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Background

« Large-scale datasets often contain a variety of multi-
view data

» These data have different patterns, sources, and modalities

» But they share highly similar high-level semantic

information
The Platonic Representation Hypothesis
Neural networks, trained with different objectives
on different data and modalities, are converging to a
shared statistical model of reality in their representa-
tion spaces.

. . . . z
Multi-view learning:

Multi-view learning aims to
learn the common feature
spaces or shared patterns by
combining multiple distinct
features or data sources
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The killer whale or orca
(Orcinus orca) is a
toothed whale
belonging to the
oceanic dolphin family,
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(a) A object is described by text,
video, audio

Color
(d) An image is depicted by
heterogonous features

Yan X, Hu S, Mao Y, et al. Deep multi-view learning methods: A review[J]. Neurocomputing, 2021, 448: 106-129.
Huh M, Cheung B, Wang T, et al. The platonic representation hypothesis[J]. arXiv preprint arXiv:2405.07987, 2024.
Oncevay A, Haddow B, Birch A. Bridging linguistic typology and multilingual machine translation with multi-view language representations[J]. arXiv preprint arXiv:2004.14923, 2020.

El 8 de agosto, hm_-zf de llg  sagobgmb.  3g3060b
Beijing, se anuncié la @moan, 2018-19
temporada 2018-19 en |} bybebo @acmoly
las primeras horas de la || bssogd8o ps8mpbsoms,
mafana. El juego de || xg08b

jinetes de los Lakers de || 8bg@sfo 22
James se llevarda cabo | | 3%08Gogds.

el 22 de noviembre.

(b) A news is reported by different
languages
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(e) A social image along with
user tags

Figure 1: Examples of multi-view data
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* In speech processing tasks, there is also multi-view data

» Multiple Resolutions

High-resolution: low-resolution:
better envelope information in more detailed information in
the time domain the frequency domain

(a) 20ms (b) 40ms (c) 100ms

Figure 2: Speech re-synthesis using features from HuBERT base models at different resolutions. The high-resolution features capture
better envelope information in the time domain (shown in the blue box), while the low-resolution features provide more detailed
information in the frequency domain (shown in the green box). See Sec. 3.4 for experimental details and discussion.

Shi J, Tang Y, Inaguma H, et al. Exploration on HUBERT with multiple resolutions[J]. arXiv preprint arXiv:2306.01084, 2023.
Hsu W N, Bolte B, Tsai Y H H, et al. Hubert: Self-supervised speech representation learning by masked prediction of hidden units[J]. IEEE/ACM transactions on audio, speech, and language
processing, 2021, 29: 3451-3460.
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* In speech processing tasks, there is also multi-view data
>

» Spectral features (Fbank) and Self-supervised learning features (Unit)

334 226 666 277 746 991 162 535 271 930
327 905 104 108 778 759 547 241 798 432 ...

S-features

spectral

Hsu W N, Bolte B, Tsai Y H H, et al. Hubert: Self-supervised speech representation learning by masked prediction of hidden units[J]. IEEE/ACM transactions on audio, speech, and language
processing, 2021, 29: 3451-3460.
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« Self-supervised learning features (S-features): ! |
> refer to discrete speech units derived from raw audio or spectral Acoustic Unit Discovery System
features (e.g., MFCC, FBanks) using a BERT-based model with (e.g., K-means on MFCC) !
clustering techniques.. ! ! ! ! , : :
» provide multi-view representations for speech processing tasks and J - - - - d |
exhibit a strong capability for integrating contextual information. Z Z, s = = s !

4 b 4 !

HUBERT i

, Transformer i
Question 1: ; ] . ¥ 1 ¥ |
Do multi-view feat ide distinct advant i h -
ulti-view features provide distinct advantages in speec X, [MSK]  [MSK] [MSKi X, X, |
processing tasks? L ] 3 ;

] CNN Encoder :
Question 2: 4 /o

If so, are these advantages complementary? " ‘ E
-

Hsu W N, Bolte B, Tsai Y H H, et al. Hubert: Self-supervised speech representation learning by masked prediction of hidden units[J]. IEEE/ACM transactions on audio, speech, and language
processing, 2021, 29: 3451-3460.
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* Phenomenon 1:
> There exists complementary information between the two features: Fbank features yield better performance but
exhibit slower convergence, while S-features converge more quickly but provide lower performance
* Phenomenon 2:
> Interference between the two features means that direct fusion does not fully leverage the advantages of each feature

TABLE 1
MAIN RESULT OF OUR METIHOD.
. — _— 26
En-De En-Fr En-Es
Hubert Moded Test Epoch ‘ Test Epoch ‘ Test Epoch v e
M AN /"‘“-—~—-\
30 e S2T(FBanks-only) | 25.08 40 36.22 35 30.04 37 22 I~
S2T(S-feature-only) | 23.33 27 33.00 25 26.52 23 © //
= 18 £
> /
En-De En-Fr En-Es
Wavim Model ‘ valid  Test Epoch ‘ Valid  Test Epoch ‘ Valid  Test Epoch //
S2T(FBanks-only) 2543 25.08 40 3077 36.22 35 33.27  30.04 37
9.4w hours S2T(S-feature-only) | 2523 2546 25 307 36.06 21 3322 29.85 25 5.5k 8k 10.5k 13k
$2T-Concat | 2353 2372 29 | 2942 34.1 28 | 3322 303 23 Training Step

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[J]. arXiv preprint arXiv:2501.08057, 2025.
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« Traditional multi-view learning requires a large number of additional parameters

View | reconstruction View 2 reconstruction

00-00 (OO;OO)

Is there a simple and effective method
to leverage both features while

:O Q-0 O: :OO OOi minimizing interference between them?
(00 -00 ©O0-00

View 2

Figure 5: The framework of bimodal auto-encoder (BAE) (adapted from [57]).

View 1 reconstruction View 2 reconstruction View 1 reconstruction  View 2 reconstruction View 1 reconstruction Vijew 2 reconstruction

@0-00 ©0-00 ©0-00©00-00 @0 -00©@0-00

(00 -0®

View 1

(a) Correspondence auto-encoder (b) Full-modal version of the correspondence auto-encoder

Figure 6: The framework of correspondence auto-encoder (Corr-AE) and its full-modal version (adapted from [35] ).

Yan X, Hu S, Mao Y, et al. Deep multi-view learning methods: A review[J]. Neurocomputing, 2021, 448: 106-129.
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» The Gradient-sensitive Gating Network (GSGN) :
» implements conditional computation for the gradient of parameters

» dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches
to achieve optimal fusion.

* Architecture:
» consists of an acoustic encoder with 12 layers, a textual encoder and decoder with 6 layers each, and a fusion layer.

Textual encoder —_— Textual decoder

1

Acoustic layer,
N

A
Acoustic layery
+
Fusion layer

T

Fig. 2. ST model architecture.

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[]]. arXiv preprint arXiv:2501.08057, 2025.
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» The Gradient-sensitive Gating Network (GSGN) :
» implements conditional computation for the gradient of parameters

» dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches
to achieve optimal fusion.

* Architecture:
» consists of an acoustic encoder with 12 layers, a textual encoder and decoder with 6 layers each, and a fusion layer.

e (. > (Fusion layer) outputs a weighted sum of the two input features

Acoustic layer, Xfusion = Sfbank © Xfbank + Sunit © Xunit
A
ot Softmax
Acoustic layery T
+
Fusion layer G G bias
T — 1

Xfbank Xunit

Fig. 2. ST model architecture.

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[]]. arXiv preprint arXiv:2501.08057, 2025.
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» The Gradient-sensitive Gating Network (GSGN) :
» implements conditional computation for the gradient of parameters

» dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches
to achieve optimal fusion.

* Architecture:
» consists of an acoustic encoder with 12 layers, a textual encoder and decoder with 6 layers each, and a fusion layer.

e (. > (Fusion layer) outputs a weighted sum of the two input features

T
Acoustic layerp Cf?é Xfusion = Sfbank © Xfbank + Sunit © Xunit

4~

: » (Gating vector g 1) serves as the weight for each input, computed
Acomsti layers Softiax based on a linear mapping applied to each input

A
+
Fusion 1 G G bias
Slor,; v =5 0 — gL = Sigmoid(Linear[l,] (Xfbank ) + Linear[Q,} (Xunit) + biasy)

Xfbank Xunit

Fig. 2. ST model architecture.

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[]]. arXiv preprint arXiv:2501.08057, 2025.
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» The Gradient-sensitive Gating Network (GSGN) :
» implements conditional computation for the gradient of parameters

» dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches
to achieve optimal fusion.

e Derive: h;t1 = F(h;)+ h; ~w;h; +b;+ h;
.. . sidual shortcut residual shortcut
» GSGN for Conflicting Gradient e
V£l_"]?i'unkws D VE% feature n
B & - : w=-1es ire 8£ aﬁ
3 \/ N = (gfbank O Xfbank 1+ Sunit © Xunit)T X Z (WI + 1)
o Dwi 5 2 Thow
W, L. W, Input-dependent ;7-—0 7 -~ L,
J, ConﬂICt’lng J, Input-independent
\ \f \/ \V + oL TN (Wl o) P8 T an (W' +1)-25
W; W o = (Zibank © Xbank ) X Z (Wj +1) oh + (Zunit © Xunit) X J Ohou
¥ 3 ’ =0, out =0,5#
Instability
. 3[, 8£fb:1nk aﬁunil
(b) Angle of gradient v, Bk O 5 o Bunic 0

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[]]. arXiv preprint arXiv:2501.08057, 2025.
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» The Gradient-sensitive Gating Network (GSGN) :
» implements conditional computation for the gradient of parameters

» dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches
to achieve optimal fusion.

e Derive: Conflicting Projection Non-Conflicting
>GSGN fOI‘ COI’]ﬂICtIﬂQ Gradlent & projnjgi‘\ vajnigj gi
g; / Y (e gi
VEFB'CLHI{‘*S \y VES-fvatm-@ ‘_/ <_\/ ‘%
“s:rL g “‘:’L conflicting non-conflicting
Conflicting (a) (b) (c) ()
) {
i \f vV ! ﬁ 1 G320 Additional Loss
gil|cos(®) | _ S
Wi —— Training Wi (FW) °gi else ' Lone = :
¥ - Y ' [ MSE(gbank, 1) if cos(0) >= 0, 1
. Instability | MSE (g, (1 — | Speami | @) :
O Lounit ! Sibank )| 25tk else !
Ow; I s P | -

(b) Angle of gradient

Yu T, Kumar S, Gupta A, et al. Gradient surgery for multi-task learning[J]. Advances in neural information processing systems, 2020, 33: 5824-5836.

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[]]. arXiv preprint arXiv:2501.08057, 2025.
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» The Gradient-sensitive Gating Network (GSGN) :
» implements conditional computation for the gradient of parameters

» dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches
to achieve optimal fusion.

* Derive:
» GSGN for Instability Gradient

VEFB&LHI{S a2 V£S-fcaturc.
\/
4 = s 4
wI, e wr
Conflicting

J d Softmax[ I I
X : |
VAR VAR VA

W —— Training
. : : v Xtbank when p < 5fbank
Instability

[ Xfbank XKunit ] Xfusion

Drop

v

X = § Xuynit, when (Sfbank <=p < 5fbank + 5unit
Xfusion when (Sfbank + 5uni1 <=0p

(b) Angle of gradient

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[]]. arXiv preprint arXiv:2501.08057, 2025.
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e Our method :

» leverages the complementary information between the two features by dynamically adjusting the activation parameters, while
preventing interference between them

The dimension of the linear projection in g [ is R%model * model

2
' with the parameters approximating those in an attention layer

gL = Sigmoid(Linear[l.} (Xtbank ) + Linearf) (xunit) + bias)

TABLE [
MAIN RESULT OF OUR METHOD.

Model En-De En-Fr En-Es — FBanks — S-feature — ours
H Ubert ode Test Epoch Test Epoch Test Epoch
S2T(FBanks-only) | 25.08 40 36.22 35 30.04 37 26
S2T(S-feature-only) | 23.33 27 33.00 25 26.52 23 /_/\,/\ﬂ/‘\/\/‘
S2T-GSGN 24.18 28 33.91 25 28.61 24 22 <4
Wavim S2T-GSGN+Drop | 25.26 (+0.18) 30 (x1.33) | 36.24 (+0.02) 30 (x1.17) | 3024 (+0.20) 30 (x1.23) - /
= /
TABLE II $ 18
MAIN RESULT OF OUR METHOD.
14
Model En-De En-Fr En-Es / /
Valid — Test Epoch Valid  Test Epoch Valid — Test Epoch 10
—»  S2T(FBanks-only) | 25.43  25.08 40 3077 3622 35 3327 304 37 3k 5.5k 8k 10.5k 13k
S2T(S-feature-only) | 25.23 2546 25 0.7 36.06 21 3322 2985 25 Training Step
S2T-Concat 2353 2372 29 2942 341 28 3322 303 23 R
S2T-GSGN 25.76 2549 (+0.41) 26 (x1.54) | 31.04 3627 (+0.05) 25 (x1.4) | 33.26 3036 (+0.32) 22 (x1.68)
S2T-GSGN+Drop 26.22 2621 (+1.13) 33 (x1.21) | 31.66 37.29 (+1.07) 32 (x1.09) | 3406 30.97 (+0.93) 33 (x1.12) Fig. 5. The final result of our method.

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[]]. arXiv preprint arXiv:2501.08057, 2025.
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 Conflicting and Instability :
» Pre-trained model compared to the model trained from scratch

En-De | Test Epoch
Model Tes EH_DﬂE h S2T(FBanks-only) 27.98 33
o P Instability Conflicting S2T(S-feature-only) | 25.60 25~
:;,:,E:'j_a_":‘”"’"lyl} ;53[:2 ‘2",; cos @ change significantly A large percentage of cos® < 0  S2T-GSGN 27.61 « 25 4
S21(5-feature-only) | 235 S2T-GSGN4+Drop | 28.19 (+0.21) 27 (x1.22)
S21-GSGN 24.18 28
SIT-GSGN+Drop | 25.26 (+0.18) 30 (x1.33) T
retraine oqqe

Scratch Model

In the Pre-trained model

0.8
. 0.3 |
In the model trained from scratch f'\ . q GSGN performs well, GSGN+Drop
GSCN g hb S 0-6 . g 02 VH does not show substantial
CSONaD not good entc;ug , but I S e & 04 improvement compared to a model
rop can give better results S, \Mﬁ trained from scratch

4k 8k 12k 16k

Training Step Pretrained Model: Gradient Conflict

Problem Becomes More Obvious

Scratch Model: gradient instability
problem becomes more apparent

Training Step

Fig. 3. The cos(#) between two gradients generated by each feature. We fiz ,1

Instability(left): The cos(6) becomes smaller and smaller with training Ior

cos(#) > 0, and Conflicting(right): Percent of conflicting gradients(cos(f) < Yy
0) among all gradients in an input batch.

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[]]. arXiv preprint arXiv:2501.08057, 2025.



ANALYSIS NNEE V2 HUAWEN

—— SINCE 1973

* g1 In pre-trained model and the model training from scratch

Xfl]SiO]'l — gfbank & Xﬂ)c’iﬂk + gunil o Xunil Pretrained Model:

Scratch Model:
The conflict problem is more

Since the conflict is not 0.8 pronounced in the pre-
severe in the model trained - sl trained model. Therefore,
from scratch, GSGN relies 5 B e : /AN during the early stage of
more on S-features during the < 071 < 12 s N training, GSGN utilizes more
initial stage of training 0.65 L1 Fbank features to ensure
(9 fpank is relatively small), . " optimal model
achieving faster convergence. Training St ¢ Training Stap K performance(d fyank iS

_ relatively large)

(a) Scratch Model. (b) Pretrained Model.

Fig. 4. The mean value of gy in the model training from scratch (left)
and the pre-trained model (right).

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[]]. arXiv preprint arXiv:2501.08057, 2025.
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Table 1: Main result of our method based on better S-feature from WavLLM model.

Textual encoder S Textual decoder . . .
1 Model ‘ En-De ‘ En-Fr ‘ En-Es Copy.rlght©2018 Huawei Technologies Co., Ltd.
A ' GSGN Test Epoch Test Epoch Test Epoch All Rights Reserved.
coustic layerp
o SZT(FBanks—onlyl) 25.08 40 ‘ 32_22 35 ‘ 30.04 37
S2T(S-feature- 25.46 25 36.06 21 29.85 25 . L . -
SZT(C cature-only) 7 = W = 03 5 The information in this document may contain predictive
. -Concat . . A . . . P .
} > Softmax S2T-GSGN ‘ 25.49 (+0.41) 26 (x1.54) ‘ 36.27 (+0.05) 25 (x1.4) ‘ 3036 (+0.32)  22(x1.68) statements Includlng, without limitation, statements regardlng
Amubtl: e r—A—— S2T-GSGN+Drop 2621 (+1.13)  33(x1.21) | 37.29(+1.07) 32(x1.09) | 30.97(+0.93) 33(x1.12) the future financial and operating results, future product
Fusion layer G| |ias portfolio, new technology, etc. There are a number of factors that
T T TABLE I could cause actual results and developments to differ materially
Xfbank Xunit MAIN RESULT OF OUR METHOD. from those expressed or implied in the predictive statements.
Therefore, such information is provided for reference purpose
Model ’ . E“’DCE . ‘ T E“’FrE . ‘ N E“’ESE . only and constitutes neither an offer nor an acceptance. Huawei
est poc est poc est poc may change the information at any time without notice.
GitHub S2T(FBanks-only) 25.08 40 36.22 35 30.04 37
S2T(S-feature-only) | 23.33 27 33.00 25 26.52 23 N C l I
S2T-GSGN 24.18 28 33.91 25 28.61 24 “
S2T-GSGN+Drop 25.26 (+0.18) 30 (x1.33) | 36.24 (+0.02) 30 (x1.17) | 30.24 (+0.20) 30 (x1.23) m N | l '
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