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Abstract

Although deep learning-based audio-visual speech recognition
(AVSR) systems recognize base closed-set categories well, ex-
tending their discerning ability to additional novel categories
with limited labeled training data is challenging since the model
easily over-fits. In this paper, we propose Prototype-based Co-
Adaptation with Transformer (PROTO-CAT), a multi-modal
generalized few-shot learning (GFSL) method for AVSR sys-
tems. In other words, PROTO-CAT learns to recognize a novel
class multi-modal object with few-shot training data, while
maintaining its ability on those base closed-set categories. The
main idea is to transform the prototypes (i.e., class centers)
by incorporating cross-modality complementary information
and calibrating cross-category semantic differences. In par-
ticular, PROTO-CAT co-adapts the embeddings from audio-
visual and category levels, so that it generalizes its predic-
tions on all categories dynamically. PROTO-CAT achieves
state-of-the-art performance on various AVSR-GFSL bench-
marks. The code is available at https://github.com/
ZhangYikaii/Proto-CAT.

Index Terms: audio-visual speech recognition, generalized
few-shot learning

1. Introduction

McGurk effect [1] demonstrated that visual inputs enormously
influence human auditory perception. For example, someone
may confuse “bar” and “far” by listening but easily differ-
entiate them given the lip movements videos. Audio-visual
speech recognition (AVSR) [2, 3, 4] takes advantage of the rich
complementary information from the visual modality for bet-
ter speech recognition. Many real-world applications include
AVSR tasks, like improving speech recognition in multi-talker
environments [5], re-dubbing archival silent film [6], serving
security systems, and assisting hard-of-hearing people with
lipreading devices [7]. Earlier studies exploit HMM with de-
signed handcrafted features [8, 9] to model the temporal depen-
dencies, whereas recently, researchers have adopted deep neural
networks and achieved impressive results [10, 11, 12].
Successfully training a deep AVSR model requires manu-
ally collecting and labeling massive amounts of data, which in-
curs immense computational costs. However, in real applica-
tions, we expect the model to efficiently recognize novel cat-
egories through a few labeled examples [13, 14, 15, 16, 17].
Take intelligent robots as an example [18], where an AVSR
model trained on many common words is embedded. Some
users may customize the robot with personal instructions like
wake-up-words, but only provide a few demonstrations. Thus,
the robot should recognize the additional novel vocabularies
while maintaining its recognition performance on those old
common words. Similar demands also exist in voiceprint recog-
nition [19], buzzwords classification [6], efc., but most deep
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Figure 1: Illustration of PROTO-CAT. The model transforms
the classification space using T based on two kinds of audio-
visual prototypes (class centers): (1) the base training cate-
gories (color with blue, green, and pink); and (2) the additional
novel test categories (color with burning). PROTO-CAT learns
and generalizes on novel test categories from limited labeled ex-
amples, maintaining performance on the base training ones. T
includes audio-visual level and category level prototype-based
co-adaptation. From left to right, more coverage and more
bright colors represent a more reliable classification space.

AVSR models fail in such scenarios since they over-fit on the
data-scarce novel categories [20, 21, 22]. Therefore, the Gener-
alized few-shot learning (GFSL) [23, 24, 25] ability is essential
for an AVSR model.

In Audio-Visual Generalized Few-Shot Learning (AV-
GFSL), we have a base class set with plenty of examples on
both visual and audio modalities. We aim to learn a “learning
strategy” on the base class set that facilitates the classifier con-
struction on a novel class set even with limited few-shot train-
ing data. Besides, the model does not sacrifice any recognition
performance of those base ones. The main challenge of AV-
GFSL is how to utilize complementary audio-visual informa-
tion dynamically and calibrate the prediction between the base
and novel class sets adaptively.

In this paper, we implement the multi-modal few-shot
learning strategy via metric-based classification and learns gen-
eralizable embeddings from the base class set. We propose
Prototype-based Co-Adaptation with Transformer (PROTO-
CAT, see Fig. 1 for illustration), which co-adaptation the pro-
totypes (i.e., class centers) at both audio-visual level and cate-
gory level. In detail, the audio-visual level transformation se-
lects from audio or visual modality to accurately describes the
data. Simultaneously, category level adaptation calibrates the
predictions between the base and novel categories to enhance
the joint classification capability cooperatively. PROTO-CAT
and its variants achieve state-of-the-art performance on various
AV-GFSL benchmarks.

2. Methods

We first describe the Audio-Visual Generalized Few-Shot
Learning (AV-GFSL) task and then discuss how PROTO-CAT
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co-adapts prototypes from the audio-visual and category level.
2.1. Audio-Visual Generalized Few-Shot Learning

The base class set B contains examples {(ar:;“7 mf), Yi } where
A and V denotes audio and visual modality. y; is the one-hot
label in B. As mentioned in § 1, AV-GFSL model learns the
way to construct an effective classifier given few-shot training
data of B and generalizes its ability to non-overlapping novel
class set /. During the test, the AV-GFSL model is provided
with N-way K -shot support set with novel classes (K is small,
like 1 or 5), i.e.,

Shovel = U {(fﬂf\,w}}),yi}

Y EN

K

()]
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There are N classes and K examples per class in Syovel. Then
the model is required to discern an M -shot query set with ex-
amples from both base and novel classes, i.e.,

U

Yj €EBUN

M

Quovel = {@ @) v} ©)
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AV-GFSL aims to learn a classifier f ((:c;-“, xY); Snovel) 10 pre-
dict (ac;-‘\, :c}j) (of either base or novel classes) given the novel
class support set Snover. f Would achieve high classification ac-
curacy on Qnovel-

2.2. Prototypical Network and its AV-GFSL Extension

Benefited from meta-learning [26, 13], we simulate the novel
class audio-visual few-shot task with examples in the base
classes. In detail, we randomly sample the “fake” N-way K-
shot support set Shase = U, ¢ {(z,2)), yi}f:l, where B’
is a size IV subset of the base class set 3. Compared to the tra-
ditional approach of training a whole classifier for the base and
novel class set, we find a “learning strategy” to construct the
classifier f for each base class few-shot support set and expect
it to generalize to the novel class few-shot tasks. Prototypical
Network (ProtoNet) [14] is one of the representative Few-Shot
Learning (FSL) [26, 13, 27, 28, 29, 30] methods, which imple-
ments the “learning strategy” as a metric-based classifier over a
single modality." Given Shuse, ProtoNet computes the prototype

/ .
(i.e., class center) set Ps,.. € R'®'* for all classes in B':

1
Ps,c =

S p@)Iyi=d. O

(4,Y3) € Shase

¢(-) : RP — R?is the embedding function, ie., fea-
ture extractor, and I[y; = | selects examples of class c.
After sampling another M-shot query set, i.e., Opue =

ij B {(mf, :c;}), Y; }],]Vil, corresponding to Spase, ProtoNet
predicts a query example g; with a distance d (-, - ):

exp (—=d (¢(g)), Psye.c))
cen’ €XP (—d (¢(QJ)7 Pshuserc))
C))

so the closer an example to a particular prototype, the larger the
probability it belongs to that class. By minimizing the query
set classification accuracy over plenty of sampled “fake” tasks,
ProtoNet learns discriminative embedding and could be used
for a novel class few-shot task Snover at test time — computing
Pr (9: | @s; Ps,,.) based on the novel class prototypes Ps

Pr(gj:6|qj;Psbase): Z

novel *

'We use @; to denote a certain modality without loss of generality.
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ProtoNet could be extended to GFSL easily, and we denoted
its GFSL version as ProtoNet-GFSL. We compute the proto-
type set @ € R!B1X4 of all base classes. So when we concate-
nate © with Ps, ., we obtain a generalized classifier for both
base and novel classes. The prediction in Eq. 4 is reformulated
as Pr(9; | gi;® U Ps,, ). We can apply ProtoNet-GFSL to
each audio and visual modality to handle AV-GFSL tasks. ® in
ProtoNet-GFSL, however, is fixed for all tasks and imbalanced
among classes, which severely limits its ability [23, 24].

2.3. Prototype-based Co-Adaptation with Transformer

Our motivations are: (1) We make the ® in Proto-GFSL, as
well as the joint GFSL classifier adaptive conditioned on a given
few-shot task; (2) We explore complementary information with
intra-modal and cross-modal transformations.

The GFSL learning paradigm of PROTO-CAT. As we men-
tioned before, we can construct a joint classifier for both base
and novel classes with their corresponding prototypes. When
training PROTO-CAT, we sample an [N-way “fake” few-shot
task with support set Spase, Whose classes are in B’. Given Spyse,
we construct the prototype set Ps,, . of the “fake” novel classes.
For the remaining |B| — N classes, we mask the N classes 1’
in ® and treat the remaining part of ® as the prototypes for
“fake” base classes. In summary, we have a joint metric-based
classifier A for both “fake” base and novel classes:

A= <®\ U {®c}> U Ps,, -

ceB’

(&)

The prototype A could be computed for both audio and visual
modality, and we construct a cross-modal classifier later based
on them. To evaluate the GFSL classifier, we sample another
M-shot query set Qpase- It contains examples from both the
|B| — N “fake” base classes and IV “fake” novel classes. We re-
peat the sampling of Spase and Opase, i.€., a constructed episode,
to create one training epoch.
Co-Adaptation on two levels. In PROTO-CAT, we adapt the
prototypes from the audio-visual level and category level >

At the category level, PROTO-CAT adapts the joint metric-
based classifier for both base and novel classes with co-
adaptation on A. Based on Transformer [31], PROTO-CAT in-
troduces a modified Multi-Head Attention module to calibrate
the two sets of prototypes. Concretely, we treat A as query, key,
and value in Transformer to calibrate the prototypes. For one
modality, audio or visual, the intra-modal transformation Tinea
is defined as:

Timra (A) =A + o (Q,K,VzA)
AW® - (AWF) "

= A + softmax
( Vd

) AW ©

In Eq. 6, we apply linear projections on the query, key, and
values using W%, W¥, and W', respectively. The similarity
between prototypes is measured by inner product in the trans-
formed space, which results in larger weights of the attention
head .. Here d is the size of every attention head.

To make better use of complementary modality informa-
tion, PROTO-CAT also constructs the audio-visual level adapta-
tion with cross-modal transformation T'ogs. It adapts the audio

2We omit the modality notation when introducing a particular
modality, and use the superscript to emphasize the interaction between
modalities later.



(a) Cross-Att. of PROTO-CAT

(b) Cross-Att. of PROTO-CAT+

Figure 2: Overall Architecture of Cross-Modal Attention.
Here A and V represent the audio and visual modality, re-
spectively. PROTO-CAT (left) construct Multi-Head Atten-
tion with h heads with Linear (L.), Scaled Dot-Product Atten-
tion (A.), and Concat (C.) modules. PROTO-CAT™ (right) is
Transformer-based with N stacked Category Insertion Encod-
ing (E.), Multi-Head Attention (Att.), and Feed Forward (F.)
followed by Normalization layers.

embeddings to the same semantics visual ones towards learn-
ing modality relevance. As shown in Fig. 2(a), Tcross includes
cross-modal key-query-value pairs:

Teross (AA, AV) —Ata (Q:AA,K,VzAV) o

We also consider an improved model PROTO-CAT™ us-

ing Transformer-based Modal Translator [32] (as illustrated in
Fig. 2(b)). PROTO-CAT™ translates the audio embeddings to
visual ones with encoder-decoder architecture, i.e., the audio
and visual part is inputted as the source and target sequence, re-
spectively. It highlights the ability to capture deep cross-modal
information in complex environments.
Training objective for PROTO-CAT. We have three types of
transformed prototypes: the cross-modal one and the other two
transformed by intra-modal attention. We denote them as a set
H = {Timra (AA) 7Tintra (AV) 7Tcross (AA, AV) } Our mod-
els classify query example g; to class c by fusing nearest neigh-
bor probabilities based on Eq. 4:

N 1 N
Pr(gi=cla;p) =3 > Pr(gi=clqim) . B)

HEER

Alg. 1 shows the overall training process for each episode. Clas-
sifier f(-;©, Spase) is summarized from the above process.
We optimize it by minimizing the average error over the pre-
diction on Opase:

f* = argmin Z é(f ((w;A, x?); @,Sbase> ,yi>
T {@fe?) it

C)]
where £ ( -, - ) is the loss function. f is the classifier of PROTO-
CAT with the parameters © and given support set Spase. At test
time, the optimized classifier f* (- ; @, Snovel) Will calculate A
as @U Pyovel (The latter comes from Spovel), and perform a series
of transformations as Eq. 6, 7. Finally, it predicts on the novel

class query set Qnover W.I.t. Eq. 8.

3. Experiments
3.1. Experimental Setups

Datasets. We study on two public large-scale audio-visual
datasets: Lip Reading in the Wild (LRW) [34] and CAS-VSR-
W1k (LRW-1000) [35]. LRW and LRW-1000 contain human
speaking videos for word-level AVSR in English and Mandarin,
respectively. LRW contains 500 different word classes from
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Algorithm 1 Model Training for PROTO-CAT

Require: Training data on the base class set B.
1: for each episode of epoch do
Sample task (Spase, Obasc) as mentioned in § 2.2.
3 Compute adaptive task-specific P of Spase as Eq. 3
4 A < Insert P into neural task-shared ® as Eq. 5
5: Co-Adaptation with Transformer as Eq. 6, 7
6: M — {Timra (AA) 7Timra (AV) ,Tcross (AA7 AV)}
7:
8
9

for all query examples q; € Opase do
Classify i es With Pr (g; | qi; i) as Eq. 8
: Compute £ (Y est, Yi ) wWith Eq. 9
10: end for
11: Compute Vo, 1,0 3 4. co,... Z(f (q:; O, Sbase) ,y¢>
12: Update ¢, T, ® with Vg 1.0
13: end for

over 1,000 speakers. LRW-1000 contains 1,000 word classes
from more than 2, 000 speakers. These datasets cover the varia-
tions in scale, resolution, and background clutter to incorporate
challenges in a real-world applications.

GFSL Simulation. Neither LRW nor LRW-1000 are naturally
generalized few-shot datasets. As mentioned in § 2.1, we ran-
domly split the whole class set as base (for training), novel (for
validation), and novel (for testing) with the number of 64, 16
and 20. We keep novel classes out of the training and sample
5-way 1-shot tasks to simulate the GFSL scenario as shown in
Eq. 1, 2. Half of the query sets are from the base classes, and
half are from the novel ones during testing.

Implementation Details. For data preprocessing, each video
sequence is cropped as a fixed 96 x 96 pixels wide ROI so that
the mouth region is roughly centered (LRW-1000 has been pre-
cropped). Each audio clip is downsampled to 16 kHz and nor-
malized. All data is firstly forwarded into the feature extraction
backbone. The frontend is a modified ResNet-18: for the vi-
sual part, its first layer is replaced by a 3D convolutional layer
with kernel size 5 x 7 x 7, and the audio one is a 1D con-
volutional layer. The backend is the LSTM-based [36], GRU-
based [37, 38], or Multi-Scale Temporal Convolutional Net-
work (MS-TCN)-based [39].

3.2. Results

Comparison with other benchmarks. As shown in Table 1,
we present the comparison between (1) traditional audio-visual
embeddings based on LSTM, GRU, and MS-TCN backbones;
(2) GFSL extension of gradient-based meta learning models,
e.g., MAML [13] and BootstrappedMAML [30]; (3) GFSL
extension of metric-based FSL models, e.g., ProtoNet [14],
MatchingNet [26], MetaOptNet [27], DeepEMD [28], and
FEAT [29]; (4) standard generalized few-shot approaches such
as DFSL [23] and CASTLE [24]. For audio-visual recognition
results in Table 1, rows 1-3 verifies that embeddings trained
with the traditional way tend to fail in predictions on novel
classes. Rows 4-5 show that MAML-based linear classifier,
as the partially updated global prototypes, slightly improve the
novel classes’ performance, but at the same time severely loses
the base ones. Rows 6 — 10 indicate that the base prototypes
computed directly from the entire training set interfere with
the classification of novel classes, even though they use well-
designed local metric-based classifiers within one task. Rows
11 — 12 mean DFSL and CASTLE alleviate this problem with
learning shared weights on base classes. Our methods PROTO-
CAT and PROTO-CAT™ significantly outperform the above



Table 1: AV-GFSL classification performance (in %; measured over 10,000 rounds; higher is better) of 5-way 1-shot training tasks
on LRW and LRW-1000 datasets. The best result of each scenario is in bold font. The performance measure on both base and novel
classes (Base, Novel) is mean accuracy. Harmonic mean (H-mean) of the above two is a better GFSL performance measure [33, 24].

Dataset LRW [34] LRW-1000 [35]
Data Source Audio(.A) | Visual(V) Audio-Visual (A&V) Audio-Visual (A&V)
Perf. Measures on H-Mean H-Mean Base Novel H-Mean Base Novel H-Mean
LSTM-based [36] 32.20 8.00 97.09 23.76 37.22 71.34 0.03 0.07
GRU-based [37, 38] 37.01 10.58 97.44 27.35 41.71 71.34 0.05 0.09
MS-TCN-based [39] 62.29 19.06 80.96 51.28 61.76 71.55 0.33 0.63
MAML [13] 35.49 10.25 40.09 66.70 49.20 29.40 23.21 25.83
BootstrappedMAML [30] 33.75 6.52 35.29 64.20 45.17 28.15 27.98 28.09
ProtoNet [14] 39.95 14.40 96.33 39.23 54.79 69.33 0.76 1.47
MatchingNet [26] 36.76 12.09 94.54 36.57 52.31 68.42 0.95 1.89
MetaOptNet [27] 43.81 19.59 88.20 47.06 60.73 69.01 1.79 3.44
DeepEMD [28] - 27.02 82.53 16.43 27.02 64.54 0.80 1.56
FEAT [29] 49.90 25.75 96.26 54.52 68.83 71.69 2.62 4.89
DFSL [23] 72.13 42.56 66.10 84.62 73.81 31.68 68.72 42.56
CASTLE [24] 75.48 34.68 73.50 90.20 80.74 11.13 54.07 17.84
PROTO-CAT (Ours) 84.18 74.55 93.37 91.20 92.13 49.70 38.27 42.25
PROTO-CAT™ (Ours) : - 93.18 90.16 91.49 54.55 38.16 43.88

Table 2: Ablation studies on 1) audio-visual level intra-modal — 1

Tinra and cross-modal T .,o5s transformation, and 2) category ) ) ’

level transformation operating on different class set parts. On °\£ o S o

the basis of “Identity Transform”, “+ Tinye” means only imple- 2 g

ment intra-modal transformation, “+ T on Base” means only g “ § 40

operate on base class set, and so on. We measure the perfor- 2 20

mance over 10,000 rounds on LRW dataset as in Table 1. - S e —T

Data Source Audio-Visual (A&V)

Perf. Measures on Base  Novel H-Mean
Audio-Visual Level
Identity Transform  92.60 44.51 59.53
+ Tintra 91.79 89.55 90.42
+ Tintras Teross 93.37 9120  92.13
Category Level
Identity Transform  92.60 44.51 59.53
+ T on Novel 67.55 83.41 74.36
+ T on Base 86.58 72.68 78.85
+ T on Both 93.37 91.20 92.13

in terms of the combined harmonic mean of base and novel
class sets’ accuracy. They achieve AV-GFSL classification per-
formance of up to 92.13% on LRW and 43.88% on LRW-
1000. For the cross-modal complementary strengths (audio-
video level co-adaptation influence), previous GFSL methods
like DFSL (rows 11), with H-mean from 72.13% to 73.81%
(1.68% 1), shows the weak growth of joint modality strategy.
Our approaches, shown in rows 13 — 14, improve single-modal
performance from 84.18% to 92.13% (7.95% 1) and achieve
more than 90% accuracy on base and novel mixed classes.

Ablation Study. We further perform the ablation analysis of the
audio-visual and category level prototype-based co-adaptation
in Table 2 and Fig. 3(a), 3(b). (1) For audio-visual level adap-
tation with cross-modal transformation component Teross, We
use only Tinra, i.e., “+Tinwa” in the upper part of Table 2,
whose harmonic mean accuracy drops by 1.71% compared
to “4Tintra, LTeross - Compared to direct calculation (“Identity
Transform”), Tinra and T significantly improve the perfor-
mance on the novel class set. (2) We then study the novel-
only, base-only, and whole-class set transformation. Fig. 3(a)
and Fig. 3(b) show that the transformation T operates on dif-
ferent parts of the class set, novel or base. Our model adapts
to this part continuously and maintains the performance of the
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Epoch Epoch

(a) T only operates on Novel (b) T only operates on Base

Figure 3: Ablation studies of the performance on LRW shows
transformation T makes the currently operated class set work.

other part. The lower part of Table 2 shows the novel-only and
base-only results from a quantitative perspective, just as “T on
Novel” performs better on the novel class set part (83.41% is
10.73% more than 72.68%), while “T on Base” does the oppo-
site. Our approach with “T on Both” considers adaptation on
the entire class set to balance at the category level and achieve
optimal performance.

4. Conclusions

In this paper, we observe that Audio-Visual Generalized Few-
Shot Learning (AV-GFSL) provides a more real-world appli-
cation solution. It requires learning and generalizing on novel
test categories while maintaining the discriminative ability on
base closed-set categories. We propose to do multi-modal
co-adaptation based on the classification prototypes (PROTO-
CAT). PROTO-CAT captures the cross-modality complemen-
tary information and incorporates it into the cross-category co-
adaptation. The results and ablation study highlight PROTO-
CAT co-adapts to audio-visual prototypes with strong base-
novel classification performance. Our future directions include
improving the robustness of the model and developing toward
more realistic applications.
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