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Video Dialog - Task formulation
Given a video, audio data, a dialog history, and a question at
time step t, generate an appropriate answer auto-regressively

Video Dialog is a natural extension to visual dialog
* Video vsimage
 Complements videos with audio data

More input modalities
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Video Dialog [1] is a highly multi-modal task = More challenging than similar tasks

* VQA [2] & VideoQA [3]: Reasoning about the dialog history in addition to the question
* Visual Dialog [4]: Reasoning about a dynamic scene instead of a static image

Dialog State Tracking (DST) is crucial in building capable models
* DST was originally introduced to track and update users’ goals in form of dialog states [5, 6]

* Now, it is broadly used to describe a model that keeps track of what it believes to be
relevant for answering the question at hand
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Research on DST has been predominately uni-modal in the form of slot-filling tasks [7, 8]

The current landscape necessitates extending DST to the multi-modal domain

/
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Current models with “multi-modal” DST fall short in two major aspects:

% track the constituent of only one modality within a multi-modal task [9, 10]
—> uni-modal DST

% limited to synthetic and automatically-generated datasets [11, 12, 13]
K — do not reflect the complexity of real world scenarios /
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MST,,xer @ddresses the aforementioned limitations with

v modality-specific tracking blocks to identify the most relevant constituents of each modality

v" a multi-modal GNN approach to learn the underlying structure between the mix of modalities

‘ v' Performs multi-modal state tracking in the real sense of the word
v’ Can tackle a wide-range of real-world datasets and benchmarks
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Main Idea
e Perform multi-modal state tracking using MIXER layers
* Interleave BART encoder layers with MIXER layers > Enhance their hidden states

---------------------------------------------------------------------------------------------------

MIXER Layer ~—

1
BART Encoder Layer

1

C: One person awakens , then runs to the wardrobe to

get a phone., Does he do anything at | He looks shocked as
Q,: Does the video start with the person laying down? the end? he looks athis phone.
R B T I I B A,: Yes he is sleeping in the beginning.
Video B Dialog History lJ Answer @
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MIXER layer
* Keeps track of the most relevant constituents of each modality at different semantic levels
* Employs a divide-and-conquer approach:
local structures of individual modalities = global structure of the mix of all modalities

---------------------------------------------------------------------------------------------------

MIXER Layer ~ :
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Divide Stage
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Conquer Stage
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Training

* We trained our model end-to-end using the following combination of losses:
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Training

* We trained our model end-to-end using the following combination of losses:

local
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l 1 local,i TN
, ISJ(ZIBO = Z L1110 %
Next token prediction loss Average ELBO loss of the local
latent graphs

;. University of Stuttgart
*  Germany



Training

* We trained our model end-to-end using the following combination of losses:

local global
loc 1 local,i ~~:¢¢~~~
’ b,Lst = Z Ly150 ST
Next token prediction loss Average ELBO loss of the local ELBO loss of the global
latent graphs latent graph
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Results
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B-n = BLEU-n, M = METEOR, R = Rouge-L, C = CIDEr

Model Venue AVSD-DSTC7
B-1B-2B-3 B4 M R C

Baseline ICASSP’19 62.1 48.0 37.9 30.5 21.7 48.1 73.3
MTN ACL’19 71.5 H8.1 47.6 39.2 26.9 55.9 106.6
JMAN AAAL20 66.7 52.1 41.3 33.4 23.9 53.3 94.1
VGD ACL’20 74.9 62.0 52.0 43.6 28.2 58.2 119.4
BiST EMNLP’20 75.5 61.9 51.0 42.9 28.4 58.1 119.2
SCGA AAAT21 74.5 62.2 51.7 43.0 28.5 57.8 120.1
RLM TASLP’21  76.5 64.3 54.3 45.9 29.4 60.6 130.8
PDC ICLR’21 77.0 65.3 53.9 44.9 29.2 60.6 129.5
AV-TRN ICASSP’22 — — — 40.6 26.2 55.4 107.9
VGNMN NAACL’22 — — — 429 27.8 57.8 1188
COST ECCV’22 72.3 58.9 48.3 40.0 26.6 56.1 108.5
MRLV NeurlPS5°22 — 59.2 49.3 41.5 26.9 56.9 115.9
THAM EMNLP’22 77.8 65.4 54.9 46.8 30.8 61.9 133.5
DialogMCF TASLP’23  77.7 65.3 54.7 45.7 30.6 61.3 135.2
ITR PAMI’23 78.2 65.5 H5.2 46.9 30.5 61.9 133.1

MSTyrxEr ~ ECCV24 78.7 66.5 56.3 47.6 31.3 62.5 138.8

University of Stuttgart
Germany



B-n = BLEU-n, M = METEOR, R = Rouge-L, C = CIDEr

Model Venue AVSD-DSTC7
B-1B-2B-3 B4 M R C

Baseline ICASSP’19 62.1 48.0 37.9 30.5 21.7 48.1 73.3
MTN ACL’19 71.5 H8.1 47.6 39.2 26.9 55.9 106.6
JMAN AAAL20 66.7 52.1 41.3 33.4 23.9 53.3 94.1
VGD ACL’20 74.9 62.0 52.0 43.6 28.2 58.2 119.4
BiST EMNLP’20 75.5 61.9 51.0 42.9 28.4 58.1 119.2
SCGA AAAT21 74.5 62.2 51.7 43.0 28.5 57.8 120.1
RLM TASLP’21 76.5 64.3 54.3 45.9 29.4 60.6 130.8
PDC ICLR’21 77.0 65.3 53.9 44.9 29.2 60.6 129.5
AV-TRN ICASSP’22 — — — 40.6 26.2 55.4 107.9
VGNMN NAACL’22 — — — 429 27.8 57.8 1188
COST ECCV’22 72.3 58.9 48.3 40.0 26.6 56.1 108.5
MRLV NeurlPS5°22 — 59.2 49.3 41.5 26.9 56.9 115.9
THAM EMNLP’22 77.8 65.4 54.9 46.8 30.8 61.9 133.5
DialogMCF TASLP’23 | 77.7 65.3 54.7 45.7 30.6 61.3 135.2
ITR PAMI’23 78.2 65.5 H5.2 46.9 30.5 61.9 133.1

MSTyrxEr ~ ECCV’24 78.7 66.5 56.3 47.6 31.3 62.5 138.8

University of Stuttgart
Germany



B-n = BLEU-n, M = METEOR, R = Rouge-L, C = CIDEr

AVSD-DSTCS8

B-1B-2B-3 B4 M R C

61.4 46.7 36.5 28.9 21.0 48.0 65.1

64.5 50.4 40.2 32.4 23.2 52.1 87.5

68.4 54.8 45.7 37.6 27.3 56.3 101.7

71.1 59.3 49.7 41.6 27.6 56.6 112.3

74.6 62.6 52.8 44.5 28.6 59.8 124.0

74.9 62.9 52.8 43.9 28.5 59.2 120.1

-  — = 394 25.0 545 99.7

69.5 55.9 46.5 3.82 27.8 57.4 105.1

76.4 64.1 53.8 45.5 30.1 61.0 130.4

University of Stuttgart

Model Venue
Baseline ICASSP’19
MTN ACL’19
JMAN AAAL20
VGD ACL’20
BiST EMNLP’20
SCGA AAAD21
RLM TASLP’21
PDC ICLR’21
AV-TRN ICASSP’22
VGNMN NAACL’22
COST ECCV’22
MRLV NeurlPS’22
THAM EMNLP’22
DialogMCF TASLP’23
ITR PAMI’23
MSTyvrxer = ECCV’24

75.6 63.3 53.2 44.9 29.3 60.1 125.3
76.2 64.1 54.3 46.0 29.8 60.7 128.5

77.566.056.147.7 30.6 62.4 135.4




B-n = BLEU-n, M = METEOR, R = Rouge-L, C = CIDEr

AVSD-DSTCS8

B-1B-2B-3 B4 M R C

61.4 46.7 36.5 28.9 21.0 48.0 65.1

64.5 50.4 40.2 32.4 23.2 52.1 87.5

68.4 54.8 45.7 37.6 27.3 56.3 101.7

71.1 59.3 49.7 41.6 27.6 56.6 112.3
74.6 62.6 52.8 44.5 28.6 59.8 124.0
74.9 62.9 52.8 43.9 28.5 59.2 120.1

-  — = 394 25.0 545 99.7

69.5 55.9 46.5 3.82 27.8 57.4 105.1

76.4 64.1 53.8 45.5 30.1 61.0 130.4

75.6 63.3 53.2 44.9 29.3 60.1 125.3
76.2 64.1 54.3 46.0 29.8 60.7 128.5

— o

Model Venue
Baseline ICASSP’19
MTN ACL’19
JMAN AAAL20
VGD ACL’20
BiST EMNLP’20
SCGA AAAD21
RLM TASLP’21
PDC ICLR’21
AV-TRN ICASSP’22
VGNMN NAACL’22
COST ECCV’22
MRLV NeurlPS’22
THAM EMNLP’22
DialogMCF TASLP’23
ITR PAMI’23
MSTyvrxer = ECCV’24

77.566.056.147.7 30.6 62.4 135.4

University of Stuttgart



Results

University of Stuttgart
Germany




B-n = BLEU-n, M = METEOR, R = Rouge-L, C = CIDEr

Model Venue B-1 B-2B-3B-4 M R C
AV-TRN ICASSP’22 — — — 24.7 19.1 43.7 56.6

+ Ext. ICASSP’22 — — — 37.1 24.5 53.5 86.9
DSTC10 AAAI'22 67.3 54.5 44.8 37.2 24.3 53.0 91.2

DialogMCF TASLP’25 69.3 55.6 45.0 36.9 24.9 53.6 91.2
MSTwyixer = ECCV’24 70.057.447.6 40.0 25.7 54.5 99.8
AVSD-DSTC10
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B-n = BLEU-n, M = METEOR, R = Rouge-L, C = CIDEr

Model Venue B-1 B-2B-3B-49 M R C Model Venue B-4
AV-TRN ICASSP’22 — — — 24.7 19.1 43.7 56.6 MTN ACL’19 21.7

+ Hxt. ICASSP’22 — — — 37.1 24.5 53.5 86.9 GPT-2 EMNLP’21 19.2
DSTC10 AAAT’22 67.3 54.5 44.8 37.2 24.3 53.0 91.2 BART NAACL 22 33.1
DialogMCF TASLP’23 69.3 55.6 45.0 36.9 24.9 53.6 91.2 PaCE ACL’23 34.1
MSTyvrxEr = ECCV’2, 70.057.447.6 40.0 25.7 54.5 99.8 MSTwvixer ~. ECCV’24 44.7

AVSD-DSTC10 SIMMC 2.0
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B-n = BLEU-n, M = METEOR, R = Rouge-L, C = CIDEr

Model Venue B-1 B-2B-3B-49 M R C Model Venue B-4

AV-TRN ICASSP’22 — — — 24.7 19.1 43.7 56.6 MTN ACL’19 21.7

+ Hxt. ICASSP’22 — — — 37.1 24.5 53.5 86.9 GPT-2 EMNLP’21 19.2

DSTC10 AAAT’22 67.3 54.5 44.8 37.2 24.3 53.0 91.2 BART NAACL 22 33.1

DialogMCF TASLP’23 69.3 55.6 45.0 36.9 24.9 53.6 91.2 PaCE ACL’23 34.1

MSTyvrxEr = ECCV’2, 70.057.447.6 40.0 25.7 54.5 99.8 MSTwvixer ~. ECCV’24 44.7
AVSD-DSTC10 SIMMC 2.0

C = Causal, T =Temporal, D = Descriptive questions

Model Venue WUPSc WUPS, WUPS), WUPS
HCRN CVPR’20 16.05 17.68 49.78 23.92
HGA AAAIL’20 17.98 17.95 50.84 24.06
Flamingo NeurlPS’22 — — — 28.40
KcGA AAAL23 — — — 28.20
EMU arXww’23 — — — 23.40

MSTyvxer = ECCV’24 22.12 2220 55.64 29.50
NEXT-QA (open-ended)
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Ablation Study

Global ELBO losses Global ELBO losses Local ELBO losses
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* Learning the latent graphs become more difficult when using a higher number of nodes K
* The divide stage alleviates the difficulty of learning the global latent graphs
* The conquer stage slightly improves the learning of the local latent graphs in the divide stage

» Conquer stage benefits more from divide stage than vice-versa
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*  We proposed MST,,xer: A novel multi-modal state tracking model specifically geared towards video dialog

* It first identifies the most influential constituents at different semantic levels

* Then, it relies on a divide-and-conquer GNN-based approach to infer the missing underlying structure of the mix of
all modalities

* Finally, it leverages these features to augment the hidden states of a backbone VLM

* MST,, e achieves new SOTA results on a variety of challenging benchmarks

AVSD-DSTCS
(CIDEr)

-
MSTrrxer .

Previous SOTA

AVSD-DSTC10
(CIDEr)

AVSD-DSTC7
(CIDEr)

SIMMC NExT-QA
(BLEU-4) (WUPS)
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