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Noise-resistant Learning: £2 StZA0A LAMl5t= =

Confidence Estimation: &3 H|0|H{2| HE 24T FES 2ot M2 7[Ht =2 DT KOt
Pseudo Labeling: 12| st52 IS St& O|O|E{Al

Reconstruction: 22| 7[dF &4
Training Strategy: HE| A3 &HE IPH0|A HH6H=

b = |
Text—centric Fusion: EIAE ZSAIO| HE|RE goF DEZ

+ 70 2 Mk
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W KEY PAPER #1

TCMR: Semantic—aware Text Completeness for Missing Semantic Reconstruction in Incomplete Multimodal Sentiment Analysis

Han-Jun Choi, Byunggill Joe, Saim Shin, Jin Yea Jang

[Under-review]
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[(‘D Input Processing ]
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[@ Importance-aware Proxy Feature Generation] [ Multimodal Fusion ]
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Missin Librosa [[OpenFace|

BERT Data Missing

Text Audio
ncoder) (Encoder){ Encoder

I:l Text

(1) Completeness Estimation
[cls]

Tex! comp

Eucudel

(2) Pseudo-Label Generation
¢+ Complete text (I7): I love this movie
i Incomplete text (I;): I [UNK] this movie
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[@ Text Semantic Reconstruction ] [Aux. modality recoustruction]

t
Lrec
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It BERT Hncoden @
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Lrec

> H;

J0)INNSU0IY

I:I Audio I:l Vision Train/Inference = > Pretrain — Label generation

Method MOSI

Acc-7 Acc-5 NonO Acc/F1 Has0O Acc/F1 MAE Corr
MISA 29.03 31.61 68.77/68.67 67.94/67.72 1.1637 47.57
Self-MM 30.38 33.69 68.83/68.63 68.65/69.34 1.1843 47.25
MMIM 30.67 34.31 70.19/69.87 69.59/69.15 1.1649 49.01
CENet 29.49 3290 69.88/69.94 69.43/69.39 1.1801 48.24
TETFN 29.86 32.56 70.62/70.67 69.85/69.79 1.1327 49.16
TFR-Net 28.22 30.31 70.88/70.73 70.18/69.93 1.1454 50.05
ALMT 29.57 32.05 71.51/71.48 70.52/70.39 1.1671 47.57
LNLN 31.36 34.43 70.00/69.99 69.51/69.41 1.1450 48.08
P-RMF 28.91 31.24 69.91/69.57 69.28/68.84 1.1302 50.07
TF-Mamba 28.85 3146 71.05/71.11 70.73/70.69 1.1228 51.97
TCMR-MRSC|30.39 33.36 70.84/70.95 69.81/69.82 1.1061 50.86
TCMR-LDSC |31.63 35.38 70.61/70.55 69.83/69.58 1.1322 49.07
TCMR-TPSC|32.80 36.73 72.01/71.67 70.93/70.49 1.0721 52.28

—o— LNLN —e— TF-Mamba -e- P-RMF

—o—- TCMR-MRSC TCMR-LDSC TCMR-TPSC
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0.0 02 04 06 08 0.0
Missing Rate

——— g
02 04 0.6 0.8 0.0 02 04 06 0.8
Missing Rate Missing Rate

Example text: “I really love this movie.” [M]: missing token

Case 1) Only one key semantic cue is missing

(1] (o] 34 (o ] o]

Text Completeness Ground truth

Missing rate-based
Confidence-based

Case 2) Only one key semantic cue remains

Text Completeness Ground truth F
Missing rate-based [ 1
Confidence-based NG ~ |

Key Semantic Cue “PRESENT” Key Semantic Cue “MISSING”
Missing « g “uh huh, how about acting and
Rate 'and he was boring’ action just so -
“LOW"
LNLN: Negative « TCMR: Negative + LNLN: Positive. TCMR: Negative «
Missing “ it’s truly heartbreaking “
Rate which | o
“HIGH" "

LNLN: Positive [#] TCMR: Negative LNLN: Negative [] TCMR: Positive v
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Text Completeness Estimation: E|AE 2tFH =
- HAEO| ONIEN UMY 2 UEYT 7
. Pseudo—labeling% %@' 3—.*% E"Ol% é'iéi 7 |I|:LI X'Ilol_l' [@ Input Processing ] [@Text Confidence Estimation ] [@Imponance-aware Proxy Feature Generation] [ Multimodal Fusion ]
(1) Completeness Estimation
= 2 Ilove
> EUH HAE Q| 3 MR #E s move 111 E3EIE3 il Leomp
A R e, B
H - xl IS A Dat. -
Proxy Feature Generation: CH&| H3 M4 Aiissing) 191952 ||OpenFace| | (2) pseudo-Label Generation
;- Complete text (I ¢): T love this movie
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Text Semantic Reconstruction: &4F QO|EX HH ¢
- S HAES MAE HAE BHS 2350 2Y
- ZNE HAEC| UMY HEE JIEXZ 5101 15

> =2 H|0jE EH0ME Zdst HE|IZE 88 Jts



W KEY PAPER #1

TCMR: Semantic—aware Text Completeness for Missing Semantic Reconstruction in Incomplete Multimodal Sentiment Analysis

Han-Jun Choi, Byunggill Joe, Saim Shin, Jin Yea Jang

[Under-review]

Completeness Label Generation
v HAE MY FH HEYT 5SS At &5 oIS 4 718 Aot
a. Target Probability—based Semantic Completeness (TPSC): Mt S{A 0 & E & 7|8t HE 0|2 MM

b. Lexicon—Derived Semantic Completeness (LDSC): i3] A;HO2HE A2 ZIH AT 7|8t M 0|2 MA

- Complete text (If): I love this movie Complete text: I love this movie

I ! |
| : |

: 1 . .
. = Incomplete text (I,): I [UNK] this movie ' | Incomplete text: I [UNK] this movie
| : 1 ,m\
N e [cls] () ~C Lee i : N SR
: : R Q ? s | I_I yqu--.b ysp : : g § / SS((l‘-t(;\I/:)) —_— Scomp _l
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| 5 | s |E 3 T L E 2 ] N —r
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V) ' - _-__ :/ __________________________ J
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Target Probability-based Semantic Completeness (TPSC)
1. Training Classifier: Z2%0| gi= 280t HI0[HE o= 5 HE ot
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Lexicon—Derived Semantic Completeness (LDSC)
1. Compute sentiment strength: Z AJHOZ8E FEot 2t EZQ| ZH AT E 78O 2 MA| 2&9 2™ 8k M=
2. Define lexicon—based completeness: & 2% ZE9| H|

=
> JHE: A0 golE 24 Ho2 25 50 OE 4 R EE Fxo| X10|

Complete text: I love this movie

|

|

! Incomplete text: I [UNK] this movie
I 7]

| = - os(l) -

: N lzl s(love) _Z_. S

| S| E 7| shis) comp ]

T % — & ~ s(movie) S Sincomp + €
I > % _ _ sc — Scom 2
8 ENT s ] s P
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Alternative Optimization Strategy (AOS)

= Multi-task objectives: Lcomp (&4 &%) + Ligsk (2 01F)
Liotal = a‘ccomp + IB ‘Crec + 7£rec + 0 Liask-

> Gradient Conflict 2H| &4: E2E 8t&5 Al Leomp SHE FA 8Y

1. Objective decomposition: 2t ZH0|| 2} & 1522 2|
‘Ccompa other /B ‘Crec + 8 ‘Crec +o Ltask-

2. Two-stage learning: & 152| &4 845 HZOI7HH £ X3}

+ Stage 1: Y FHHE

o Stage 2: EH&E_ ot L-”E‘?‘E. 3_!%

https://arxiv.org/abs/2001.06782

Algorithm 1 Alternative Optimization Strategy
Input: dataset D, epochs E, batch size B, weights
a, B,v,0
Params: ©°mP — geomp | gbert - qother £,p the re-
maining modules including 6°°™.
Opt: Optcomp’ Optother'

1: fore=1to E do

Phase 1: optimize ©“°™ to minimize Lcomp

2: for mini-batch B C D, |B| = B do
3: Lecomp < LossComp(B; ©°°™P)
4: ﬁcomp < a Leonf

5: Optcomp.step (V@comp Ecomp)

6: end for

Phase 2: optimize ©°°" to minimize Loer

7. for mini-batch B C D, |B| = B do

8: Liask < LossTask(B; @°ther)

9: Lt + LossRecText(B; ©°ther)
10: L LossRecAuX(B @other)
11: Lother < B Erec +7 Erec + 0 Liask
12: Optyther-Step(V gotner Lother)

13: end for
14: end for

= proj, &

A G5
g,
]

| 6

non-conflicting

g’/ g’/
(c) (d)

Table 8: Gradient conflict rate (GCR) analysis measured
during training. FS0/L50 denote the first and last 50%
of training epochs, respectively.

GCR (%) |

Method Ecomp {
All  F50 LS50

E2E 51.27 51.16 54.36 0.1634

GradNorm 54.84 56.55 53.16 0.1294

PCGrad 52.33 57.43 48.70 0.0340

AOS 48.47 53.67 43.33 0.0055
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(&S 2]

Table 1: Comparison of the overall performance on MOSI and MOSEI datasets.

G|O|E{Ml Method MOSI MOSEI
etho Acc-7 Acc-5 NonQ Acc /F1 HasO Acc/F1 MAE Corr [Acc-7 Acc-5 NonO Acc/F1 HasO Acc/F1 MAE Corr
v ME CI2 M| 7§2] #IX|03 Z4A H|0|E{A MISA 2003 31.61 68.77/68.67 67.94/67.72 1.1637 47.57|43.89 44.43 7222/6821 74.16/71.24 0.7346 43.57
1 tE Al 72l 10t3 &g H|0JEH (MOSI, MOSEI, SIMS) Self-MM  [30.38 33.60 68.83/68.63 68.65/69.34 1.1843 47.2546.45 47.36 73.02/71.43 72.66/71.82 0.6818 53.68
MMIM 30.67 3431 70.19/69.87 69.59/69.15 1.1649 49.01|44.89 4542 74.29/73.19 73.46/73.19 0.7032 52.75
- CENet 2949 3290 69.88/69.94 69.43/69.39 1.1801 48.24|47.36 48.24 77.01/77.26 75.96/76.23 0.6622 58.24
MEF™ AS A0 H|w TETEN 29.86 32.56 70.62/70.67 69.85/69.79 1.1327 49.16|46.78 47.83 77.87/77.45 76.11/7637 0.6741 58.31
TFR-Net  [28.22 30.31 70.88/70.73 70.18/69.93 1.1454 50.05|46.08 46.47 7546/74.10 74.18/73.61 0.6784 56.24
ALMT 2957 32.05 7151/7148 70.52/7039 11671 47.57|46.66 47.37 76.83/76.41 74.47/7484 0.6749 56.45

. x —
v SOTA 7|15 g4d: 2= H[O|E{AI0AM LHEA 21T ¥5 Y LNLN 3136 3443 70.00/69.99 69.51/69.41 1.1450 48.08|46.36 47.14 77.79/77.27 76.43/76.58 0.6698 58.17
P-RMF 2891 3124 69.91/69.57 69.28/68.84 1.1302 50.07|47.01 47.82 78.07/77.76 77.18/76.91 0.6667 58.45
- 2t 0= MEHE: 7|Z SOTA CHH| Acc-5 6.68% kAt TF-Mamba | 28.85 31.46 71.05/71.11 70.73/70.69 1.1228 51.97|45.11 46.09 76.11/76.17 72.54/73.49 0.6891 57.51
_ TCMR-MRSC|30.39 33.36 70.84/70.95 69.81/69.82 1.1061 50.86|46.61 47.46 77.65/76.74 76.91/76.64 0.6673 58.46
- M 0= @K} 7|= SOTA CHH| MAE 2F 6.37% 44 TCMR-LDSC |31.63 3538 70.61/70.55 69.83/69.58 1.1322 49.07|47.13 47.87 77.52/7697 76.16/76.29 0.6641 58.51
TCMR-TPSC|32.80 3673 72.01/71.67 70.93/70.49 1.0721 52.28)47.27 48.16 77.99/7699 77.59/77.21 0.6614 58.63
v' Pseudo-labeling 21+d #S5: Mz 2 2A0d SEHU| HW &

~+— LNLN —e- TF-Mamba -+ P-RMF -e- TCMR-MRSC TCMR-LDSC TCMR-TPSC

- MRSC 7=I7< I 7|2|'_<_ 9 E %Xdé—)l é%-)l Method Acc-5 Acc-3  Acc-2 F1 MAE Corr ’\;u \ 54
_ MISA 3297 5605 7125 6695 0.5731 0.319 Sy p ™ P
- TPSC: Mo S A SES 7|FO2 XM =X Self-MM 3357 5582 69.02 6838 0.5243 0.363 g
1= =HES 7IE =L 7o MMIM 3033 5504 69.46 6674 0.5629 0.301 g 44
= CENet 21.61 5348 6923 5697 0.6304 0.014 Ny
- LDSC: &4 2O AIHSE 7|l = 2ATY 54 TETEN 3491 5601 7085 69.17 05439 0342 00 gz da T W 00 ¢z ve e ds 00 oz v 7 0
TFR-Net 2721 5426 69.37 56.82 0.6258 0.091 @) b) ©
- ‘TCMR-" = TPSC7} 7}1& =2 M 7|12 ALMT 3099 5323 70.65 6734 05445 0311 “ ?
% 0.8
LNLN 3217 5677 7151 6921 0.5423 0345 g "
v 0| X0 CHEF ZtHA Z4=: C}OFsH A= H|K0]| (2 M= B35 H| o AS P-RMF 3272 5730 70.58 70.36 0.5432 0.361 L0y g P
=0 CiTt 27 aS: Lot 25 HI20| IE ds Hal Hlu 29 TF-Mamba 3305 5518 69.88 6924 05235 0.359 - s
- _ 00 02 04 06 08 00 02 04 06 08 00 02 04 06 08
-7 24 HItH2 [HH| 71 QP& QI gg% SX|ot= S =0l TCMR-MRSC 3327 5546 70.03 6876 0.5446 0.341 Missing Rate Missing Rate Missing Rate

TCMR-TPSC 3099 5731 72.88 68.87 0.5222 0.374

Figure 3: Performance curves under various missing
Table 2: Comparison of the overall performance on the rates. (a)—(c): Accuracy on MOSI (Acc-7), MOSEI

SIMS dataset. Note: TCMR-LDSC is excluded since it %\I/-[ISSSOE?CC),CI afsli\iéMS (Acc-2). (d)~(f): MAE on MOSI,
is based on an English sentiment lexicon. an '
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Comprehensive Analysis

(a) Sentiment token sensitivity

©

(b) Comparison of reconstruction quality
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Comprehensive Analysis

Table 7: Qualitative comparison of completeness labels. Each case shows how MRSC, LDSC, and TPSC assign
completeness labels depending on whether sentiment-related tokens are missing. In the TPSC column, the value in
parentheses denotes P(y,, | complete), while the value above it denotes P(ys, | incomplete). v and X indicate
correct and incorrect completeness estimation, respectively.

(c) Qualitative comparison of completeness label

—_————— —
Case Complete Text Incomplete Text MRSC LDSC : TPSC
1
1 I was happy to see it I [UNK] happy to see it 0.8333v | 0.98838v, 2)'2?506) v
. . [UNK] soundtrack [UNK] [UNK] ;
2 | The S"“S‘(‘)itlr:ifa‘ﬁ g°;’§ai‘:;§a2y good | K] really [UNK] [UNK] [UNK] | 0.1818 | 0.0044v,| 9377
Y& g [UNK] [UNK] | (0.9665)
, . Il 03179
3 But it was really really awesome but it was [UNK] [UNK] [UNK] 0.5000X | 0.0112v 09680) v
. .
4 Kids are gonna love the film [UNK] [UNK] [UNK] love the [UNK] 0.3333X | 0.9808 v : 2)892735 v
. T . . N . I
5 I will admit I m;l big Johnny Depp I will [UNK] I’'m [UNK] big Johnny 07931 | 0.0690 I 0.9160 v
an Depp fan 1l (0.9491)
, . and [UNK] better [UNK] saving [UNK] 1
and you’re better off saving your . |
6 | money uh and maybe renting it when | 00y [UNK [UNK] maybe renting it | 5951 /| ggpgx | 04608 ,
; . when it [UNK] out [UNK] uh [UNK] (0.6153)
it comes out on uh video so [UNK] |
7 I really dig this movie I [UNK] [UNK] this [UNK] 0.4000X | 0.5000X : 2)'1940;)76) v

v MEQEMNYHEES
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Table 2: Performance of imputation methods on different datasets and scenarios.

Method
Scenario Metric LI CS BRITS NAOMI NRTSI CSDI ~ GI IF IP MIDAS

Soccer
Uniform PE 3.8406 2.2085 7.4859 4.5343 3.1791 3.4295 4.6511 2.0898 1.4563 1.3205
SCE 0.1299 0.0867 3.9089 3.9793 0.0854 0.1586 0.1191 0.0815 0.1488 0.0516

55m

5
GE

Agent-wise PE  5.0752 11.4647 5.7266 — — 4.0279 5.6011 2.5798 2.0755 1.9832 (
SCE 0.1631 0.2939 2.9627 0.1305 0.1508 0.0976 0.1057 0.0535

——»2-}§@m
a) Ground Truth (b) Linear Interpolation (c) NRTSI
2.0754m 2.4728m 0.6328m

Camera PE 3.1083 1.9209 7.4208 — 3.5181 3.6512 2.2151 1.4879 1.2296
SCE 0.0993 0.0547 4.1967 — 0.2132 0.0934 0.3149 0.1554 0.0374

Basketball D (
Uniform PE 3.3481 2.3114 2.9085 1.5254 2.5291 2.2558 2.8305 1.3622 0.9801 0.9727 =1 1652m7.
SCE 0.1483 0.1025 1.0521 0.3230 0.0734 0.0631 0.1066 0.0531 0.0432 0.0438 L i 1.4825m
Agent-wise PE  4.4992 10.3857 2.4238 — —  2.3471 2.5859 1.3345 1.3832 1.3862 [ R—
SCE 01787 0.2715 05397 —  — 0.0563 0.0700 0.0485 0.0373 0.0381 (d) CSDI (¢) ImputeFormer (f) MIDAS (ours)

American Football
Uniform PE 0.8897 0.7448 1.7990 0.9692 0.5158 0.5558 0.8899 0.3673 0.2073 0.1542
SCE 1.1063 0.9463 10.9459 2.3112 0.2989 0.4905 1.1023 0.2858 0.1990 0.1126

Agent-wise PE 1.5128 1.2041 1.7527 — — 0.6182 1.5128 0.3944 0.2383 0.2104
SCE 1.0641 0.5306 10.6807 — — 0.4288 1.0631 0.1869 0.1180 0.0967
Uniform Agent-wise Camera
0 0
o 40 o 40 o 40
[} () Q I
% 8o % 80 % 80
g 120 g 120 g 120
160 F 160 F 160
0 4 8 12 16 20 0 4 8 12 16 20 0 4 8 12 16 20
Agent Agent Agent
EEl Missing Observed

(d) MIDAS (ours)

(c) ImputeFormer
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with a Kaggle competition

Soccer: 3 matches provided by Metrica Sports
Basketball: 100 NBA matches provided by SportsVU

American football: Preprocessed NFL sequences released

Table 1: Details on the three sports datasets.

Soccer Basketball A. Football

Split Matches Frames Matches Frames|Matches Frames
Training 2 65,014 70 1,621,835 — 425,000
Validation 0.5 20,104 10 216,118 — 52,150
Test 0.5 21,242 20 468,885 — —
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Han-Jun Choi *, Hyunsung Kim *, Minho Lee, Minchul Jeong, Chang-Jo Kim, Jinsung Yoon, Sang-Ki Ko Table 2: Performance of imputation models on different datasets and scenarios.
[ECML PKDD] - 2025 6% 20 Method
Scenario Metric LI ~ CS BRITS NAOMINRTSI CSDI GI IF  IP MIDAS
Soccer
[Alg A1} Uniform  PE  3.8406 2.2085 7.4850 4.5343 3.1791 3.4295 4.6511 2.0898 1.4563 1.3205
SCE 0.1299 0.0867 3.9089 3.9793 0.0854 0.1586 0.1191 0.0815 0.1488 0.0516
_ Agent-wise PE  5.0752 11.4647 5.7266 —  —  4.0279 5.6011 2.5798 2.0755 1.9832
Al MIE] SCE 0.1631 0.2939 2.9627 — — 0.1305 0.1508 0.0976 0.1057 0.0535
Camera PE 3.1083 1.9209 7.4208 —  — 3.5181 3.6512 2.2151 1.4879 1.2296
SCE 0.0993 0.0547 4.1967 —  — 0.21320.0934 0.3149 0.1554 0.0374
v o7} X|&
Basketball
_ " - ALl 9| = O|%| 7t o1 ©23|C M| OF Uniform  PE  3.3481 2.3114 2.9085 1.5254 2.5201 2.2558 2.8305 1.3622 0.9801 0.9727
Position Error (PE): &K ?IX|2t 0I5 /x| 2t Bt FEe|E 72| 2 SCE 0.1483 0.1025 1.0521 0.3230 0.0734 0.0631 0.1066 0.0531 0.0432 0.0438
= = = - Agent-wise PE  4.4992 10.3857 2.4238 —  —  2.3471 2.5859 1.3345 1.3832 1.3862
- A & 2 = & = I g
Step Change Error (SCE): & £ Hal2kl} 0|5 £ HolEf 2F B 2%} SCE 0.1787 0.2715 0.5397 —  — 0.0563 0.0700 0.0485 0.0373 0.0381
_ American Football
HEH A8 24 HjW Uniform  PE  0.8897 0.7448 1.7990 0.9692 0.5158 0.5558 0.8899 0.3673 0.2073 0.1542
SCE 1.1063 0.9463 10.9459 2.3112 0.2989 0.4905 1.1023 0.2858 0.1990 0.1126
Agent-wise PE 1.5128 1.2041 1.7527 —  — 0.6182 1.5128 0.3944 0.2383 0.2104
v SOTA 7|2 ©M: 9| Mat: 9 Y Xo| HAM 74N SCE 1.0641 0.5306 10.6807 —  — 0.4288 1.0631 0.1869 0.1180 0.0967
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- Reality Loss (RL): 30| EXIHAAZA Wa2 = BT
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Table 2: Performance of baseline models for ball trajectory
and player/team-level ball possession prediction.

Model | PE RL PPA TPA
VRNN 12.3721 0.7206 - -
Transformer 7.4727 1.2194 - -
LSTM 5.4667 0.3392 - -
H-Transformer 49136 0.7987 4891% 77.91%
H-Transformer-RL 4.6933 0.5990 49.52% 78.01%
H-Transformer-PP 5.4075 0.0021 52.01% 78.78%
H-Transformer-RL-PP | 5.4093 0.0021 52.18% 78.66 %
H-LSTM 3.6886 0.1881 64.01% 85.26%
H-LSTM-RL 3.6561 0.1391 64.70% 85.85%
H-LSTM-PP 4.1285 0.0016 63.84% 85.34%
H-LSTM-RL-PP 4.0719 0.0017 64.32% 85.34%
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=7 47| X3 24 (Automatic Match Broadcasting)
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* 300x300 E9 7|Z, 2 80% 0l&2] == 5= otH S| LA}
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S &% 52 F3 2 U452 015 A2l & A1d% 2d 72| gt Hlul . -—True Masking | Pass Passer Receiver #.Passes
= A= (I 400 Pred
* 0I5 A2 X UEEk 2l AR ER0IN 22 95 =2 556 m=_teseine 100% |0.3877 0.6039 0.5707  0.7935
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100 Random 0.0881 0.0771 0.5140 0.2091
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Figure 6: The estimated and true HSR distance values either
when attacking or defending in a test match.
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