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Abstract

We present V>Dial - a novel expert-based model specif-
ically geared towards simultaneously handling image and
video input data for multimodal conversational tasks. Cur-
rent multimodal models primarily focus on simpler tasks
(e.g., VOA, VideoQA, video-text retrieval) and often neglect
the more challenging conversational counterparts, such as
video and visual/image dialog. Moreover, works on both
conversational tasks evolved separately from each other de-
spite their apparent similarities, limiting their applicability
potential. To this end, we propose to unify both tasks using a
single model that for the first time jointly learns the spatial
and temporal features of images and videos by routing them
through dedicated experts and aligns them using matching
and contrastive learning techniques. Furthermore, we sys-
temically study the domain shift between the two tasks by
investigating whether and to what extent these seemingly re-
lated tasks can mutually benefit from their respective train-
ing data. Extensive evaluations on the widely used video
and visual dialog datasets of AVSD and VisDial show that
our model achieves new state-of-the-art results across four
benchmarks both in zero-shot and fine-tuning settings.

1. Introduction

Enabled by the availability of large-scale training data
[10, 14, 46] and advances in model design [12, 25, 42, 54,
58], the field of vision-and-language learning saw unprece-
dented success in recent years. However, current multi-
modal foundational models [7, 37, 42, 56, 60] still mainly
focus on single-round tasks (e.g., VQA [8], VideoQA [64],
video-text and text-video retrieval [65]). In contrast, the sig-
nificantly more challenging conversational tasks, such as vi-
sual [1, 23] and video dialog [5], received considerably less
attention. Furthermore, methods for these different tasks
have advanced independently of each other despite the ap-
parent structural similarities between them. They both op-
erate on a visual input (i.e. an image or video), a short vi-
sual description (caption), and a dialog history composed of
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Figure 1. V°Dial & uses multimodal experts and outperforms
state-of-the-art methods on both video and visual dialog in zero-
shot and fine-tuning evaluation settings.

previous question-answer pairs. On the one hand, visual di-
alog models [4, 15, 16, 49, 62] have been primarily trained
to rank a list of candidate answers using a Next Sentence
Prediction (NSP) head similar to BERT [24] and negative
sampling. Thus, they are benchmarked using retrieval met-
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rics such as recall (R@k) and normalized discounted cu-

mulative gain (NDCG). In contrast, video dialog models

[2, 3, 6, 18, 20, 33, 51, 66] are trained to auto-regressively

predict the next answer token using teacher forcing [63] and

are evaluated using language generation metrics.

In this work, we mitigate the shortcomings of current
dialog systems by proposing V>Dial - a novel multimodal
expert-based model capable of unifying video and visual di-
alog tasks without any architectural changes. Specifically,
we train dedicated multimodal expert layers that separately
process the features of each input modality and learn how
to align them using matching and contrastive learning tech-
niques. A key novelty of our approach is that we use ded-
icated experts to jointly learn the spatial and temporal fea-
tures of images and videos by routing them through the ap-
propriate experts. Then, we couple these layers with a pre-
trained LLM to align their hidden states. Thanks to its mod-
ularity, our model can efficiently tackle image and video in-
put data simultaneously and seamlessly train on both data
types. In summary, our contributions are three-fold:

* We propose V”Dial - a multimodal expert-based model
that unifies visual and video dialog by simultaneously
learning from image and video data. As a core nov-
elty, it employs two experts to separately learn the
spatial and temporal features of images and videos.
V>Dial outperforms state-of-the-art models in both zero-
shot and fine-tuning settings (see Figure 1).

* We are the first to systematically quantify the effect of
domain shift between video and visual dialog tasks based
on evaluations on the two widely used datasets of AVSD
[5] and VisDial [23]. To this end, we propose an alter-
native ranking scheme that allows computing the VisDial
retrieval metric for fully generative models and enables a
fair comparison with previous works.

* We are the first to evaluate AVSD in a zero-shot setting,
which provides a more solid generalization evaluation of
video dialog models compared to the fine-tuned setting.
For this, we establish the first benchmark comparison of
recent state-of-the-art multimodal models.

2. Related Work

Visual & Video Dialog. Modeled after human-human com-
munication, visual and video dialog involve reasoning about
a visual scene in the form of a video or an image through
multiple question-answering rounds in natural language. In
comparison to their single-round counterparts, VQA [8] and
VideoQA [64], dialog models need to additionally reason
about the previous dialog history together with the visual
grounding and the current question to be able to answer
it efficiently. The best performing visual dialog models
[4, 47, 62, 67] leverage pre-trained VLMs and are trained
using an NSP head, negative sampling, and binary clas-
sification loss. At test time, for each question, the can-

didate answers are ranked based on their respective NSP
scores to compute the retrieval metrics. Although some
work [15, 16, 61] claim to train generative visual dialog
models, they do so by providing a generative mask where
each token can only attend to its left tokens. However, they
are trained using the NSP head like the discriminative mod-
els. However, this training approach is limiting and subop-
timal for a unifying model. Thus, we advocate for a fully
generative training paradigm and adapt the ranking scheme
of VisDial answers to cater to modern generative models.
In contrast, works on video dialog follow a purely-
generative training paradigm and achieved great success
building on top of powerful pre-trained LLMs [35, 52].
For example, [30, 39] fine-tuned a LLM on AVSD and
obtained performance boosts. More recent works [3, 33]
combined LLMs with GNNs and pushed the state-of-
the-art results even further. Others [66] introduced a
regularization loss to mitigate hallucination. Although
video dialog emerged as a natural extension to visual
dialog with apparent data structure similarities, research
on both tasks evolved separately. To this end, we propose
a unifying model that can simultaneously learn both
tasks without any architectural modifications and for the
first time; systemically study the effect of domain shift be-
tween both tasks using the AVSD and VisDial v1.0 datasets.

Multimodal Expert-based Training. Enhancing models
with expert-based training has shown promising potential
in boosting performance while maintaining computational
efficiency [26, 69, 70]. Some works [12, 60] explored using
single modality specific experts within a multimodal trans-
former architecture. Specifically, they used one vision and
one language specific FFN after a shared multi-head self-
attention block. Other works [40, 48] explored using multi-
ple sparse modality-agnostic experts and trained them using
soft-routers. Our work is positioned at the middle ground of
the previously mentioned research directions: We propose
to use multiple hard-routed experts per modality to be able
to capture more fine-grained features compared to a single
expert or multiple modality agnostic experts. Specifically,
to the best of our knowledge, V’Dialis the first model that
learns disentangled spatial and temporal features using two
dedicated experts that jointly learn from image and video
data. In addition, we propose to deploy two separate lan-
guage experts (for caption and context) in order to tackle
the unique challenges of multimodal conversational tasks.

3. V°Dial
3.1. Joint Problem Formulation

We use a fully generative formulation to unify both video
and visual dialog tasks. Specifically, given visual input V
(video/image), a corresponding visual description (caption



Figure 2. Architectural overview of vZDial . We adopt a training strategy composed of three stalgiest, we only train the multi-
modal expert layers using spatial-temporal and video/image text matching lbgget (i), Spatial-temporal and video/image contrastive
learning lossed(s; L vic), and masked language modeling losg,(,). Secondwe couple the expert layers with a frozen pre-trained LLM
end-to-end, using a generative ldsg,, to align their hidden representatiorfSinally, we additionally ne-tune the LLM weights on the
downstream benchmarks. Each expert is a feed-forward network (FFN) composed of two fully connected layers.

0), a dialog historyH, = f(Q;, A1), ..., @ 1, Ar 1)g com- performs these operations using the magk&?andm ™
prised of the previous question-answer pdi(§ A )g i as shown in Figure 2 on the visual featukéso obtain
and the current questio® , a model is trained to auto- b b
regressively predict a free-form answeéy at roundr. A\VALGIESY VAR Y Il = (3)
. i .
Speci cally, each answer tokeay satis es V™ SAvIMI™ v R FP D 4)
ar argmax p aV;GHQ A M2y My )

whereSA and denote self-attention and Kronecker delta.

Subsequently, the textual input in the form of a caption
and a context is processed by an embedding layer to obtain
T capleban pNeapie D \yhereN cap@ndN o are the respective
3.2. Architecture lengths of the caption and context. These visual and textual
features form the initial input to the multimodal expert lay-

. . W F3H W ) \ ers which are pre-trained using a combination of matching,
an image/vided/ " R as input, wheré is the contrastive learning, and masked language modeling losses.

pur;:ber of fradmes a}nq is s_?:]wgfor images, andH;fW Finally, they are coupled with a pre-trained LLM and are
is the re-sized resolution. Then it processes every frame us- 1 ned end-to-end using a generative loss.

ing a pre-trained EVA-CLIP [57] Image Encoder and con-
catenates every four spatially adjacent visual patches into a

single one. Then, a linear layer maps each visual token intoMultimodal Expert Layers. ~These consist oN layers
a lower dimensional vectar of dimensiorD to obtain of stacked multi-head self-attention with layer normaliza-

tion (SA), andseveralmodality-speci ¢ andonemodality-

WhereAfsi denotes the previously predicted answer tokens
andV the vocabulary. In the rest, we usontext” to refer
to the concatenation of the historly and the questio .

Overview. As can be seen from Figure 2, our model takes

vl V2 vh [ agnostic feed-forward networks that we refer taeaperts
vV § =« RF P D. @) As shown in Figure 2, we propose to use a sesigfex-
n = ) i . .. .
A1 2 F= perts denoted asE x: three of which are vision-specic
\Ve Ve VPF andtwo are language-speci ¢ and are activated in the rst
1H W L layers. Thaemainingexpertk; is the fusion expert and

whereP  2=-= andD denote the visual input length s only activated in the lastN L layers and operates on
and the joint hidden dimension, respectively. Thereafter, in the concatenation of all available modalities (Equation 9).
stark contrast to previous works [13, 19] that performed spa-To the best of our knowledge, we propose for the rst time
tial and temporal attention in series, our modeparately  to learn the spatial and temporal features using dedicated



Figure 3.Overview of the training and evaluation pipeline of \V’Dial . We show the different datasets used to train our model at each
stage. Evaluations are conducted on the most popular video and visual dialog datasets of AVSD and VisDial, respectivelide@

data, =image data, = closed /visual captioning data, = dialog data).

experts (i.e., the spatiép, and temporaky,, experts, re- Tr. Stage Tr. Stage Tr. Stage
spectively) as shown in Equation 11. This allows our model videos ASVALS R VAIVALS hih VAL IVALLS Beith i
to unify video and visual dialog by jointly learning from _mages VT - VTR T

image and video data. The visual expEyt operates on

top of the concatenation (Espa and Eimp tO learn a joint Table 1. Overview of the available features for each training stage
spatial-temporal video representation (Equation 10). Simi-and visual input type.

larly, the textual expert&:,, andE, operate on the caption

and context embeddings®® andT®* (Equation 12). As . . . .
seen in Table 1, the availability of the multimodal features SpatlaI-TemporaI Contrastive Learning - aims to better

depends on the visual input type (i.e., videos vs images) ancflign the spatial and temporal features of video data. To
the training Stage_ However, without the loss of genera”ty, this end, we use OUtpUt features of the last multi-modal exert
we can formulate the multimodal expert layers as follows: layef’ and learn a cosine similarity function

Xo Vv spay’ Vv tmp; T cap; T ctx ; (6)

sV spa, Vv tmp . Vv spa a Vv tmp | (13)
’ pa tmp ’
X, e T T (7)
SAX,, X, 8) so that aligned spatial-temporal features result in higher
is. —Cap _ similarity scores, where - are linear layers that map the
Vi T if 1&l&l features to a normalized lower dimensional vector space
X1 w . ; ©) . . : pace.
Eus X1 Xy ifL $1&N Then, given spatial and temporal feature pairs, we compute
VIR =P AR AL AL ! , (10) the softmax normalized spatial-to-temporal and temporal-
: s T o ’ ‘ to-spatial similarities as
; ;o (11) .
_ _ expsVPv™e
T EpT/0 T/ L (12 pe2ty spa - P — (14)
. N . < expsVEV, TO
When dealing with images and non-dialog data, we drop tmp, « , sPa
tmp cap . . . 125 | , tmp expsV VO
V, " andT,”™ from the previous equations and deactivate p Vv ; (15)
: < exps ViV e
the respective expert. k 1 8XP Vi
3.3. Training where is learnable temperature parameters, ars the
maximum value ofas in [37]. Finally, we can compute the
3.3.1 Stagel loss as the cross-entropl betweerp andy:
In the rst stage, we only pre-train the multimodal ex- 1 st sat s, s
pert layers, the vision encoder linear layer, and the spatial- ¢ 2E vy Hoy=ip Hy=p™ o (16

temporal attention modules. Since we are the rst to sug-
gest learning the spatial and temporal features of videos and
images using dedicated experts, we propose to train our
model using spatial-temporal contrastive learning (STC) Spatial-Temporal Matching complements STC and
and spatial-temporal matching (STM). In addition, we use teaches the model to distinguish between positive and neg-
the established masked language modeling (MLM), vision- ative spatial-temporal feature pairs. Speci cally, a matched

text" contrastive learning (VTC), and vision-text matching feature pair originates from the same video, whereas an un-
(VTM) similar to [19, 36, 37]. matched pair is constructed using negative sampling from a

t2s

whereyszt andy “” are the golden one-hot similarities.

LVision can either be video or image depending on the dataset. 2Index dropped for clarity.



different video. We use a classi cation token as a proxy of
the joint spatial-temporal representations to learn a binary
classi cation problem using the STM loss

Lam Evyssym Hy™"p™™ i N _
Figure 4. Instead of training a dedicated NSP head, we propose

WherepStm andyStm are the predicted and the ground-truth @ ranking scheme_ based_ on the cosine similarity of the candidate
two-class probabilities, respectively. answers' embeddings with the respect to those of the generated

gones. We used ROBER]g. [43] and OpenAl Text Embedding-

We provide more details about the remaining establishe X
3age 10 generate these embeddings.

objectives (i.e., MLM, VTC, VTM) in the supplementary.

3.3.2 Stages2&3 ROUGE-L R) [41], METEOR M) [11], and CIDEr C)
[59]. Whereas for VisDial, we use the retrieval metrics of
recall R@k), mean reciprocal rankKMRR), and normal-
ized discounted cumulative gaiNDCG). However, since
we are jointly tackling both tasks with a fully generative
model, we propose to rank the VisDial candidate answers by
means of cosine similarity with respect to the generated an-
‘swer using the embdeddings of a pre-trained sentence trans-
former (i.e. ROBERTa [43] and OpenAl Text Embedding-
Lgen Exen H y9ehpoen (18) 3). We posit that this _approach _is more natural, caters to
¥ 9en LLM ene. pans (19) the current advances in g_ene_ra_tlve_z_models, and appropri-
gen dec ' ’ ately captures the semantic similarities between the gener-
whereX ™, T"and e, are the LLM encoder output, the ated and the candidate answers. In addition, it allows for
answer token embeddings, and a linear layer that maps thé seamless uni cation of AVSD and VisDial without any
features to the Vocabu|ary space, respecti\aeq?]andpgen training or architectural modi cations. As shown in Flg-
denote the right-shifted ground-truth answer tokens and thet/re 4, our proposed adaptation does alter the computa-
predicted text token probabilities. Finally, in Stage 3, we tion of the sparse metrics itself andly rethinksthe rank-
unfreeze the LLM weights and ne-tune our model end-to- ing of the candidate answers allowing for a fair comparison
end on the downstream tasks of video and visual dialog us-With previous works.
ing the same generative loss.

In the subsequent stages, we couple the multimodal ex-
pert layers with a pre-trained Flan-1g. [22] via a linear

layer. Speci cally, Stage 2 aims to align the hidden states
of the proposed layers with those of the pre-trained LLM.
To this end, we keep the LLM weights frozen and train the
whole architecture end-to-end using the generative loss (i.e.
next token prediction) on large scale video dialog data.,

4.3. Experimental Setup

4. Experiments In the rst stage, we trained our model for a maximum of
tenepochs and applied early stopping based on a validation
4.1. Datasets split to select the best checkpoint. In the subsequent stages,
As shown in Figure 3, we simultaneously use the video andwe trained it for up tdhreeandtwelveepochs, respectively.
image captioning datasets of WebVid-2M [10] and CC-3M In all stages, we used the AdamW [44] optimizer with the
[55] to pre-train the multimodal expert layers in Stage 1. default parameters and a weight decay valu@:01. Fur-
Then in thesecondstage, we use 25% of the recent large- thermore, we applied a linear learning rate schedule with
scale video dialog dataset Champagne [27] before perform-warm-up and minimum and base value$ef 5andle 4,
ing zero-shoevaluation on the widely used video and visual respectively. We conducted our experiments on a cluster
dialog datasets of AVSD [5] and VisDial [23], respectively. consisting oeightA100 GPUs.
Finally, in thethird stage, we perform a domain shift evalu-
ation based on different combinations of AVSD and VisDial
to quantify whether and to what extent these seemingly sim-AVSD. We rst assesset?Dial in a zero-shotsetting on
ilar benchmarks bene t from each other in bathro-shot ~ AVSD. This is in stark contrast to previous models that were
and ne-tuning evaluation settings. exclusively evaluated in a ne-tuning setting. We instead
advocate for complementing the ne-tuning evaluation set-
ting with a zero-shot one, as it results in a more rigorous
We use the established of cial metrics for each dataset to and challenging testbed for the proposed models. To this
fairly benchmarkV2Dial with previous works. Speci-  end, we establish; to the best of our knowledge; tise
cally, for allthreeAVSD datasets, we use BLEB{n) [50], zero-shot benchmark comparison on AVSD comprised of

4.4. Zero-shot Evaluation

4.2. Evaluation Metrics

3The weights oEy are initialized with those oqp from Stage 1. “This means that the model did not see any of this data previously.



AVSD-DSTC10 AVSD-DSTC8 AVSD-DSTC7
B-1 B2 B3 B4 M R C B-1 B-2 B3 B4 M R C B-1 B-2 B3 B4 M R C
TMOE-LLAVA 24 [40] 358 189 101 59 154 271 128 398 239 152 101 187 322 237 447 291 196 138 218 373 332

ﬂMiniGPT4'Vider\,'L1[z?4[9] 379 199 113 68 162 287 177 348 176 97 58 158 263 133 378 212 127 82 184 302 177
T Video-ChatGPTc, [45] 245 147 88 54 167 252 39 255 160 101 64 184 271 91 285 185 118 76 204 321 191

Model

TMST-MIXEReccyos [3] 01 0.0 0.0 0.0 31 6:8 30 0.2 o1 01 0.0 33 71 43 0.2 01 0.0 0.0 34 6:9 4.6
TVideoChat2,or2[38] 425 259 160 103 187 331 254 439 281 185 126 20:8 345 292 467 3L1 209 144 229 376 314
V?Dial 54:6 34:8 24:0 17:2 197 383 53:8 53:2 33:8 235 16:7 188 37:7 497 5555 36:7 26:2 187 200 39:2 50:8

Table 2. Zero-shot performance comparison on AVSD-DSTC10, AVSD-DSTC8 and AVSD-DSTC7. Best and second-best performances
are inbold and underlinedf indicates that we evaluated the mod@-r{ = BLEU-n,M = METEOR,R = ROUGE-L,C = CIDEr).

Model Sent. Trans. R@1 R@5 R@10 MRR NDCG challenging AVSD-DSTC10 benchmarks across all evalua-
FROMAGe ) 23 [29] 176 201 251 220 165 H i i it i
FROMAGE:. . | " e o7 o3 tion metrics. For instance, it lifted CIDEr by ov@absolute
 Champagnecyza[o7) 255 points compared to the second-best model. Furthermore,
. mfGLPLTA\V’ze&N [4?]9] 17‘_’f ijj 22‘5‘ 32 22; our model managed to maintain an on par performance with
-videa o s : : :
TVideo-ChatGPTo o [45] ROBERTa 100 225 315 181 248 the state of the art on ,ZAVSD—DSTC8 and AVSD-DSTCY7.
EMST—MIXERH\« 243] 182 221 257 219 246 As shown in Table 4V°Dial increased their respective
VideoChar2yerz (3] 127 290 399 223 309 CIDEr scores by ove? and3 absolute points compared to
o RoBERTa 200 302 393 269 333

OpenAlTE-3 22:1 41:2 481 32:7 320 the second-best model.

Table 3. Zero-shot performance comparison on the VisDial v1.0

val split. OpenAl TE-3 = OpenAl Text Embeddings3, - VisDial. Finally, we ne-tuned our model and MST-

MIXER [3] that had the closest AVSD performance on Vis-
dial v1.0 using the same fully-generative approach. As

recent capable multimodal models. As can be seen from Ta-c8n be seen from Table 5’,2D|a_| managed to outperform
ble 2, our model outperforms all baselines by a considerable@!! Prévious models on the strictest metric of the dataset
margin across 6/7 metrics of AVSD-DSTC8 and AvSD- DY achieving a R@1 score @#:2. However, when using
DSTC7. On the more recent and challenging version of the OPENAI Text Embedding-3 our model managed to increase

benchmark (i.e. AVSD-DSTC10y,Dial ranks rstacross (1€ R@1 and MRR scores #49 and52:4, respectively,
all metrics. For instance, it more than doubles the CIDEr thereby setting new state-of-the-art results. As expected
score compared to VideoChat2 [38]. and due to the more challenging aspect of a tackling Vis-

Dial as a fully generative task, our model performed slightly
worse than the previous ne-tuned models on the remain-
VisDial. Additionally, we assessed the same model ing metrics of the dataset. However, when comparing our
cr;eckpoint on VisDial v1.0. As can be seen from Table 3, model with MST-MIXER that was trained using the same
V“Dial managed to outperform previous models such asparadigm (i.e. the last two rows of Table 5), we can see that
FROMAGe [29] by a considerable margin across all met- our model outperformed it across 4/5 metrics of the task and
rics of the dataset. In addition, it outperformed Champagnescored almost equally on NDCG.

[27] that was trained on x4 more dialog data hi§ abso-

lute NDCG points. Furthermore, our model outperformed 4.6. Domain Shift Evaluation

the more recent ba_selines p_f the pre\'/ious.section on 4/52ero-shot setting. First, we ne-tuned our model's
metr]cs, unc}erlmmg It capablllty of dealing V.V'th both video checkpoint from Stage 2 on AVSD and zero-shot evaluated
and image input data types. Finally, repla_lcmg the Sentence; o visDial. As can be seen from the second section of
embeddings generafced bY ROBER{R with those frqm Table 6, our model's performance was lifted by a consider-
OpenAl 'I_'ext Emedding-3 improved the egternal ranking of able margin across most metrics. Notably, the NDCG score
the can@date answers and. resulted in higher scores acro%?hproved by9 absolute points compared to the results of Ta-
all metrics, as can be seen in the last row of Table 3. ble 3. Then, we replicated the same experiment on AVSD
after having ne-tuned the model on VisDial. Interestingly,
our model's performance deteriorated across all metrics of
AVSD. Similarto almost all previous works on AVSD, we the benchmark. This behavior could be explained by the na-
assessed’Dial in a ne-tuning setting on althreebench- ture of both datasets. Whereas AVSD encourages the model
marks of the dataset. As can be seen from Table 4, ourto produce long and elaborate responses, VisDial teaches it
model managed to maintain it competitiveness ahead of re-to produce brief answers instead, which diminishes its per-
cent models and outperformed them on the latest and mosformance on the language generation metrics. The qualita-

4.5. Fine-tuning Evaluation



Figure 5. Zero-shot qualitative examples\b?fDiaI before and after ne-tuning on VisDial and AVSD. The former teaches the model to
answer question with brief responses whereas the latter teaches it to produce longer and more elaborate answers.

Model AVSD-DSTC10 AVSD-DSTC8 AVSD-DSTC7

B-1 B-2 B3 B4 M R C B-1 B2 B3 B4 M R C B-1 B-2 B-3 B4 M R C
PDCc k21 [33] 749 629 528 439 285 592 1201 770 653 539 449 292 606 1295
THAM ¢y po2 [66] 764 641 538 455 301 610 1304 778 654 549 468 308 619 1335
DialogMCF; 45 p23[18] 693 556 450 369 249 536 912 756 633 532 449 293 601 1253 777 653 547 457 306 613 1352

502 350 249 181 218 428 575 533 390 291 222 248 463 740 562 411 307 232 264 485 792
697 571 472 395 251 540 969 771 65:6 5567 471 302 618 1336 784 660 558 471 310 620 1365

70:7 58:2 48:2 40:3 26:0 55:4 103:3 768 655 55:8 475 30:4 62:1 1357 789 665 56:1 47:4 31:2 62:3 1398

Table 4. Fine-tuning performance comparison on AVYSD-DSTC10, AVSD-DSTC8 and AVSD-DSTC7. VideoLLAMA 2 [20] was trained
on AVSD amongst other datasets. Additional model comparisons can be found in the supplementary material.

Model Sent. Trans. R@1 R@5 R@10 MRR NDCG the converged model's weights on one dataset do not offer
LTMI £covo [49] 404 616 697 507 635 initializati ini i _
M 1] 413 ol6 600 13 63 a good initialization for training on thg remaining one. Al
GOG.c121 [16] nla 412 618 634 513 626 lowed by our model design that can jointly handle video and
UTCcypr22[15] 413 598 663 506 610 i H R H
Champagne.. o [27] 625 image input data_\, we nally ne-tuned one single model on
" MST-MIXERcccv»s[3]  ROBERTa 422 516 578 477 525 both datasets simultaneously. As seen from the last row
V2Dial ROBERTa 454 547 611 509 540 of Table 6, this resulted in the best joint performance of
OpenAlTE'S 46:1 593 657 832 531 our model across the two datasets. Although the results

on AVSD slightly dropped compared to Table 4, our model
lifted its performance on VisDial by a considerable margin.
This could largely be attributed to the same previous ob-
servation, as training on VisDial incentivizes our model to

tive examples of Figure 5 clearly illustrate this phenomenon Shorten its responses on AVSD. Additional qualitative ex-
on both datasets. amples can be found in the supplementary material.

Table 5. Fine-tuning performance comparison on the VisDial v1.0
val split.° indicates that we trained and evaluated the model.

4.7. Expert Swapping Experiment
Fine-tuning Setting. We rst experimented with a cur- P ppINg £Xp

riculum learning strategy where we used one dataset for predn order to validate the specialization of each expert, we
training before nally ne-tuning on the other. As can be conducted a swapping experiment where we routed some
seen from the last section of Table 6, this training paradigm features througinadequateexperts. We rst swapped ex-
resulted in performance drops on both datasets compared tperts of the same modality (i.e., experts operating on vision
Table 4 and Table 5 where the model was only trained onor language data). As shown in Table 7, this resulted in
the data of the respective benchmark. This indicates thatperformance drops across all metrics of both datasets, indi-



Fine-tuning data AVSD-DSTC10 AVSD-DSTC8 AVSD-DSTC7 VisDial
AVSD VisDial B-1 M R C B-1 M R C B-1 M R C R@1 R@5 R@10 NDCG
Zero-shot (from Table 2 and Table 3)
X X 54:6  19:7 383 538 532 188 377 497 555 200 39:2  50:8  20:0 30:2 39:3 33:3
o :/ 7777777 ;( o Fine-tuning (from Table 4) Zero-shot
70:7  26:0 55:4 103:3  76:8 30:4 62:1  135:7 789 31:2 62:3 139:8 12:8 367 50:8 42:3
X v Zero-shot Fine-tuning (from Table 5)
11:5  6:8 201 14:6  11:5 73 2007 209 79 6:2 174 182 442 533 59:5 52:3
777777777777777777777777777777777777777777777 Fi ;n;»;u;iﬁ(;;7777777777777777777777777777777
v v 42:2 50:1 56:3 51:3
v v 69:6  25:7 55:0 100:5 759 29:8 61:4 1321 776 304 6155 1345
v & v 69:3 254 548 999 751 293 61:1  130:0 773 30:0 61:7 13455 454 547 611 54:0

Table 6. Domain shift evaluation between the respective most prominent video and visual dialog datasets of AVSD and VisDial. u

w

means that the model was pre-trained on dataset U before fine-tuning on dataset W.

Expert AVSD-DSTC7 VisDial
Swapping B-1 M R C R@1 NDCG
Original 78:9 3112 62:3 139:8 44:2  52:3
TR G G 0 S A D (Wi engied)
Espa Eomp 77:0 2055 6112 1337
Ecap Eux 7611 29:6 60:3 131:1 42:8 519
_ Swapping experts of different modalities
Espa Beap 985 1007 220 1001 SOT 453
By B T T T
Espa Bt 34:4 12 254 117 32:4 429
Etmp Ecap

Table 7. Expert swapping results. E, Ew means that the u
features are inadequately routed at test time through E\y and vice
versa. The other experts remain unchanged.

cating that experts of the same modality are able to capture
the semantic nuances of the data they specialize on. More
interestingly, the performance of our model dropped more
significantly when swapping experts of different modalities,
as seen from the last section of Table 7. This showcases
their ability to adjust to the nature of the data they process
and to capture its modality specific features.

4.8. Ablation Study

Effect of Pre-training Data. To assess the effectiveness
of the pre-training data in the first two stages, we trained
two versions of our model, where one was only pre-trained
on Stage 1 using WebVid-2M & CC-3M and the other only
on Stage 2 with a subset of Champagne. As can be seen
from the middle section of Table 8, our model witnessed
a comparable drop in performance compared to the full
model. This underlines the equal importance of these pro-
posed training stages to the joint down-stream performance
on AVSD and VisDial. We did not conduct ablations using
either WebVid-2M or CC-3M in Stage 1 as this was suffi-
ciently explored by other recent works [19] that showed the
benefit of pre-training on both image and video data.

Effect of Pre-training Objectives & Model Design. To
evaluate the effect of the newly introduced spatial-temporal

Model Ablations AVSD-DSTC7 VisDial
B1 M R C R@1 NDCG
Full 78:9 31:2 62:3 139:8 44:2 52:3
T W/OTr Stagel 7 76:9  30:0 61:4 1340 345 446
w/o Tr. Stage 2 77:8 307 61:7 13417 326 44:1
T who Ly & Ly 7720299 6101 13312 331 446
w/o separate Eg,o & By, 77:0 30:1 61:1  133:8 3219 43:8
w/o experts FE X 775 30:0 61:4 134:8  30:6 42:2

Table 8. Ablation results.

objectives, we trained a version of our model without L,
and L, in Stage 1 using the same schedule and training
data as our full model. As shown in the fourth row of Ta-
ble 8, this ablated version suffered a performance drop not
only in AVSD but also in VisDial. This indicates that these
losses improve not only the temporal capabilities of our
model but also its spatial ones. Then, we trained a version
that sequentially applies spatial and temporal attention, as in
[13, 19]. Since this version does not have separate spatial-
temporal experts, we also omitted the previous two objec-
tives. As seen in the penultimate row of Table 8, this version
underperformed our full model on both datasets, showcas-
ing the effectiveness of our approach. Finally, we trained a
version without all the expert layers. As shown in the last
row, its performance dropped compared to our full model
and performed the worst on VisDial.

5. Conclusion

In this work we presented V>Dial - a model that can jointly
tackle video and visual conversational tasks using a multi-
modal expert-based approach that; for the first time, disen-
tangles the learning of the spatial and temporal features of
images and videos using two separate experts. Extensive
evaluation on the respective widely used video and visual
dialog datasets of AVSD and VisDial show that our model
achieves new state-of-the-art zero-shot and fine-tuning per-
formance. Finally, we conducted the first domain shift eval-
uation of AVSD and VisDial and provided insights on how
to optimally leverage their respective training data.
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A. Training Details
A.l. Training Objectives

In addition to the proposed spatial-temporal contrastive
learning (STC) and spatial-temporal matching (STM), we
trained our model with the following established vision-
language objectives.

Masked Language Modeling teaches the model to pre-
dict masked text tokens given both the visual and textual
context. As in [19, 36] we mask 15% of the tokens and
minimize the loss

Lm]m E Vvis;-l-cap H ymlm; pmlm : (20)

where ymlm and pm]m denote the ground-truth and predicted
probabilities of the masked tokens whereas V'** and TP
are the visual and masked caption token embeddings, re-
spectively.

Vision-Text Contrastive Learning helps the model bet-
ter align the video/image and the text features and is defined
similarly to STC as

1 . ,
Ly EE visga H Yy Zt; p 2t

H y12v; pt2v : (21)

where pV2t and pt2V are the softmax normalized vision-
to-text and text-to-vision similarities defined as in Equation
14 and Equation 15 of the main text. y** and y**" are their
respective ground-truth one-hot similarities.

Vision-Text Matching is defined similarly to STM as a
binary classification problem and complements the VTC by
teaching the model to distinguish between matched and un-
matched paired vision-text features. We use a video/image
and its corresponding caption as a positive example. The
negative examples are constructed via negative sampling of
captions from different visual inputs. Formally,

Lum Ewvorw Hy"™p™ ; (22)

where pStm and yStm are the predicted and the ground-truth
two-class probabilities, respectively. For completeness, we
list the detailed hyperparameters of our model in Table 9.

Category Hyperparameter
Number of expert-based layers N 12
Number of multimodal experts layers L 9
Number of fusion experts layers N L 3
Model Joint hidden dimension D 1024
Number of frames F 4
Number of patches per frame P 64
Hidden dimension of LLM 1024
Dimension of LLM linear layer 1024; 1024
Dimension of linear layers © 1024; 256
Optimizer AdamW
Learning rate schedule linear
Minimum learning rate value 5 5
Optimization Base learning rate value le 4
Weight decay 0:01
Gradient clipping value 1:0
Effective batch size 48
GPU model A100
Hardware Number of GPUs 8
Distributed training DDP

Table 9. Detailed hyperparameter setting of V>Dial.

B. Additional Model Comparisons

To complement Table 4 of the main text, we compared our
model with additional fine-tuned baselines on the early two
versions of AVSD (i.e. AVSD-DSTCS8 and AVSD-DSTC?7).
As shown in Table 10, V>Dial managed to outperform these
baselines as well across all metrics of the dataset.

C. Qualitative Samples

We provide additional qualitative samples comprising of
both success and failure cases of our model. Figure 6 and
Figure 7 illustrate some zero-shot samples for AVSD and
VisDial, respectively. Additional fine-tuning examples for
both datasets are shown in Figure 8 and Figure 9.

As defined in Section 3.1 of the main text, we denote
with C, Hy, and Q, the caption, the dialog history, and the
current question, respectively. Similar to Figure 5 of the
main text, we highlight the caption in green , the dialog

history in orange , and the current question-answer pair in
blue for zero-shot and pink for fine-tuning evaluation.

Furthermore, we use the symbols and to indicate
the generated and the golden ground-truth answers, respec-
tively. / mark success / failure cases. For VisDial,
we additionally use to show the top ranked candidate
answers (i.e. the most similar to the generated responses).
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success / failure cases).
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Figure 8. Fine-tuning qualitative examples on AVSD.We denote with C, H, Q,, A; the caption, the dialog history, the current

question, and its response as generated from our model, respectively: ¢enerated answers, = golden ground-truth answers, /
= success / failure cases).
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