3 achieves the lowest WER, signifying that
integrating VPD and TSD modules substantially enhances
recognition accuracy. Furthermore, Model #2 outperforms
Model #1 in performance metrics, underscoring the VPD
module’s greater contribution to improved recognition per-
formance. This finding corroborates our theoretical frame-
work: VPD serves as the primary mechanism for resolving
ambiguous visemes, while TSD functions as a complemen-
tary secondary system for disambiguation and error correc-
tion.

Case Study
To evaluate the performance of the proposed model, we
present the prediction results for a series of cases, where the
characters marked in red indicate incorrect predictions.

In Table 6, we compare the prediction differences between
the baseline model and our proposed LinProVSR on the
CMLR, GRID, and LRS2 datasets, respectively. The base-
line model also mispredicts words(e.g., classifies “mo2” as
“bo2” and “right” as “white”). In contrast, our proposed Lin-
ProVSR accurately recognizes these characters, demonstrat-
ing its effectiveness in handling texts with similar pronunci-
ations and lip movements.

Visualization Analysis
In Fig. 3, we compare heatmaps of weight vectors from the
visual encoders of the Baseline and LinProVSR. Thanks to
VPD and TSD modules’ contrastive constraints, LinProVSR
forces the visual encoder to focus more on regions discrimi-
native for ambiguous word pronunciation (e.g., lips, mouth),
while the Baseline’s focus is more scattered.

As shown in Table 3 and Table 4, the LinProVSR out-
performs all baseline models. To further verify that the ad-
vanced performance of our proposed model mainly benefits
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Case Method
CMLR GRID LRS2

Predict WER(%) Predict WER(%) Predict WER(%)

Case1
Base shi4 shi2 yi1 ju4 zhi3 chu1 66.67 lay blue by z nine now 33.33 and we wore white 50.00

LinProVSR shi2 shi1 yi4 jia4n zhi3 chu1 0.00 lay blue in b nine now 0.00 and we were right 0.00

Case2
Base jiu3 ye4 gui bo2 guo4 da4 50.00 set red at z five now 33.33 they’re mowing the ground 75.00

LinProVSR jiu4 ye4 gui1 mo2 kuo4 da4 0.00 set red in z five now 16.67 they’re moving around 0.00

Table 6: Case study on CMLR, GRID and LRS2

(a) word:pull/Base

(b) word:pull/LinProVSR

(c) word:家(jia)/Base

(d) word:家(jia)/LinProVSR

Figure 3: Heatmap comparison between Base and Lin-
ProVSR on lip regions

from the high-precision recognition of ambiguous words, we
propose for the first time the AWER metric specifically de-
signed to measure the error rate of ambiguous words:

AWER(i) =
Num(pred(Ai) = ERROR)∑N

n=1 Num(pred(An) = ERROR)
(16)

Where, Ai represents the i-th ambiguous word in the am-
biguous word set, and denominator denotes the total num-
ber of erroneous predictions for Ai across the test set. The
denominator aggregates the total error counts for all ambigu-
ous words. Given potential variability in individual ambigu-
ous word error rates, we employ averaged AWER to rig-
orously assess the effectiveness of LinProVSR’s supervised
disambiguation learning for ambiguous words. Specifically,
we first statistically analyze the occurrence frequencies of
ambiguous words, sort them by frequency in descending or-
der to form the sorted set SA, then compute the averaged
word error rate as follows:

Avg(AWER(m,n)) =
1

n−m+ 1

n∑
i=m

AWER(i) (17)

In Fig. 4, the x-axis label K denotes the first K ambigu-
ous words in the sorted set SA; the left Y-axis illustrates
the average error rate for these high-frequency words (Top-
K), while the right Y-axis shows the reduction in average

(a) CMLR

(b) LRS2

Figure 4: AWER comparison between Base and LinProVSR

error rate achieved by LinProVSR relative to the baseline
model. The findings reveal that as K decreases (indicating
higher frequency of ambiguous words in training data), Lin-
ProVSR’s correction advantage progressively strengthens,
particularly achieving remarkable improvements in Top-5
high-frequency word recognition (with a 4.41% reduction
on CMLR(a) and 5.32% reduction on LRS2(b)).

Conclusion

We address viseme-phoneme ambiguity in traditional lip
reading by proposing LinProVSR, which consists of a lin-
guistic prior-driven ambiguous sample construction module
and a progressive contrastive disambiguation network. By
imposing dual constraints via viseme-phoneme and text se-
mantic contrastive losses across both feature and semantic
spaces, the model extracts phoneme-related features while
encoding and integrates linguistic insights into the feature
learning and decoding processes of lip reading. Experiments
on Chinese and English datasets demonstrate superior per-
formance, thereby validating the model’s effectiveness.
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