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Supplementary Material

A. Proof of Gaussian Distribution Matching
A.1. Preliminaries
Mutual Information (MI) is given by

I(X;Y ) = H(X)→H(X|Y ) = H(Y )→H(Y |X), (1)

I(X;Y ) = H(X) +H(Y )→H(X,Y ), (2)

or equivalently,

I(X;Y ) = DKL (PX,Y ↑ PX ↓ PY ) , (3)

where H(X) is the entropy of X , quantifying its uncertainty;
H(X|Y ) is the conditional entropy of X given Y , represent-
ing the residual uncertainty of X once Y is known; H(X,Y )
is the joint entropy of (X,Y ). Eq. (3) is the exact Kullback
Leibler(KL) divergence-based formulation of MI.

This formulation highlights that MI measures the reduc-
tion in entropy of one variable due to the knowledge of the
other. When X and Y are independent, I(X;Y ) = 0; other-
wise, I(X;Y ) > 0, with higher values indicating stronger
dependency.

Maximize the MI between the inputs and outputs of a
representation-learning function, i.e. an encoder, has been
widely explored to learn viable low-dimensional representa-
tions of complex data [11]. In high-dimensional scenarios or
when the true statistical distributions are unknown, directly
computing entropies or their differences become infeasible.
Fortunately, a number of estimation techniques have been
developed to approximate MI. Among them, lower bounds
are widely used to reparametrize the objective. In this work,
we only consider a popular alternative based on the Donsker-
Varadhan representation (DV, [7]) of the KL-divergence
suggested in [1, 2]:

I(X;Y ) = sup
T :!→R

[
EPX,Y T → log EPX↑PY exp(T )

]
(4)

where ! is the sampling space, and T is a measurable critic
function.

Deep InfoMax [11] suggests learning the most informa-
tive embeddings via a direct maximization of the mutual
information between the original data and compressed repre-
sentations:

I(X; f(X)) ↔ max, (5)

where X is the random vector to be compressed, and f is
the encoding mapping (being learned). In addition, data aug-
mentation (crop randomly, add noise, etc.) are employed to
inject stochasticity and avoid degenerate solutions. Consider
the following Markov chain:

f(X) ↔ X ↔ X
↓ ↔ f(X ↓), (6)

with I(f(X ↓); f(X)) ↗ I(X ↓; f(X)) being the new info-
max objective.

To achieve Gaussian distribution matching of the latent
space, we further modify Eq. (6) by adding independent
noise Z to normalized representations of X , thus replacing
f(X) by f(X) + Z in the infomax objective:

I(f(X); f(X) + Z) = h(f(X) + Z)→ h(f(X) + Z|f(X))

= h(f(X) + Z)→ h(Z). (7)

with Z being independent of X .
In this case, maximizing the infomax objective is reduced

to maximizing the entropy h(f(X) + Z). According to the
maximum entropy property of Gaussian distribution:
Theorem 1 (Theorem 8.6.5 in [4]). Let X be a d-
dimensional absolutely continuous random vector with prob-
ability density function p, mean m and covariance matrix ”.
Then

h(X) = h (N (m,”))→DKL (p ↑ N (m,”)) ,

h (N (m,”)) =
1

2
log

(
(2ωe)d det”

)
,

where N (m,”) is a Gaussian distribution of mean m and
covariance matrix ”.

If we restrict f(X) by fixing its covariance matrix,
h(f(X) + Z) attains its maximal value precisely when
f(X) + Z is distributed normally. As Z is independent
to X , f(X) + Z is normally distributed if and only if the
distribution of f(X) is also Gaussian. This forms a basis of
the proposed method for Gaussian distribution matching.

A.2. Complete Proof of Proposition 1
Proposition 1 (Gaussian distribution matching). Let Z ↘
N (0,ε2

I) and assume that each dimension of f(X) is zero-
mean with unit variance. Then the mutual information be-
tween I(f(X); f(X) + Z) can be upper bounded as:

I(f(X); f(X) + Z) ↗ d

2
log

(
1 +

1

ε2

)
, (8)

with equality holding when f(X) ↘ N (0, I).

Proof of Proposition 1.
Using Theorem1, we can rewrite Eq. (7), yielding

I(f(X); f(X) + Z) = h (N (m,”))

→DKL (f(X) + Z ↑ N (m,”))→ h(N (0,ε2
I))

where m and ” are the mean and covariance matrix of
f(X) + Z.



To bound the KL-divergence:

DKL (f(X) + Z ↑ N (m,”)) = h (N (m,”))

→ h(N (0,ε2
I))→ I(f(X); f(X) + Z)

Next, we estimate the difference between the entropies
by observing that

h (N (m,”)) ↗
d∑

i=1

h
(
N

(
mi,Var(f(X)i) + ε

2
))

= d · h
(
N (0, 1 + ε

2)
)

with the equality holding if and oly if ” is diagonal, which
implies ” = I since Var(f(X)i) = 1 for all i ≃ {1, ..., d}.

Therefore,

d · h
(
N (0, 1 + ε

2)
)
→ h(N (0,ε2

I))

=
d

2

[
log

(
1 +

1

ε2

)
→ log ε2

]
=

d

2
log

(
1 +

1

ε2

)

Finally,

DKL (f(X) + Z ↑ N (m,”)) ↗ d

2
log

(
1 +

1

ε2

)

→ I(f(X); f(X) + Z)

Since KL-divergence is non-negative, we obtain the de-
sired bound:

I(f(X); f(X) + Z) ↗ d

2
log

(
1 +

1

ε2

)
,

This concludes the proof.

B. More Implementation Details
B.1. Baselines
For the baselines we consider, we provide details on our
implementations that are not given in the main text. Unless
stated otherwise, the batch size is set to 32.

LipForensics/LipForen [9]. We use the official imple-
mentation1. Since the training scripts are not provided, we
directly employ the pre-trained checkpoints and conduct
inference under the same experimental settings.

SA-DTH [17]. As the official implementation is not
publicly released, we re-implement the method following
the paper and train it on the GRID dataset using supervised
learning. For other datasets, we fine-tune the pre-trained
model on the corresponding user data.

CIDE [8]. As the official implementation is unavailable,
we re-implement the method following the paper and train

1https://github.com/ahaliassos/LipForensics

it on the GRID dataset using multi-task learning. For other
datasets, we fine-tune the pre-trained model on the corre-
sponding user data.

Siamese [12]. Following the official implementation2, we
re-implement the model with PyTorch and conduct feature
learning.

LipInc [5]. We use the official code3 and employ the
unified AV-HuBERT pretrained model as the visual encoder.

TD-VSA [10]. We use the official code4 and train it on
the VSA dataset [16] as recommended. We further fine-tune
the identity branch to extract identity features for subjects in
other datasets.

OpenSet [6]. As the official implementation is unavail-
able, we re-implement the method following the paper. We
extract visual features using the unified AV-HuBERT pre-
trained model and train all user-specific models.

DO2HSC [19]. We use the official code5 and employ the
unified AV-HuBERT pretrained model as the visual encoder.

SpeechForensics/SpchForen [13]. We use the official
inference code6 and, while the original method also uses
AV-HuBERT, we replace its checkpoint with the unified pre-
trained version used throughout our paper.

AVH-align [15]. We use the official code 7 and finetune
the released checkpoint with the training data of the identities
evaluated in our experiments.

B.2. Our Audio-Visual Variant

Following the implementation in [15], we concatenate the
features from the visual and audio branches. Two projection
layers are applied to map the original 1024-dimensional vi-
sual and audio features to 512 dimensions, which are then
concatenated to form a 1024-dimensional joint representa-
tion. Since the final feature dimension matches our main
model, the subsequent training strategy remains unchanged.
In addition, because our method does not focus on audio
feature augmentation, we simply mix the corresponding au-
dio features using the same intensity coefficient as the visual
features, without applying any additional operations.

C. Training Time Efficiency

Tab. 1 summarizes the average training time across all users
involved in the AVLips dataset [14]. As shown, our approach
achieves the most competitive performance while requiring
noticeably less training time.

2https://github.com/deepconvolution/LipNet
3https://github.com/skrantidatta/LIPINC
4https://github.com/heyi0616/TDVSA
5https://github.com/wownice333/DOHSC-DO2HSC
6https://github.com/Eleven4AI/SpeechForensics
7https://github.com/bit-ml/AVH-Align

https://github.com/ahaliassos/LipForensics
https://github.com/deepconvolution/LipNet
https://github.com/skrantidatta/LIPINC
https://github.com/heyi0616/TDVSA
https://github.com/wownice333/DOHSC-DO2HSC
https://github.com/Eleven4AI/SpeechForensics
https://github.com/bit-ml/AVH-Align


Table 1. Evaluation of training time efficiency (Time (s)→) on
TFG-GRID.

Method Time / Epoch (s) #Epochs Total Time (s)

SA-DTH [17] 200 28 5, 600
CIDE [8] 1, 320 11 14, 520
Siamese [12] 25 21 525
LipInc [5] 160 29 4, 640
TD-VSA [10] 820 30 24, 600
OpenSet [6] 48 38 1, 824
DO2HSC [19] 6.5 250 1, 625
AVH-align [15] 158 33 5, 214

Ours 18 45 810

D. Code and Proposed TFG-Suite
Code and dataset: https : / / github . com /
blair00822/VSA.

E. More Ablations
We provide comprehensive ablations on pseudo-forgery gen-
eration strategies in Tab. 2, which consistently validate the
effectiveness of our design. All experiments are conducted
using 50 training samples per user to ensure a consistent
evaluation protocol.

Table 2. Ablations (AUC (%)↑) of pseudo-forgeries on AVLips.

Method CutMix [18] ProDet [3] w/ SML w/ CML Ours

HM 90.48 90.99 95.00 94.79 95.56
fake 93.12 94.07 95.61 96.59 98.32
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