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Abstract

This paper explores the tasks of leveraging auxiliary
modalities which are only available at training to enhance
multimodal representation learning through cross-modal
Knowledge Distillation (KD). The widely adopted mutual
information maximization-based objective leads to a short-
cut solution of the weak teacher, i.e., achieving the max-
imum mutual information by simply making the teacher
model as weak as the student model. To prevent such a
weak solution, we introduce an additional objective term,
i.e., the mutual information between the teacher and the
auxiliary modality model. Besides, to narrow down the in-
formation gap between the student and teacher, we further
propose to minimize the conditional entropy of the teacher
given the student. Novel training schemes based on con-
trastive learning and adversarial learning are designed to
optimize the mutual information and the conditional en-
tropy, respectively. Experimental results on three popular
multimodal benchmark datasets have shown that the pro-
posed method outperforms a range of state-of-the-art ap-
proaches for video recognition, video retrieval and emotion
classification.

1. Introduction

Multimodal learning has shown much promise in a
wide spectrum of applications, such as video understand-
ing [20, 39, 44], sentiment analysis [1, 19, 47] and medi-
cal image segmentation [7, 49]. It is generally recognized
that including more modalities helps the prediction accu-
racy. For many real-world applications, while one has to
make predictions based on limited modalities due to effi-
ciency or cost concerns, it is usually possible to collect ad-
ditional modalities at training. To enhance the representa-
tion learned, several studies have thus considered to lever-
age such modalities as a form of auxiliary information at
training [11, 23, 29, 50]. Several attempts have explored
to fill in the auxiliary modalities at test time, by employ-
ing approaches such as Generative Adversarial Network

Figure 1. Illustration of the difference between the MI-based
method and the proposed AMID method. (a) MI-based methods
maximize I(M ;S). (b) AMID maximizes I(M ;S) and I(M ;A),
while minimizing H(M |S).

(GAN) [4, 22]. However, such data generation-based ap-
proaches introduce extra computation costs at inference.

As an alternative, cross-modal knowledge distillation is
proposed, where a teacher model trained with both the tar-
get modalities and the auxiliary modalities (denoted as full
modalities hereafter), is employed to guide the training of a
student model with target modalities only [10,11,16,23,45,
46]. In such a way, the student model directly learns to em-
bed information about auxiliary modalities and involves no
additional computational cost at inference. A typical prac-
tice is to pre-train the teacher model from the full modality
data, and fix it during the training. While such a setting
enables the teacher to provide information-rich representa-
tion [23, 46], it may not be favorable for the alignment of
the teacher and student, due to the large information gap
between them, especially at the early stage of training [32].

To better facilitate the knowledge transfer, online KD
is proposed to jointly train the teacher and the student.
One common solution is to maximize the mutual informa-
tion (MI) between the teacher and the student in a shared
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space [42]. However, such an objective only focuses on
maximizing the shared knowledge, in terms of percentage,
from the teacher to the student, which is necessary but not
sufficient to guarantee a complete knowledge transfer. As il-
lustrated in Fig. 1(a), a short-cut solution is to simply make
the teacher model capture less information, i.e., shrinking
the entropy of the teacher.

Under the framework online KD, this paper explores to
simultaneously achieve: 1) maintaining the representation
capacity of the full modality teacher as much as possible,
and 2) narrowing down the information gap between the
teacher and the student. As Fig. 1(b) shows, in addition
to maximizing the MI between the teacher and the student,
maximizing the MI between the teacher and an additional
auxiliary model may contribute to the former goal, while
minimizing the conditional entropy of the teacher given the
student may benefit the latter goal. We thus propose a new
objective function consisting of all the above three terms.
To achieve the optimization of the MI, we further derive
a new form of its lower bound by taking into account the
supervision of the label, and propose a contrastive learning-
based approach to implement it. To minimize the condi-
tional entropy, an adversarial learning-based approach is in-
troduced, where additional discriminators are used to distin-
guish representations between the teacher and the student.
We name the proposed method Adversarial Mutual Infor-
mation Distillation (AMID) hereafter.

To validate the effectiveness of AMID, extensive exper-
iments on three popular multimodal tasks including video
recognition, video retrieval and emotion classification tasks
are conducted. The performance of these tasks are con-
ducted on UCF51 [40], ActivityNet [20] and IEMOCAP [6]
benchmark datasets, respectively. The results show that
AMID outperforms a range of state-of-the-art approaches
on all three tasks. To summarize, the main contribution of
this paper is threefold:

• We propose a novel cross-modal KD method, Adver-
sarial Mutual Information Distillation (AMID), to pre-
vent the teacher from losing information by maximiz-
ing the MI between it and an auxiliary modality model.

• AMID maximally transfers information from the
teacher to the student by optimizing the MI between
them and minimizing the conditional entropy of the
teacher given the student.

• To implement the joint optimization of the three objec-
tive terms, a novel training approach that leverages the
combined advantage of both contrastive learning and
adversarial learning is proposed.

2. Related Work
Knowledge Distillation. Knowledge distillation (KD) is

first proposed in [21], where soft labels in predictive space
produced by the teacher through temperature hyperparame-
ter transfer the dark knowledge to the student. Later, many
works studied and demonstrated the benefits of distilling
knowledge in the latent space [25, 35, 38, 48]. There have
been some works that explore KD-based methods for cross-
modal representation learning. CMC [41] aligns different
views of the same samples by contrastive learning to ex-
tract shared information. CRD [42] leverages instance-level
contrastive objectives to perform KD. GMC [36] learns ge-
ometrically aligned representations by aligning modality-
specific representations with that of the corresponding com-
plete observation. However, these methods can not transfer
the correlation among instances, which are also valuable in
many tasks. To transfer the inter-sample relation, [9] pro-
pose CCL to close the cross-modal semantic gap between
the multimodality teacher and the student by contrasting
different modal embeddings in the same classes in a com-
mon latent space. CRCD [51] distills the information of
the teacher space by maximizing two complementary MI
criteria. In contrast to these recent KD works which only
consider the alignment between the teacher and student but
neglect the objectives’ impact on the teacher, we proposed
a new KD objective that helps the teacher capture as much
auxiliary information as possible and constraints the align-
ment simultaneously.

Mutual Information Maximization. MI is first intro-
duced to deep learning in [2], and since then, many meth-
ods have proposed to combine variational bounds with pa-
rameterized neural networks to enable differentiable and
tractable estimation of MI in high-dimensional spaces [15,
34]. The character that MI can be used to represent the rela-
tionship between two variables is well-suited for correlated
multimodal data. [19] hierarchically optimizes MI in uni-
modal pairs and between multimodal and unimodal repre-
sentations for maintaining useful information while filtering
noise in unimodal input. [28] proposed TupleInfoNCE to
optimize MI in multimodal input tuples which enables the
model to capture both the modal-shared information and the
specific information. However, these methods rarely con-
sider the correlation among samples with the supervision of
the label, which are still useful. In this paper, we derive
a new lower bound on MI in teacher-student pairs which
takes into account the inter-sample correlation and propose
a contrastive-learning method for its maximization.

Adversarial Learning. Since [18] developed adversar-
ial learning in deep learning, many researchers attempt to
improve its performance by stabilizing the training pro-
cess. In addition to modifying the structure of discrimina-
tor or generator [8, 31, 37], several works still considered
incorporating multiple discriminators to improve learning
[13,14,33]. Similar to [13], in this paper, we design two ad-
ditional discriminators and adjust their weights adaptively.
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3. Method
Suppose we have a multimodal dataset with n modali-

ties, consisting of k target modalities {x1, · · · , xk} and n-
k auxiliary modalities {xk+1, · · · , xn}. Denote the model
trained with all n modalities, k target modalities only,
and n-k auxiliary modalities only as full modality model
M(x1, · · · , xn), target modality model S(x1, · · · , xk), and
auxiliary modality model A(xk+1, · · · , xn), respectively.
This paper aims to transfer knowledge from the full modal-
ity model M to the target modality model S with the assis-
tant of auxiliary modalities at training.

A widely adopted objective for cross-modal knowledge
transfer is to maximize the MI between the representation
of the full modality teacher M and the representation of
the target modality student S, i.e. I(M ;S). But there ex-
ists a shout-cut solution as shown in Fig. 1(a). In order
to prevent this problem, we propose AMID, which maxi-
mizes the MI between M and A, i.e. I(M ;A), so as to en-
sure the full modality model captures information from both
target modalities and auxiliary modalities, and maximizes
I(M ;S) while minimizing the conditional entropy of the
teacher given the student H(M |S), so as to narrow down
the information gap between the teacher and the student.
For optimizing the MI, we derive a new form of its lower
bound and maximize it through a contrastive learning-based
approach. For minimizing H(M |S), we introduce an ad-
versarial learning-based approach.

To sum up, the overall objective is to optimize:

O = α1lb(I(M ;S)) + α2lb(I(M ;A))− α3H(M |S), (1)

where lb(·) means the lower bound on MI, α1, α2 , α3 are
the different weights for the corresponding terms.

3.1. Mutual Information Optimization

In this section, we will focus on how to optimize
I(M ;S) and I(M ;A) through maximizing their lower
bounds for capturing as much information as possible. Un-
like [42] which only considers the correlation between the
teacher’s representation and that of the student in the same
sample, we derive a new form of lower bound on MI by tak-
ing into account the correlation of samples within a class.
Notice that as the deduction procedures for I(M ;S) and
I(M ;A) are the same, we will construct an approximate
loss for optimizing I(M ;S).

Firstly, we define a distribution q which models the joint
distribution of M and S. A latent variable, C, is used to
indicate whether a tuple (M,S) comes from the same class
(C = 1) or not (C = 0):

q(M,S|C = 1) = p(M,S);

q(M,S|C = 0) = p(M)p(S).
(2)

We sample (M,S) by considering the relationship between
full modality and target modality representations in the

same classes, which is more effective for transferring in-
formation. The pair (M,S) is from the joint distribution
when M,S are in the same class or from the product of the
marginal distributions when M,S are in different classes.

Suppose in a mini-batch, given a specific Mi, there are
k − 1 positive pairs (Mi, S

ηj

i ) drawn from the joint distri-
bution, where {ηj}k−1

j=1 is an index set and every element
indicates the position of other S with the same class as Mi,
1 positive pair (Mi, S

η0

i ) from the same sample, and N neg-
ative pairs (Mi, S

ξl
i ) from the product of marginals, where

{Sξl
i }Nl=1 are N target modality representations from differ-

ent classes than Mi. Then the priors of C can be calculated
as q(C = 1) = k

N+k and q(C = 0) = N
N+k . Using Bayes’

rule, the logarithmic posterior for C = 1 is given by:

logq(C = 1|M,S) = log
q(M,S|C = 1)q(C = 1)∑

c=0,1 q(M,S|C = c)q(C = c)

= −log(1 +
N

k

p(M)p(S)

p(M,S)
)

≤ −log(
N

k
) + log

p(M,S)

p(M)p(S)
. (3)

With Eq. (3), we can get a lower bound on I(M ;S) as:

I(M ;S) = E(M,S)∼p(M,S)log
p(M,S)

p(M)p(S)

≥ log(
N

k
) + Eq(M,S|C=1)log q(C = 1|M,S).

(4)

Thus maximizing Eq(M,S|C=1)log q(C = 1|M,S) is to
maximize the lower bound on I(M ;S). However, the true
distribution q(C = 1|M,S) cannot be calculated directly.
A classification model h : {M,S} → [0, 1] is fitted to ap-
proximate this distribution. The log-likelihood of the sam-
pled tuples with model h is defined as:

I(h) = kEq(M,S|C=1) [log h(M,S)]

+NEq(M,S|C=0) [log (1− h(M,S))] .
(5)

This likelihood is maximized to make h a good approx-
imation to q(C = 1|M,S). Thus, we can get the op-
timal h∗(M,S) = q(C = 1|M,S). Because that both
log h(M,S) and log (1−h(M,S)) are non-positive for any
h, we can rewrite Eq. (4) according to Eq. (5):

I(M ;S) ≥ log(
N

k
) + Eq(M,S|C=1) [log h

∗(M,S)]

≥ log (
N

k
) + kEq(M,S|C=1) [log h

∗(M,S)]

+NEq(M,S|C=0) [log (1− h∗(M,S))]

= log (
N

k
) + max

h
I(h) ≥ log (

N

k
) + I(h) (6)

Thus we can optimize I(M ;S) indirectly by maximiz-
ing this lower bound log

(
N
k

)
+ I(h). Inspired by [9], we
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Figure 2. An overview of the proposed AMID. There are three different models, M , S and A, in AMID for the full modality, target
modality and auxiliary modality, respectively. AMID distills multimodal information to the target modality by maximizing the lower
bound on I(M ;S) and minimizing H(M |S), and prevents the shout-cut solution by maximizing the lower bound on I(M ;A). MI
optimization is a contrastive-based approach, and conditional entropy minimization is an adversarial learning-based approach that contains
two discriminators with different inputs.

choose h as:

h(Mi, Su) =
exp (Φ (Mi, Su) /τ)∑N+k
j=1 exp (Φ(Mi, Sj)/τ)

, (7)

where Φ is a cosine similarity function, τ is a tempera-
ture adjusting the correlation of different pairs. Substi-
tute Eq. (7) into Eq. (6), optimizing I(M ;S) is equivalent
to minimizing the following loss:

LMIs = − 1

N + k

N+k∑
i=1

k−1∑
j=0

log h(Mi, S
ηj

i )

+

N∑
l=1

log
(
1− h(Mi, S

ξl
i )

))
.

(8)

Similarly, we can optimize the I(M ;A) by minimizing the
following loss:

LMIa = − 1

N + k

N+k∑
i=1

k−1∑
j=0

log h(Mi, A
ηj

i )

+

N∑
l=1

log
(
1− h(Mi, A

ξl
i )

))
.

(9)

The form of Eq. (8) and Eq. (9) are similar to the CCL
loss in [9]. However, our formulation is associated with MI
and derives a tighter lower bound on it by taking account
into the supervision of the label, which in our experiments
is found to be more effective.

3.2. Conditional Entropy Minimization

Maximizing the lower bound on I(M ;S) is insufficient
for narrowing the information gap between the teacher and
the student as the optimal lower bound does not mean that
MI is maximum. This subsection focuses on further trans-
ferring knowledge by minimizing the conditional entropy of
the teacher given the student H(M |S).

The posterior p(M |S) is difficult to calculate, thus we
define a new distribution q(M |S) to approximate it. Then
H(M |S) can be calculated as in [8]:

H(M |S) = −ES∼p(S)

[
EM ′∼p(M |S)[log p(M

′|S)]
]

= −ES∼p(S)[EM ′∼p(M |S) [log q(M
′|S)]

−DKL (p(M |S)||q(M |S))]
≤ −ES∼p(S)

[
EM ′∼p(M |S)[log q(M

′|S)]
]
. (10)

Thus we can minimize H(M |S) by maximizing the
negative of its upper bound. We achieve this by intro-
ducing an adversarial learning-based approach, and using
it to maximize ES∼p(S)

[
EM ′∼p(M |S)[log q(M

′|S)]
]

w.r.t.
the parameters of the student network during the gener-
ation and minimize ES∼p(S)[EM ′∼p(M |S)[log q(M

′|S)] −
log p(M |S)] w.r.t. the parameters of the discriminators. In
other words, we use the discriminator D(·) to recognize
whether features come from multimodal distribution or not
and feedback informative gradient to the student model
through minimizing:

Ladv = −ES∼p(S)

[
EM ′∼p(M |S)[logD(S)]

]
. (11)

Minimizing Eq. (11) w.r.t. the parameters of the target
modality student enables the student to imitate representa-
tions coming from the multimodal distribution. It is worth
noting that optimizing H(M |S) through Eq. (11) does not
affect the learning of the teacher since no gradient back
propagates to the teacher.

Nevertheless, for the samples of the same class, it is
more challenging to transfer the multimodal information by
adversarial learning. This is because the generated target
modality representation tends to mimic that of multimodal-
ity in the same instance with the constraint of MI, easier
but can not capture the correlation among samples with the
supervision of the label. As a result, we introduce two dis-
criminators to learn more informative target modal repre-
sentations. One discriminator called fundamental discrim-
inator (D1) is designed to distinguish the target modality
and full modality representations from the entire training
data. The other discriminator, which is called enhanced dis-
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criminator (D2), is designed to further distinguish the two
kinds of representations coming from the classes with more
than one sample in a batch since we think paying attention
to these representations can help the student further aggre-
gate representations in the same class. Thus, minimizing
Eq. (11) w.r.t. the parameters of the student becomes mini-
mizing:

Ladv=− λ1

N + k

N+k∑
i=1

logD1(S
η0
i )− λ2

d

w∑
v=1

logD2(S
η1
v ). (12)

And the parameters of discriminators are trained by mini-
mizing:

LD=− λ1

N + k

N+k∑
i=1

(logD1(Mi)+log (1−D1(S
η0
i )))

− λ2

d

w∑
v=1

(logD2(Mv)+log (1−D2(S
η1
v ))) ,

(13)

where {Mv}wv=1 is a set where every element comes from
the classes with more than one samples and {Sη1

v }wv=1 is
its corresponding set of target modal representations. d is
used for more stabilized training and we set it by the fre-
quency of the data with samples of the same classes. λ1

and λ2 are weighting parameters for D1 and D2 respec-
tively, and λ1 + λ2 = 1. To further improve the efficiency
of the transfer, we adjust λ1 and λ2 adaptively according to
the alignment between S and M for each epoch t. More
specifically, we use the averaged cosine similarity in the tu-
ples Φ(Mi, S

η0

i ) and Φ(Mv, S
ηj
v ), j ̸= 0 in Eq. (7) to pro-

vide meaningful feedback for the cooperation of discrimi-
nators. Large cosine similarity indicates that M and S are
well aligned, thus the weight of the corresponding discrim-
inator can be relatively small. Moving average [30] is also
applied to improve the training stability. The formula of λ
is given as:

λ̃(t+ 1) = βλ̃(t) + (1− β) (1−Avgt (Φ(M,S))))

λ(t+ 1) = σ(λ̃(t+ 1)),
(14)

where σ(·) is the softmax function, Avgt(·) represents the
average of cosine similarity on epoch t, and β ∈ (0, 1) is
the smoothing parameter, and we set β = 0.9 empirically.

Adversarial learning is known to often generate random
images if not constrained [31]. This also occurs when tar-
get modality representations are generated without any con-
straints. Our method implicitly overcomes this problem by
maximizing the lower bound on I(M ;S) and its advantages
come twofold: First, the maximization of the lower bound
on MI can not only transfer the multimodal information but
also place a constraint on the adversarial distillation. Sec-
ond, adversarial distillation further reduces the information
gap that still exists after maximizing the lower bound on
MI. Thus, the maximization of the lower bound on MI and
adversarial distillation are complementary to each other in
AMID to generate informative and robust representations.

3.3. Overall Loss

Assuming that after the optimization above, the tar-
get modality and full modality representations are already
aligned, then we can use two classifiers with shared param-
eters to perform the classification task for these representa-
tions respectively. The overall classification loss is:

Lcls = LS
ce(Si, yi) + LM

ce (Mi, yi), (15)

where Lce is the cross-entropy loss, yi is the ground-truth.
Classifiers with the same parameters can also help facilitate
the generation of representations from the target modality
network to imitate those of multimodality. In addition, the
target modality can be aligned with the full modality in the
predictive space. We use the Jensen–Shannon divergence
(JSD) [27] to optimize the MI between the predictive target
modality distribution (PS) and the multimodality distribu-
tion (PM ):

LJSD =
1

N + k

N+k∑
i=1

JSD(PSi ||PMi). (16)

The final loss function for distilling knowledge from
auxiliary modalities is given as:

L = Lcls +LJSD +α1LMIs +α2LMIa +α3Ladv, (17)

The whole procedure is shown in the supplementary and the
overall model structure is shown in Fig. 2.

4. Experiments
4.1. Datasets

Video understanding. We experiment on two popular
multimodal datasets for video recognition (Top-1 accuracy,
%) and kNN video retrieval (R@K, %) [5]. Cross-modal
knowledge distillation is performed from the acoustic to the
visual modality.

• UCF51, as a subset of UCF101 [40], includes 6,845
videos with audio belonging to 51 categories. The pub-
lic split1 is adopted.

• ActivityNet [20] is a large-scale video benchmark of
14,950 videos with audio, covering 200 complex hu-
man activities, where the training set has 10,024 videos
while 4,926 videos in the validation set.

Emotion classification. We conduct experiments on
IEMOCAP [6], a popular multimodal dataset for 4-class
emotion classification, which contains totaling 5531 videos
in 5 dyadic conversation sessions. Each video consists of
acoustic, textual and visual modalities, and the target model
is based on visual modality only. A 5-fold cross-validation
is adopted for the evaluation, taking one session as the test

11770



Table 1. The Top-1 accuracy (%) of video recognition on UCF51
and ActivityNet. Notice that we change all the activation functions
to Leaky ReLU to ensure a fair comparison.

UCF51 ActivityNet
Baseline 66.7 48.8
CRD [42] 67.1 50.4
GMC [36] 64.1 53.1
CRCD [51] 69.6 52.4
CCL [9] 68.9 51.9
AMID (Ours) 73.8 53.6

set for each fold. Following [50], two evaluation metrics,
weighted accuracy (WA, %) and unweighted accuracy (UA,
%), are adopted.

4.2. Experimental Setup

Because different modalities such as audio, video and
text are heterogeneous, we use individual extractors for
each modality, then the features are concatenated and
passed through a 2-layer MLP as the full modality teacher.
The teacher shares the same extractors as that of the stu-
dent and the auxiliary model for reducing the number of pa-
rameters. Video recognition and retrieval. Following [9],
we use a 1D-CNN14 [26] pre-trained on AudioSet [17] as
the audio extractor and use R(2+1)D-18 [43] as the student
video network. The two discriminators are 5-layer MLP and
3-layer MLP respectively. Besides, we change all activation
functions to Leaky ReLU for adversarial learning because
it gives better training stability compared to the ReLU. The
dimension of the representations is set to 512. The batch
size and temperature τ are set to 16 and 0.5, respectively.
α1, α2, α3 are set to 4, 1.6, 1. More details are shown in the
supplementary.

Emotion classification. We extract raw acoustic, textual
and visual embeddings by the pre-trained wav2vec 2.0 [3],
BERT [12] and DenseNet [24] respectively. RNN is
adopted as the student network with a final feature dimen-
sion of 768. The batch size and temperature τ are set to 128
and 0.6, respectively.

A warm-up stage is employed for all experiments. At
the first Tstart epochs, the student model and the teacher
model are trained by minimizing L = Lcls +LJSD to alle-
viate the converge difficulties of adversarial learning. This
helps a preliminary alignment between the teacher and stu-
dent and can also prevent discriminators from recognizing
readily at the beginning of the training. Tstart is set to 20
for the video understanding tasks and 5 for the emotion
classification task. And notice that without special men-
tion, the leveraged pre-trained auxiliary modality extractors
are fixed since the generated representations already contain
rich auxiliary information.

Table 2. R@K(K = 1, 5) of video retrieval on UCF51 and Activ-
ityNet.

UCF51 ActivityNet
Metric R1 R5 R1 R5
Baseline 64.0 71.9 41.5 63.9
CRD [42] 66.0 72.3 43.6 65.5
GMC [36] 61.8 71.0 46.1 67.7
CRCD [51] 68.2 75.2 45.7 67.0
CCL [9] 67.0 71.7 46.2 64.8
AMID (Ours) 73.6 77.1 46.4 67.2
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Figure 3. The per-class Top-1 accuracy (%) of video recognition
on UCF51 comparing AMID with CCL.

4.3. Comparison with State-of-the-arts

Video recognition. We compare AMID with two types
of SOTA cross-modal KD methods, i.e. intra-sample meth-
ods including CRD [42], GMC [36], and inter-sample meth-
ods including CCL [9], CRCD [51]. The results are sum-
marized in Tab. 1. Here ”Baseline” represents the model
directly trained with the visual modality only, representing
a lower bound for the tasks. It can be seen that AMID sig-
nificantly outperforms all the compared methods, suggest-
ing that it is more effective and consistent in learning infor-
mation from auxiliary modalities. AMID outperforms the
second-best method by 4.2% and 0.5% on the two datasets,
respectively.

To further investigate the breakdown of performance, we
compare AMID with CCL on UCF51 and give the results
of class-wise Top-1 accuracy in Fig. 3. It can be seen that
AMID achieves better performance than CCL for most of
the classes, although for a few of them it is comparable to
or slightly worse than CCL. The classes where AMID is
of inferior performance are mainly those audio events that
are not or weakly correlated with the videos, such as ‘Fris-
beeCatch’ and ‘SkyDiving’. In these classes, the auxiliary
modal information is less helpful. Thus, AMID, which is
proposed for better cross-modal knowledge distillation, is
not very effective for these classes.

Video retrieval. Tab. 2 presents the results of video re-
trieval on the UCF51 and ActivityNet datasets, which is a
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Table 3. Performance comparison under different setups on
IEMOCAP, where A-V, L-V, AL-V mean distillation from acous-
tic to visual, textual to visual, and acoustic and textual to visual.

Setup Method WA UA
V Baseline 51.2 50.8

A-V

GMC [36] 51.7 50.9
CRCD [51] 51.8 50.2

CCL [9] 51.5 51.4
AMID (Ours) 52.5 51.7

L-V

GMC [36] 50.9 50.5
CRCD [51] 50.2 49.9

CCL [9] 52.7 51.8
AMID (Ours) 53.0 52.4

AL-V

GMC [36] 51.9 50.5
CRCD [51] 52.0 49.4

CCL [9] 53.2 51.4
AMID (Ours) 53.8 52.7

more fine-grained task to evaluate the discriminability of
video representations. The results show that AMID con-
sistently outperforms almost all competing approaches in
terms of R@1 and R@5.

Emotion classification. Tab. 3 compares AMID with
three state-of-the-art methods, CCL, CRCD and GMC, for
emotion classification. We conduct experiences on IEMO-
CAP, a three-modality dataset, to further evaluate the per-
formance of AMID in different auxiliary modalities. It is
worth noting that the ”Baseline” model is trained directly
with only the visual modality. The results demonstrate that
AMID outperforms the Baseline model for all setups, where
the UA metrics increase by 0.9%, 1.6% and 1.9% respec-
tively, while the other three methods are not always effec-
tive. Besides, AMID outperforms CCL, CRCD and GMC
on almost all the setups.

4.4. Ablation Study

4.4.1 Effectiveness of MI and conditional entropy

In order to verify the effectiveness of our proposed method
for capturing as much multimodal information as possi-
ble, the impact of using different training configurations on
UCF51 is studied in Tab. 4. Here “student alone” represents
the result of a model trained with the visual modality only
and “teacher alone” represents that of the teacher model
with the full modalities. These two cases show the initial
performance of the student and the teacher without distil-
lation, respectively. When optimizing LMIs alone for the
distillation, although the student model can achieve perfor-
mance gains, from 66.7% to 69.8%, it degrades the teacher’s
performance, from 74.3% to 71.2% and thereby reducing
the upper bound of the student’s performance. Alterna-
tively, more informative multimodal representations can be
obtained by maximizing the lower bound on I(M ;A) and

Table 4. Ablation study for the proposed loss functions.

Configuration Top-1 accuracy
Student Teacher

student alone (w/o distillation) 66.7 \
teacher alone (w/o distillation) \ 74.3
LMIs 69.8 71.2
LMIs + LMIa 72.7 76.0
LMIs + LMIa + Ladv (AMID) 73.8 75.7
AMID with Lnce 72.3 74.3
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Figure 4. The accuracy gap between the teacher and student in
using LMIs + LMIa and AMID loss.

I(M ;S) simultaneously (LMIs + LMIa ), since a better
teacher can improve the distillation performance. Tab. 4
shows that this improves the accuracy of the student from
66.7% to 72.7% and also improves that of the teacher from
74.3% to 76.0%. Besides, adding Ladv (i.e., AMID) to
LMIs+LMIa does improve the performance from 72.7% to
73.8%, and the performance gap of AMID is smaller than
LMIs + LMIa , which indicates that AMID achieves bet-
ter alignment between the teacher and the student due to
the further constraint on the gap by minimizing H(M |S)
without degrading the teacher’s performance obviously (the
teacher’s performance decreases from 76.0% to 75.7%).

To further understand the effectiveness of the conditional
entropy minimization approach in reducing the information
gap between the teacher and the student, we explore the gap
of AMID and LMIs + LMIa during training. This infor-
mation gap is represented by the gap of accuracy between
the teacher and student on the validation set over the train-
ing epochs. The results are shown in Fig. 4. It can be seen
that the accuracy gap of using AMID loss is consistently
smaller than that of LMIs +LMIa , which validates the pro-
posed adversarial learning-based approach indeed helps to
narrow down the information gap.

AMID is also compared to an ablative setup using the
contrastive loss Lnce [9] to verify the effectiveness of the
proposed loss function in maximizing the lower bound on
MI. The result in Tab. 4 shows that AMID performs much
better than the baseline ”AMID with Lnce”, improving the
accuracy by 1.5%. This validates that our proposed ap-
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Table 5. Effectiveness of proposed training modifications.
Modification Top-1 accuracy
AMID 73.8
with fixed teacher 66.0
w/o warm-up 65.8
w/o D2 72.8
w/o dynamic weight 72.7
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Figure 5. (Left) The cosine similarity between the teacher’s and
student’s representations only in the same class during training.
(Right) The cosine similarity during testing.

proach, which takes into account the correlation of samples
within a class, achieves better optimization for MI.

4.4.2 Effectiveness of training modifications

To evaluate the effect of each modification applied in
AMID, we conduct a set of experiments on UCF51 and give
the results in Tab. 5. As mentioned before, using a fixed
pre-trained teacher to guide the student’s learning leads to
an undesired gap between the teacher and the student at the
beginning of training, which is unfavorable for distillation.
The result affirms this, where the performance of AMID
degrades from 73.8% to 66.0% without joint training. In
addition, it also shows that without employing the warm-
up setup described before, the recognition performance de-
grades by 8.0%. The reason may be that the target modality
and multimodality representations are noisy and uncorre-
lated at the start of the training, which results in that the
discriminators can recognize them readily and thus affect-
ing the feedback of the informative gradient of adversarial
learning.

We also study the effectiveness of the two discriminators
of our proposed AMID by comparing AMID with two abla-
tive cases: w/o D2 and w/o dynamic weight. One constraint
is removed at a time. The results of these ablation studies
are shown in Tab. 5. The accuracy decreases by 1.0% when
only the fundamental discriminator D1 is used, suggesting
that the enhanced discriminator D2 indeed helps to distill
the multimodal information of samples of the same class.
Moreover, it also demonstrates that using uniform weight
leads to a performance drop, indicating the effectiveness of
the proposed dynamic weighting scheme.

To further investigate the effectiveness of the proposed
adversarial learning-based approach in transferring the

Table 6. Top-1 accuracy (%) on UCF51 with different hyperpa-
rameters.

α1
value 3.7 3.8 3.9 4.0 4.1 4.2

accuracy 72.6 73.7 73.7 73.8 73.8 73.4

α2
value 1.3 1.4 1.5 1.6 1.7 1.8

accuracy 71.2 73.7 73.8 73.8 73.6 72.4

α3
value 0.7 0.8 0.9 1.0 1.1 1.2

accuracy 73.3 73.4 73.7 73.8 73.4 73.1

inter-sample multimodal information, we compare AMID
with two cases: w/o D2 and w/o Ladv . Fig. 5 displays
the average of cosine similarity between the teacher and
the student only in the same class, i.e. the average of all
Φ(Mv, S

ηj
v ), j ̸= 0 in Eq. (7). We can see that the cosine

similarity of AMID is consistently larger than that of the
other two cases and the cosine similarity of w/o D2 is larger
than that of w/o Ladv , meaning that the proposed approach
indeed helps the student to learn more compact representa-
tions for each class.

4.5. Hyperparameters Analysis
Sensitivity analysis studies are conducted for the hyper-

parameters, α1, α2 and α3, referenced in the loss func-
tion Eq. (17). Similar to the previous study, we experiment
on UCF51 and show the results in Tab. 6. The other two
hyperparameters are kept the same when one changes. We
test different values for α1 from 3.7 to 4.2, α2 from 1.3 to
4.8 and α3 from 0.7 to 1.2, all with an increment of 0.1. The
results show that the hyperparameters α1, α2 and α3 are not
sensitive within a certain range. In general, α1 between 3.8
to 4.1 and α2 between 1.4 to 1.7 works well, and we set
α3 = 1.0 for all other experiments.

5. Conclusion
In this paper, we propose a generic cross-modal distil-

lation method, AMID, to enhance the target modality rep-
resentations. The proposed approach simultaneously max-
imizes the lower bounds on MI between the teacher and
the student as well as between the teacher and an auxil-
iary model while minimizing the conditional entropy of the
teacher given the student. For optimizing the lower bound
on MI, we derive a new form and solve it by a contrastive
learning-based approach. For minimizing the conditional
entropy, an adversarial learning-based approach is used.
Our extensive experimental evaluation demonstrates the ef-
fectiveness of AMID on three popular datasets.
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