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O Modality Imbalance

B Due to modality heterogeneity, multi-modal learning (MML) is often dominated by
stronger modalities, which leads to insufficient learning of weaker ones and ultimately
suboptimal overall performance.

Multi-modal Learning
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O Modality Rebalance Method
B [earning-objective-based: MMParetoucmr221 , LEMiNeurtps241
B Optimization-based: OGM-GEicver221, IGMujcarzs)
B Architecture-based: UMTucmr2s

: Outstanding Performance!
B Data-augmentation-based: SMVicveral 5
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[0 Motivation

B Although existing methods have shown promising results, they generally overlook a key
aspect: MML can be highly sensitive to the training sequence.
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CL effectively boosts MML performance, whereas anti-CL degrades it!
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O Multi-perspective Measurer

B To construct well-structured training sequences that address modality imbalance, we first
measure the balance degree of a multimodal sample from the following perspectives:

€ Correlation Criterion € Information Criterion
;' ________________________ 1 T T T T s T s s TS EEEEEEEEEEEEEEEEE ST 1
: ()T () ! - | -
| sin(e(™ 2y = Ui ] & Crotal = (S (T y,) + Y i (x) y,).
I ‘U») ~ (V) I | I
: Hyz HQHyz H2 I I je{u,v} I

& Balance Score

The balance score of a sample z; = {z!") 2"} can be formulated as:

sim(x; - ) ?(;U)) —min(S) B gtotal(mz('U)a mfgv)ayz‘) —min(£)
maX(S) —min(S) max(L) —min(L) '

s(xi) =
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O Training Scheduler

B After evaluating the balance score of each sample, we then proceed to control the
presentation order of training data from balanced to imbalanced samples:

i(a). Multimodal learning framework. =~ 1i(b). Sequence sampling (Heuristic).
8 1 P8 Balanced—blmbalancedl
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At epoch ¢, the current batch data X, is randomly sampled from the top )\ proportion of
the training data in the entire ranked sequence X, :

Xba,tch(t) — Sampling ({ZUZ|$@ € Xrank,t < Ln . )\(t)J}) .
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O Training Scheduler

€ Leaning-based Scheduler
We update the balance score in a certain epoch E. The k + 1-th balance score can be denoted as:

' k1 ST
) = (0o if k=0, | \where k = [t/E], t denotes the ¢-th epoch.
@) = {1 Gy 4 0 )t} "TTE ¥ = L1/ denotes the t-th epoc

The sampling probability for

each data point z, can be 3 _’j" Lo
denoted as: I@,
: o8 T (@) ' ]
— I (c). Sequence sampling (Learning-based).
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I Experiments

[ Classification Results

Table 1: Comparison with SOTA multimodal learning methods. The best performances are highlighted in bold, and the second best is

underlined. Higher ACC, MAP, or F1 scores indicate better performance. Table 2: Performances on the VGGSound dataset.

Method CREMA-D Kinetics-Sounds Twitter2015 Sarcasm NVGesture

ACC (%) MAP (%) ACC (%) MAP (%) ACC (%) F1(%) ACC(%) F1(%) ACC (%) F1 (%) Method ACC (%) MAP (%)
Audio/Text/RGB  63.17 68.61 54.12 56.69 73.67 6849 8136 80.65 7822 78.33 OGM 48.29 49.78
Video/Image/OF ~ 45.83  58.79 5562 5837 5863 4333 7181 7073 78.63  78.65 AGM 47.11 51.98
Depth - - - - - - - - 81.54 81.83 ReconBoost 50.97 53.87
Concat 6331 6831 6455 7131  70.11 63.86 8286 8243 8133 8147 Mhl/\f\f areto 5(1)-2? 54-73
Affine 6626  71.93 6424 6931  72.03 59.92 8247 8188 8278 8281 S 50.3 53.6
Channel 66.13 7175  63.51 68.66 ; ] - - 81.54  81.57 MLA 51.65 54.73
ML-LSTM 6294 6473 6384  69.02  70.68 6564 8205 7073 8320 8330 BSS-H 5161 5568
Sum 6344  69.08 6497 7103 7312 66.61 8294 8247 8299  83.05 BSS-L 52.80 56.61
Weight 6653 7326 6533 7133 7242  65.16 8265 82.19 8342  83.57
ETMC 65.86 7134  65.67  71.19 7396 6739 83.69 8323 8361 83.69
MSES 6156  68.83  64.71 7063  71.84 66.55 84.18 83.60 81.12 8147
OGR-GB 64.65 8454  67.10 7139 7435 68.69 8335 8271 8299  83.05
DOMEN 6734 8572 6625 7244 7445 6857 8356 82.62 - -
OGM 6694 7173 6606 7144 7492 6874 8323  82.66 - -
MSLR 6546 7138 6591 7196 7252 6439 8423 8369 8286 8292 (\,,
AGM 67.07 7358  66.02 7252 7483 69.11 84.02 8344 8278  82.82 .
PMR 66.59 7030 6656 7193 7425 68.60 83.60 82.49 ; _ x Our method achieves SOTA
ReconBoost 74.84 8124 7085 7424 7442 6834 8437 83.17 8413 8632 .
MM Pareto 7487 8535 7000 7850 7358 67.29 8348 8248 8382 8424 Performance dCross various
SMV 7872 8417  69.00 7426 7428 68.17 84.18 8368 8352 8341 datasets.
MLA 79 43 85.72  70.04 7413 7352 67.13 8426 8348 8340 83.72
AMSS 7030  76.14 7225 7913 7512  69.23 8435 8377 84.64 84.94
BSS-H 80.78  87.86  72.67 786l 7473 68.67 8441 8386 8506 85.15
BSS-L 8280 8861 7395 7943 7522 6951 85.01 84.62 8672 87.04
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I Experiments

O Further Analysis
B Both

o8]
Q1

"PreSim” and “Loss”, can boost 85

—4—Multimodal —®-Multimodal
. o . ~ 801 —A—Audi -~ 80 1 —A—Audi
classification performance. S “e-Video 2% ~e-Video
=701 741 ----Vanilla MML 575 7041 ----Vanilla MML
. .. 2701 E70 1
=] =]
B BSS is not sensitive to hyperparameters. S|y oo o 8 le| o o .
601 60 1

B BSS is robust to the large pre-trained model. 01 (ag).:iiypoe:ipar%getgfa. 1o 01 (b) Hyperparameter B, 10
75- 86-
mm CLIP mm CLIP
_mmm CLIP + MLA 84- mmm CLIP + MLA
Table 3: Ablation study on the Kinetics-Sounds dataset under the c\f - CLIP+ Co £ 82 = CLIP O
learning-based setting. 65 '80-
€ 60- g 78
Criterion ACC (%) /| MAP (%) < < 76-
PreSim Loss Audio Video Multi 2
X X 49.37/51.07 54.03/57.48 70.44/76.62 ““age( e pultimodal - dmage | Ted  Multimodal
) ) ’ ) ) ) c). Twitter2015. . Sarcasm.
X v o 52.11/54.40 54.23/5791 72.44/79.41
V4 X 52.38/54.32 54.93/58.52 73.25/78.98 Figure 3: (a). and (b). Sensitivity to hyperparameters o and 8 on
4 4 52.73/54.43 54.74/58.46 73.95/79.43 the CREMA-D dataset. (c). and (d). Robust performance achieved

by using the CLIP pre-trained model as encoders.
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O Case Study

Food event weekend
include Taste of Toronto,
Summerlicious amp free
tacos!

Congratulations to South
Greene freshman Taylor
Lamb for earning state
honors from the TSWA..
Label: Positive Label: Positive Label: Negative
Balance Score: 0.8614 Balance Score: 0.7850 Balance Score: 0.6502
Balanced Sample Balanced Sample Semi-balanced Sample

Allegiant flights cancelled, i
delayed in Orlando.

= = o o o =  —————————— — — — — ————— ——————— — — — — ——————J " T " = "

Lots of fun judging Santa At Costa Coffee in Helena Bonham Carter
Parade entries, and riding Edinburgh. Great coffee, and Time Burton have
in parade afterward. great view, no WiFi. split after 13 years.

Thanks KCBIA kamloops.

Label: Positive Label: Neutral Label: Negative
Balance Score: 0.5267 Balance Score: 0.1623 Balance Score: 0.1278

Semi-balanced Sample Imbalanced Sample Imbalanced Sample

e o o e

| Once the 2020 Olympics
& | are over , Tokyo faces a
! bleak future.

| Once the 2020 Olympics

| are over , Tokyo faces a
! bleak future.

Label: Negative Label: Negative Label: Negative

® Balance Score: 0.5302 # Balance Score: 0.5873 # Balance Score: 0.6165

1st Evaluation 2nd Evaluation 3rd Evaluation

(b). Dynamic variation of sample scores

Figure C1: Qualitative results of sample evaluation. (a). Some representative samples selected from different segments on the
Twitter2015 dataset, designated as balanced, semi-balanced, and imbalanced. (b). Dynamic variation of sample scores with the
learning-based scheduler.
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O Contributions
B We highlight the critical role of training sequences in addressing modality imbalance,
and show that well-structured sequences can significantly improve MML performance.
B We define a multi-perspective measurer to quantify the balance degree of each sample.
Based on the resulting balance scores, we then propose both a heuristic and a learning-

based sampling method to adjust the training sequences.

O Future Work

B Expect to extend BSS to other downstream tasks, such as cross-modal retrieval.
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Thank you for your listening]!

;‘R KMG Group % WeChat
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