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A. Proofs of Theorems
A.1 Derivation of Gaussian Discriminant Functions
We consider GDA under the assumption that the category-conditional distributions are multivariate Gaussians with a shared
covariance matrix Σ:

p(z | c) = N (z;µc,Σ) (25)

=
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(2π)d|Σ|
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2
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)
, (26)

where µc denotes the category mean.
By Bayes’ theorem, the posterior of category c given z is

p(c | z) = p(z | c)p(c)∑C
c′=1 p(z | c′)p(c′)

=
p(z | c)πc∑C

c′=1 p(z | c′)πc′
, (27)

where πc = p(c) denotes the prior of category c. For prediction we only need argmaxc p(c | z), which is equivalent to

argmax
c

p(z | c)πc. (28)

Taking logarithms does not change the maximizer and turns the product into a sum, which is both numerically more stable
and algebraically simpler. We therefore define the (unnormalized) log-posterior

ℓc(z) := log p(z | c) + log πc. (29)

Substituting the Gaussian density yields
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Terms that do not depend on c do not affect the softmax over categories and can be dropped. Collecting the c-dependent
terms gives
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c Σ
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2
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c z + bc, (32)

where =̇ denotes equality up to an additive term independent of c, and

wc = Σ−1µc, bc = −1

2
µ⊤

c Σ
−1µc + log πc.

Thus, under a shared covariance matrix, the GDA discriminant is linear in z, and the posterior is obtained via

p(c | z) = Softmaxc

(
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c z + bc
)
.

In our work, we relax the shared-covariance assumption and allow each category to have its own covariance matrix Σc:
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By the same derivation, the (unnormalized) log-posterior becomes

gc(z) = log p(c) + log p(z | c) (35)
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which can be summarized as a quadratic discriminant
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2
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where
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c , (38)

bc = Σ−1
c µc, (39)

dc = −1

2
µ⊤

c Σ
−1
c µc −

1

2
log |Σc|+ log πc. (40)

Here the quadratic term − 1
2z

⊤Σ−1
c z depends on the category index c, so gc(z) cannot be reduced to a linear function of

z. The posterior is again obtained by normalizing these scores with a softmax:

p(c | z) = Softmaxc

(
gc(z)

)
. (41)

A.2 Maximum-likelihood Estimation of Gaussian Parameters
Since we model the category prior and category-conditional density as

p(y = c) = πc,

C∑
c=1

πc = 1,

p(z | y = c) = N (z;µc,Σc),

where each category c is associated with its own mean µc and covariance matrix Σc, we estimate these parameters from a
finite set of labeled feature vectors {(zi, yi)}Ni=1 with zi ∈ Rd and yi ∈ {1, . . . , C}. Let Ic = {i : yi = c} and Nc = |Ic|
denote the index set and sample size of category c, respectively. Under the i.i.d. assumption, the joint likelihood of all samples
is

p({zi, yi}Ni=1 | θ) =
N∏
i=1

p(yi) p(zi | yi) (42)
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where θ = {πc,µc,Σc}Cc=1 collects all parameters. Taking logarithms yields the log-likelihood
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where the constant term does not depend on θ and can thus be omitted in the optimization.
Maximizing the log-likelihood with respect to θ yields closed-form solutions for all parameters. For the category priors,

we introduce a Lagrange multiplier to enforce
∑

c πc = 1 and take the derivative of ℓ(θ) with respect to πc. The resulting
stationarity condition equates the gradient to zero and yields

π̂c =
Nc

N
, (45)

meaning that the optimal prior of each category coincides with its empirical frequency.



For the category means, differentiating ℓ(θ) with respect to µc shows that the gradient is proportional to
∑

i∈Ic
(zi−µc).

Setting this gradient to zero imposes
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Finally, for the covariance matrices, we collect all terms in (44) that depend on Σc and differentiate the log-likelihood with
respect to Σ−1

c . The covariance-dependent part of the objective is determined jointly by the log-determinant term Nc log |Σc|
and the empirical scatter
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To better accommodate the TTA setting, we do not store individual feature vectors but instead maintain, for each category c,
the following sufficient statistics:

Nc = |Ic|, Sc =
∑
i∈Ic

zi, Qc =
∑
i∈Ic

ziz
⊤
i ,

which compactly summarize the number of samples, the aggregated first-order moment, and the aggregated second-order
moment of the features in category c. These statistics can be updated over time by simply accumulating contributions from
new samples.

Using these sufficient statistics, the maximum-likelihood estimates take the compact form
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Nc∑
j Nj

, µ̂c =
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Nc
, Σ̂c =
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Nc
− µ̂cµ̂

⊤
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Thus, once the sufficient statistics (Nc,Sc,Qc) have been updated from the incoming stream, the Gaussian parameters
(π̂c, µ̂c, Σ̂c) can be recovered without revisiting past samples. This property is particularly beneficial in our streaming TTA
scenario.

B. More Details about the Backbone
Our audio-visual backbone is based on the CAV-MAE architecture [7] and consists of an audio encoder ϕ1, a video encoder
ϕ2, and a joint encoder F . The audio encoder ϕ1 splits the Mel-spectrogram into patches and maps them into an audio token
sequence, while the video encoder ϕ2 divides video frames into image patches and maps them into a visual token sequence.
These token sequences are then fed into the joint encoder F , which models three perspectives: audio-only, video-only, and
multi-modal. The joint encoder shares the multi-head self-attention and feed-forward parameters across these perspectives,
while maintaining separate LayerNorm modules for each view. In this way, different modalities and their fusion are embedded
into a common latent space defined by the same set of network parameters, while still allowing view-specific normalization.
The pre-training stage involves a contrastive loss on the audio-only and video-only paths, which pulls the audio and video
representations from the same clip closer together in the joint space and pushes representations from different clips apart.
This architecture and training procedure jointly shape a unified and alignable audio-visual representation space, which serves
as the basis for our subsequent contrastive correction and probabilistic modeling.

On top of this backbone, we focus on the TTA stage, where different modalities may undergo distribution shifts of different
severity. To handle this, we adopt an adaptive contrastive asymmetry rectification mechanism that naturally aligns with the
design of the backbone. During the forward pass, both modalities are processed by their private encoders and the shared joint
encoder, producing global representations that lie in the same representation space. We then impose contrastive constraints
to promote cross-modal alignment and intra-modal consistency.

In our probabilistic formulation, we assume that the multi-modal feature, the audio feature, and the video feature, each
obtained by mean-pooling the global representations from the joint encoder F , are variables in the same latent feature space.
It is therefore natural to impose the same form of distributional prior on all of them.



Figure 4. Visualization of the average covariance and category-specific deviations of the Gaussian distributions. The left panel shows the
covariance matrix averaged over all categories. The right panels show the deviation matrices ∆Σc = Σc − Σ̄ for the first six categories,
where red (blue) entries indicate covariance values larger (smaller) than the global average.

C. More Visualization Results
Discussion of Covariance Matrices. To further justify the use of category-specific covariance matrices rather than a single
shared covariance matrix, we visualize in Fig. 4 the covariance structures estimated by our Gaussian model. For clarity, we
compare the covariance matrix of each category with the average covariance matrix Σ̄ over all categories and examine their
deviations Σc − Σ̄. The resulting deviation maps exhibit highly structured patterns: certain rows, columns, and sub-blocks
systematically deviate from the mean covariance, and these patterns vary markedly across categories. In other words, different
categories are not only centered at different mean locations, but also differ in how variance and inter-dimensional correlations
are distributed across the feature space. Such category-dependent correlation structures cannot be captured by a single shared
covariance matrix. Therefore, introducing category-specific covariance matrices {Σc}c is necessary to faithfully model the
category-conditional densities.
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