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Abstract— Long-term Video Question Answering (VideoQA)
is a challenging vision-and-language bridging task focusing
on semantic understanding of untrimmed long-term videos
and diverse free-form questions, simultaneously emphasizing
comprehensive cross-modal reasoning to yield precise answers.
The canonical approaches often rely on off-the-shelf feature
extractors to detour the expensive computation overhead, but
often result in domain-independent modality-unrelated represen-
tations. Furthermore, the inherent gradient blocking between
unimodal comprehension and cross-modal interaction hinders
reliable answer generation. In contrast, recent emerging suc-
cessful video-language pre-training models enable cost-effective
end-to-end modeling but fall short in domain-specific ratioci-
nation and exhibit disparities in task formulation. Toward this
end, we present an entirely end-to-end solution for long-term
VideoQA: Multi-granularity Contrastive cross-modal collab-
orative Generation (MCG) model. To derive discriminative
representations possessing high visual concepts, we introduce
Joint Unimodal Modeling (JUM) on a clip-bone architecture
and leverage Multi-granularity Contrastive Learning (MCL)
to harness the intrinsically or explicitly exhibited semantic
correspondences. To alleviate the task formulation discrepancy
problem, we propose a Cross-modal Collaborative Generation
(CCG) module to reformulate VideoQA as a generative task
instead of the conventional classification scheme, empowering the
model with the capability for cross-modal high-semantic fusion
and generation so as to rationalize and answer. Extensive exper-
iments conducted on six publicly available VideoQA datasets
underscore the superiority of our proposed method.

Index Terms— Video question answering, multi-granularity,
contrastive learning, cross-modal collaborative generation, end-
to-end modeling.
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I. INTRODUCTION

EARNING to answer discretionary free-form questions

based on long-term videos has been an increasingly
popular and challenging research problem, emphasizing
discriminative unimodal understanding and comprehensive
cross-modal interaction to accurately infer answers. The com-
plexity and multiplicity of long-term videos make it a more
demanding task than conventional VideoQA [1], [2], [3], [4],
[5]. Unlike short-term video clips with more straightforward
semantics, untrimmed long-term videos tend to preserve sig-
nificant redundancy and noise owing to their overly prolonged
sequential frames, thus raising high requirements for models’
capability and computation efficiency. To tackle the challenge,
many long-term VideoQA approaches have emerged from
myriad angles, e.g., discriminatory video-linguistic model-
ing [6], [7], [8], mighty sampling schemes [9], [10], and
sufficient cross-modal interaction [11], [12] mechanisms.

Despite their considerable performance, most existing mod-
els share consistent bottlenecks: 1) Non-associative unimodal
representation: Modality-independent offline feature extractors
are employed to detour the costly computation overhead in uni-
modal representation modeling, especially for lengthy videos.
The representations are learned intrinsically separated, ignor-
ing the interplay and correlations between different modalities.
2) Asymmetric video-question paradigm: The relationship
between a video and a question often exhibits a one-to-
many structure in this asymmetric paradigm. Regardless of
how the question changes, the representation of the refer-
enced video stays immutable, which is counterintuitive and
impedes performance enhancements. 3) Gradient blocking: As
depicted in Figure 1(a), gradient flow is hindered between uni-
modal understanding and cross-modal interaction, rendering
the model’s overall optimization unviable and undermining the
generation of reliable answers.

More recently, CLIP models [13], [14] have shown
their powerful capability in joint representation learning
by employing a unified visual-text encoder. Concurrently,
Video-Language pretraining Models (VLMs) [15], [16], [17]
have harnessed sparse sampling techniques to encourage
affordable end-to-end modeling of raw cross-modal inputs,
offering a promising inspiration to address the aforemen-
tioned bottlenecks. These models are developed through
extensive pre-training endeavors, aiming at acquiring univer-
sal cross-modal knowledge to augment their understanding
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Fig. 1. Comparison of Existing VideoQA Paradigms with Our Approach.
(a) Canonical models following a two-stage paradigm utilize offline feature
extractors to mitigate computational overhead, yet suffer in domain-inde-
pendent, modality-unrelated, gradient-blocking problems. (b) Video-language
pre-training models facilitate affordable end-to-end modeling on the raw
cross-modal inputs. However, the extra appended classifier head results in task
disparity. (¢) Our MCG embodies an entirely end-to-end generative paradigm.

of complex video and language data. As illustrated in
Figure 1(b), the typical VLMs follow a two-phase paradigm:
pre-training and fine-tuning. During the pre-training phase,
these models undergo optimization through self-supervised
tasks such as video-text matching and masked language
modeling. Subsequently, they are fine-tuned to tailor their
performance for specific downstream tasks, such as video
question answering with task-specific objectives. Despite their
promising performance, the inherent gap in task objectives
between these two phases limits their generalization to
downstream question-answering tasks effectively and raises
pressing demand for numerous fine-tuning data. Furthermore,
in comparison to the pre-trained bases with large model
sizes and exposure to extensive data, the additional appended
question-answering head typically exhibits a comparatively
straightforward structure (e.g., a two-layer feedforward neural
network). It primarily serves the purpose of adapting to down-
stream tasks, lacking in-depth domain-specific knowledge
ratiocination, and inevitably brings unexpected extra param-
eters. The limited domain-specific ratiocination, along with
formulation discrepancy, hinder these models from achieving
superior performance.

In this paper, we reformulate VideoQA as a generative
task with a novel Multi-granularity Contrastive cross-modal
collaborative Generation (MCG) model without pulling in any
extra heads. MCG operates as an entirely end-to-end frame-
work for long-term VideoQA, indirectly taking raw videos and
questions as inputs to generate answers. To derive discrim-
inative representations possessing enriched visual concepts,
we introduce joint unimodal modeling in a clip base [13], [14],
and emphasize exploring intra-modal underlying instructive
interaction between sub-components with the supervision of
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its complementary modality. To enhance the generation of
high-quality unimodal semantics by capturing multi-granular
correspondence, we propose an innovative multi-granularity
contrastive learning strategy to activate the unimodal model
by leveraging external web-sourced video-language pairs. This
contrastive learning strategy incorporates both coarse-grained
instance-level contrastive learning to ensure global semantic
consistency and fine-grained token-level contrastive learning
to concentrate on subtle but crucial cues that might otherwise
be overlooked. To alleviate the task formulation discrepancy
problem, we adapt VideoQA to a generative task instead of a
classification task with a cross-modal collaborative generation
module, incorporating a cross-modal fusor to facilitate deep
multimodal interaction through cross-attention blocks and a
video-grounded answer generator to produce answers.
In summary, the main contributions are listed as follows:

o We propose a multi-granularity contrastive cross-modal
collaborative generation model, the first entirely end-to-
end solution for long-term VideoQA in an open-ended
generative formulation.

« We propose joint unimodal modeling to derive discrim-
inative representations possessing high visual concepts
and leverage a novel multi-granularity contrastive learn-
ing strategy to harness the intrinsically explicitly exhib-
ited semantic correspondences.

« We propose a cross-modal collaborative generation mod-
ule to reformulate VideoQA as a generative task,
empowering the model with the capability for cross-
modal high-semantic fusion and generation to rationalize
and answer.

e Our approach achieves state-of-the-art results on four
public VideoQA datasets: ActivityNet-QA, NExT-QA,
MSRVTT-QA, and MSVD-QA, and successfully extends
to multi-modal TVQA and diagnostic CLEVRER tasks,
demonstrating consistent generalization and robustness. !

II. RELATED WORK

This section provides a review of pivotal research in video
question answering and video-language pre-training models,
offering valuable context for our contributions.

A. Video Question Answering

VideoQA has earned increasing popularity in recent
vision-language bridging research. As a straightforward but
tougher extension of the ImageQA task, it targets exploring
interactive intelligence to infer reliable answers by extensive
communication with complicated real-world videos via natural
language questions.

The earliest work [18] tried to employ a sequence-to-
sequence framework directly extended from the ImageQA
model [19] to answer multiple choice questions over the video
frame sequences. To overwhelm the inadequacy of modeling
the video temporal details, Zhao et al. [20] leveraged the
hierarchical attention mechanism to capture frame and clip
dual-level video dynamics. Subsequently, numerous attention

IThe code is available at https://github.com/OpenMICG/mcg.
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Fig. 2. The proposed MCG framework comprises three key components: (a) Joint Unimodal Modeling (JUM) operates to derive discriminative representations
in the supervision of its complementary modality. (b) Multi-granularity Contrastive Learning strategy (MCL) leverages JUM to exploit multi-granular
correspondence, enhancing the generation of high-quality unimodal semantics. MCL incorporates Instance-granularity Contrastive Learning (ICL) to capture
global semantic consistency and Token-granularity Contrastive Learning (TCL) to concentrate on often overlooked yet crucial subtle cues. (c) The Cross-modal
Collaborative Generation (CCG) module includes a cross-modal fusor enabling deep multimodal information interaction and an answer generator producing
answers conditioned on referenced videos. During the question-answering phase, the joint unimodal encoder extracts discriminative unimodal semantics.
Subsequently, these semantics pass through the cross-modal fusor to yield fused cross-modal reasoning evidence. Finally, absorbing this evidence, the answer

generator generates the answer.

models flourished to study for a better focus on crucial
linguistic-guided visual facts. From the spatial-temporal atten-
tion perspective, Jang et al. [21] effectively localized critical
temporal frames from the video and figured out crucial spatial
regions from the individual frame. Considering the signif-
icance of capturing far-distant dependency, Gao et al. [4]
employed co-memory networks to model both appearance
and motion evidence to infer accurate answers. To preciously
associate correlated visual semantics in video with the intrinsic
intention in question, Fan et al. [22] devised a heterogeneous
memory network to integrate motion and appearance repre-
sentations to the co-attention learning phase.

Inspired by the success of non-recurrent Transformer [23]
in natural language processing, Li et al. [24] first attempted
to involve Transformer structure to operate the video-question
input sequences in parallel via positional self-attention blocks
and perform cross-modal interaction with the co-attention
mechanism. Depending on the Transformer, Peng et al. [9],
[25] incorporated multilevel cross-modal interaction at dif-
ferent temporal scales. To strengthen the reasoning ability
of the model, graph-structured models [11], [26] performed
multi-step reasoning in a progressive mode and afforded
considerable performance. Huang et al. [27] introduced a
location-aware graph convolution structure designed to deduce
not only the action categories but also the temporal locations.
From the angle of conditional relation analysis, Le et al. [2]
presented a general-objective reusable module to encapsulate
and convert tensorial objects into conditioning representations.
Gandhi et al. [28] stepped towards exploring compositional
consistency in existing models with a question decomposition
engine. Instead of involving the commonly-used empirical
risk minimization objective, Li et al. [29] introduced invariant

grounding to localize question-critical casual scenes to dimin-
ish the spurious correlations.

Neural-Symbolic solution [30] incorporated  a
neuro-symbolic concept learner capitalized on the intrinsic
symbolic reasoning process to bridge the gap between visual
concept acquisition and language semantic parsing. Drawing
inspiration from neural-symbolic learning and reasoning
methods [30], [31] in ImageQA, Yi et al. [32] developed
a neuro-symbolic dynamic reasoning model to investigate
the temporal and causal intricacies underlying synthetic
object-oriented videos. This specialized framework, known as
NS-DR, incorporates a video parser to obtain object-centric
frame-level representations, a question parser to transform
questions into functional programs, and a dynamic predictor to
predict video dynamic scenes and ultimately yield insightful
answers with a symbolic program executor. Building on
this, Chen et al. [33] introduced a unified dynamic concept
learner, strategically designed to anchor physical objects
within dynamic scenes. Notably, Ding et al. [34] introduced
ALOE, a more general neural network-based architecture,
distinguished by its use of unsupervised techniques for
object-centric representations [35], along with self-attention
mechanisms and dynamics learning. Demonstrating robust
performance in object-oriented scenes, ALOE exemplifies a
leading-edge approach to physical dynamic visual reasoning.
Subsequently, Ding et al. [36] introduced an innovative VRDP
model, seamlessly integrating differentiable physics into the
dynamic interaction process. These models, primarily focused
on object-oriented synthetic scenes, have shown impressive
dynamic visual reasoning capabilities but encounter challenges
when applied to real-world scenarios with natural videos and
open-ended questions.
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Concurrently emerging with VideoQA [37], MovieQA
presents distinctive challenges in reasoning across diverse
modalities, involving not only the visual content but also
additional textual resources like subtitles and plots of the
movies [38], as well as TV shows [39], [40], among others.
Approaches targeting both MovieQA and VideoQA share
similar underlying principles. With the explosive enrichment
of untrimmed web videos, research interests experience an
evolution to longer and more complicated videos. Yu et al. [41]
proposed the ActivityNet-QA dataset targeting understand-
ing untrimmed videos with long duration. Zhao et al. [7],
[42] employed a hierarchical reinforced network to answer
questions on long-term videos. To capture long-term tem-
poral dynamics, Yu et al. [10] proposed an action pooling
stream as complementary to the uniform sampling stream to
model video dynamics. Despite attaining strong performance,
most of these works rely on the offline appearance (e.g.,
VGG [43] or ResNet [44]) and motion (e.g., C3D [45] or
3DResNet [46]) extractors, detached from the latter question-
answering target, which has been a severe bottleneck and
results in gradient-blocking inside the model. Unlike the afore-
mentioned methods, we raise an entirely end-to-end solution
to tackle open-ended question-answering on long-term videos.

B. Video-Language Pre-Training Models

With the commitment to acquiring universal cross-modal
knowledge expressions, Video-Language Pre-training (VLP)
has garnered remarkable success in various video-text
downstream studies, including video retrieval [14], video
captioning [47], and video question answering [17]. The
representative VLP models mainly follow the encoder-only
structure or encoder-decoder architecture, specifically pos-
sessing a joint encoder or dual encoder appending with
a cross-modal fusion module. VideoBERT [48] steps the
first attempt to explore video-language pre-training regard-
ing video temporal dependencies and language sequential
representations in encoder-only structure. ActBERT [49] pro-
posed a joint video-text encoder to facilitate fine-grained
semantical interaction between global and local visual evi-
dence from video-text correspondences. HERO [50] performed
cross-modal communication in a hierarchical mode, covering
a cross-modal Transformer processing local contextualized
information within individual frames and a temporal Trans-
former to derive the global semantic across the video.
UniVL [51] presented as a unified video-text pre-training
encoder-decoder framework for both multimodal expres-
sion and generation. To learn better video-text expressions,
Miech et al. [52] presented a video-text encoder with con-
trastive learning from unlabelled and misaligned described
videos. Patric et al. [53] incorporated a generative objec-
tive with the contrastive objective to train the video-text
dual encoder to derive associated cross-modal representa-
tions. Bain et al. [14] introduced a dual encoder pre-trained
on large-scale video and image captioning benchmarks for
efficient video-text retrieval. BLIP [54] employed a cap-
tioner to effectively enhance pre-training language data quality
and bootstrap image-text pre-training for unified vision-text
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learning. OmniVL [55] supported different visual modalities
with functionality tasks unified in identical encoder-decoder
architecture covering two visual-grounded decoders.

More recently emerging VLP models [15], [16], [17] incor-
porating sparse sampling techniques encourage affordable
end-to-end modeling on the raw cross-modal inputs, offering
a way to facilitate the settlement of the domain-disconnection
and task-isolation problems caused by conventional two-stage
VideoQA frameworks. CLIPBERT [15] presented the less-
is-more theory and verified that pre-training with sparsely
sampled clips is competent to reach higher accuracy compared
to the conventional densely extracted features. On the top of
CLIPBERT, SiaSamRea [17] embraced a siamese selection
to extract several siamese video clips sparsely and explored
inside knowledge among contextual clips with a siamese
reasoning engine. To skillfully take benefit of region-entity
visual knowledge and strengthen fine-grained alignment,
ALPRO [16] introduced an entity prompts pre-training module
encouraging instance-level and object-level alignment, greatly
satisfying various downstream tasks. However, the additional
task-specific heads involved in these models lack in-depth
ratiocination and inevitably bring unexpected extra parameters.
The inherent disparity in task formulation fails to deliver
superior performance and raises surging demand for numerous
video-question-answer data. To overcome the task formulation
discrepancy problem, this paper adapts VideoQA to a genera-
tive task with a novel multi-granularity contrastive cross-modal
collaborative generation model without pulling in any extra
heads.

III. METHOD

The proposed multi-granularity contrastive cross-modal col-
laborative learning network is illustrated in Figure 2. Unlike
the prior asymmetric format, this paper reformulates the
VideoQA paradigm with a one-to-one symmetric pattern in a
triplet (C, Q, A) fashion. Specifically, for an arbitrary question
0, the model stochastically picks out RGB frames sparsely in
real-time to reconstruct a new augmented video clip C and
performs multi-granularity cross-modal collaborative learning
to generate the answer A correctly. Note that the model is opti-
mized end-to-end, ensuring gradient flow support throughout
the entire framework.

A. Joint Unimodal Modeling

Joint Unimodal Modeling (JUM) emphasizes explor-
ing intra-modal underlying instructive interactions among
sub-components with the supervision of another modality in a
clip-base structure [13].

1) Intra-Video Model: To efficiently capture rich visual
details from sparse frames while circumventing the expen-
sive computation demands, we introduce an Intra-Video
Module (IVM) based on TimeSformer [56] architecture.
Considering continuous frames in a steady scenario always
holding consistent semantics, the intra-video model performs
a sparse head-tail sampling over the video, as depicted
in Figure 3(a). For the sparsely sampled frames, we first
partition the individual frame into non-overlapping patches

Authorized licensed use limited to: Hangzhou Normal University. Downloaded on June 21,2024 at 05:34:47 UTC from IEEE Xplore. Restrictions apply.
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Fig. 3. Tllustration of Intra-Video Model (IVM). (a) Sparse Head-Tail
Sampling. (b) Frame Partition. (c) Sparsely Time-Space Divided Attention.

and then obtain a sequence of patch tokens through flatten-
ing and linear projection. Additional positional signals are
also incorporated into the patch tokens. Next, the model
sequentially performs multi-head temporal self-attention and
multi-head spatial self-attention, focusing on temporal and
spatial cues, respectively. This step-by-step attention mech-
anism effectively reduces computational complexity. Guided
by temporal cues, the spatial self-attention module further
explores spatial-range dependencies by analyzing instructive
interactions across the spatial axis, leveraging a sparsely
factorized spatial-dimensional attention mechanism. Finally,
the spatial cue is input into the feed-forward network and
combined with the temporal cue using a summation operation
to generate the intra-modal video representation. To facili-
tate the formula expression, we present the output as X =
{xcis. x1, %2, ..., x1,} € R@+Dxdy | \where x,, summarizes
the video concepts.

2) Intra-Question Model: In a hierarchical collaborative
parsing pattern, the Intra-Question Module (IQM) leverages a
trainable multi-layer bidirectional transformer [57] to capture
not only an instance-level summary but also fine-grained
token-level semantics. We append an additional [C LS] token
to the beginning of the input to derive the global semantic
and inject positional encodings into the input embeddings to
memorize the order of tokens. Formally, when provided with
a language input consisting of Ty words, the model produces
Y = {Yeis» ¥1, Y2, .-, ¥1,}, Where yes € Ry preserve the
instance-grained semantié, while {y1,y2,...,y7,} € RTyxdy
holds the fine-grained token-level embeddings of dy dimen-
sionality.

B. Multi-Granularity Contrastive Learning

To harness multi-granular correspondence and facilitate the
generation of high-quality intra-modal semantics covering
broad visual concepts, we introduce a novel Multi-granularity
Contrastive Learning (MCG) strategy to activate the joint
unimodal model by leveraging external web-sourced video-
language pairs. We incorporate contrastive learning from two
aspects: coarse-grained instance-level contrastive learning and
fine-grained token-level contrastive learning.

1) Instance-Grained Contrastive Learning: To capture the
global semantic consistency, we incorporate Instance-grained
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Contrastive Learning (ICL) to encourage positive cross-modal
pairs to be mapped nearby while negative pairs are as far
apart as possible in the shared semantic space. Following [13],
we first adopt two linear functions g,(-) and g,(-) to project
the instance-wise semantics {x.} and {y.s} into a normal-
ized space. Then, we perform the similarity function on
the intra-modal video semantic X and the intra-modal text
semantic ) as follows:

sim(X, ) = gx(xcis) 'gy(ycls) (D

We use the symmetric temperature-normalized contrastive
learning strategy to maximize the interactions between the
matched pairings. The two stream cross-modal inputs (X;, V;)
in a minibatch are alternately taken as queries and keys:

6% = og Bew(sim(?(i,yi)/n)
> j=1exp(sim(X;, ¥j) /)

exp(sim(Yi, &) /1)
Y8 exp(sim(Vi, Xj)/T1)
where B represents the batch size and t; denotes the learn-
able instance-wise temperature parameter. The symmetric

temperature-normalized contrastive loss of instance-grained
cross-modal module is formulated as:

y2x _
6T = —lo

2)

N
L1t T T) = 55 D C2 46 )
i=1
where 7y,,7;, represent the parameters of the intra-video
model and intra-question model. N denotes the whole number
of the video-text pairs.

2) Token-Grained Contrastive Learning: Considering the
fact that some vital subtle clues are feasible to be ignored
during the instance-grained cross-modal optimization, we pro-
pose Token-grained Contrastive Learning (TCL) to explicitly
execute in-depth interaction between the video patches and
text tokens. Specifically, for the i th Video-teNXt pair (&;, Vi),

we reserve the video token semantics A; = {xl.l, e,

xl.] ey xiJ } into an internal memory buffer and mapped the
h : koo ) 1 k K

k' text token semantic yiin Y ={y,....,¥,..., ¥} to

an internal state uf? of memory-dimension d,,. Then, we let
the internal state uf‘ guide the knowledge extraction from
memory M; and learn the attention weights p; to deliver the
corresponding cross-modal video response rl.k .

rl-k = Ml-Tsoftmax(tanh(M,-))Ttanh(uf)) 4)

where M; € R’/*% denotes the i’ memory buffer with
J memory slots. Subsequently, the symmetric temperature-
normalized contrastive loss is employed to pull y{‘ close to
its corresponding video response rl.k , but far away from other
video tokens. The token-grained video-to-language contrastive
loss can be formulated as follows:

exp(sim(yf. rf) /)
> K expisimGE.r))/m)

exp(sim(rf, y5) /)
> expGsim(rE, y)) /)

2
Zg "= —log

r2y
ei

= —log
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£tvc = ﬁz

N K
i=1

ak (0 67 )
k=1
where 1, represents the learnable token-grained temperature
parameter, note that af‘ is the saliency weight assigned to
the k' textual token, allowing us to distinguish the various
significance of different word tokens. Simultaneously, for the
j™ video token-grained semantics in the i’ h pair, we calculate
the cross-modal textual response fiJ and perform a contrastive
operation between the video token-grained semantic xl.j and
fij in the same manner. The token-grained language-to-video
contrastive loss is expressed as:

1

N J
DI I ACRER (6)

i=1 j=1

ﬁtlc =

where ,Bl.J denotes the importance parameter assigned to the
j™" visual patch. The final symmetric temperature-normalized
contrastive loss of the token-grained contrastive learning is

defined as:
1
ETCL(; Z)ms %m) = E(Etvc + [/tlc) (7N

The multi-granularity contrastive objective can be repre-
sented as:

LycrG Toms Tgm) = 01 % LicL + 62 % LrcL (3

where 6 and 6, are hyperparameters that control the balance
between the two levels of contrastive learning and are typically
set to 1 by default.

C. Cross-Modal Collaborative Generation

The Cross-modal Collaborative Generation module (CCG)
equips our model with the capability for cross-modal interac-
tion and generation so as to reason and describe. We design
a cross-modal fusor to enable the deep interaction of multi-
modal information with cross-attention blocks and an answer
generator to generate answers conditioned on the referenced
video.

1) The Cross-Modal Fusor: Taking the video and linguistic
semantics as inputs, the Cross-modal Fusor (CFor) is dedicated
to generating a fused cross-modal reason result by explor-
ing deeper informative interaction and communication with
stacked transformer blocks. Each transformer block comprises
a Self-Attention (SA) layer, a Cross-Attention (CA) layer, and
a Feed-Forward Network (FFN). An additional [FUS] token
is appended to deliver the fused cross-modal reason result.
We adopt the widely applied video-text matching (VIM) loss
Lvrm G Zer, Tym) to activate the CFor module for learning
cross-modal fusion, capturing fine-grained interactions and
alignments between different modalities. Afterward, we intro-
duce a fully connected layer to the CFor output, generating
a two-category probability, p'™. H calculates the binary
cross-entropy between pU"™ and the ground-truth g¥™.

LyvrmG Ty, Tom) = Ex yy~pH@""™", p"™(X, V)  (9)
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2) The Answer Generator: The Answer Generator (AGor)
targets generating open-ended answers. Conditioned on the
referenced video and the fused reason evidence, the AGor
plays the text generator roles by employing a CFor-similar
transformer while replacing the SA layer with casual self-
attention following [54] and [55]. Additionally, tokens [GEN]
and [EOS] are separately added to signal the task and the end.
Recent works [58] reveal that language modeling loss facil-
itates the model with the generalization ability to transform
visual facts into coherent descriptions. Building on this inspi-
ration, we activate the AGor module using Language Modeling
Loss (LM), denoted as Lra( Zug, Zivm), to maximize the
likelihood of the input text in an autoregressive mode.

L
‘CLM(a %g7 Z}m) = ]E(xi,y,',z,')ND [Z log P(Zi |Z<Za xi):|
=1
(10)

where L refers to the length of the input sequence, while 7,
and 7y, represent the parameters of the AGor and intra-video
model, respectively.

D. Overall Training Objectives

We jointly train our MCG framework with three loss
functions: multi-granularity contrastive learning (MCL) loss,
video-text matching (VTM) loss, and language modeling (LM)
loss. Both internal VideoQA data and external web-sourced
video-language pairs are utilized to optimize the model.
During fine-tuning, we use only the LM loss. The overall
training objective, combining Eqn. 8 through Eqn. 10, can be
represented as:

L=M*Lycr+ *xLyry+r3*xLry (11)

where A1, Ay, and A3 are balanced hyper-parameters, with
default values set to 1. Note that during the question-answering
phase, we first convert the question and the video into dis-
criminative unimodal semantics by joint unimodal modeling.
Subsequently, we feed these unimodal semantics into the CFor
module to deliver the fused cross-modal reason evidence.
Finally, with this reasoning evidence incorporated, we employ
the AGor to generate the answer.

IV. EXPERIMENTS
A. Benchmark and Implementation Details

1) Benchmarks: We assess the performance of the proposed
MCG on six publicly available datasets for video question
answering, following standard data preprocessing, evaluation,
and settings for each benchmark. Detailed statistics are pre-
sented in Table I.

o ActivityNet-QA [41] targets comprehending long-term

videos through manually curated question-answer pairs.
It challenges models with open-ended motion, temporal-
spatial relationships, and standard description questions.
It holds 5.8K untrimmed complex web videos with an
average duration of 180 seconds and 58K question-
answer labels with an average length of 8.7 and
1.9 words.
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TABLE I

DETAILED STATISTICS OF THE SIX REPRESENTATIVE VIDEOQA
DATASETS. VLEN. INDICATES THE AVERAGE DURATION OF THE
VIDEOS, AND Q/A LEN. DENOTES THE AVERAGE LENGTH
OF QUESTIONS AND OPEN-ENDED ANSWERS

Benchmark #Video #QA VLen. Q/A Len.
ActivityNet-QA [41] 5,800 58,000 180s 8.7/1.9
NEXT-QA [59] 5,440 52,044 44s 11.6/2.6
MSRVTT-QA [60] 10,000 243,680 15s 7.4/1
MSVD-QA [60] 1,970 50,505 10s 6.6/1
TVQA [39] 21,793 152,545 76s 13.5/-
CLEVRER [32] 20,000 305,280 Ss 11/-

NExT-QA [59] is a newly presented dataset emphasizing
causal and temporal video question reasoning beyond
descriptive goals. It contains 5,440 videos with an average
duration of 44 seconds and humanly annotated questions
and answers with an average of 11.6 and 2.6 words. Both
open-ended QA and multi-choice QA are supported.
MSRVTT-QA [60] is automatically annotated to under-
stand short-term video and focus on standard open-ended
descriptive QA. It is large-scale, covering 10K trimmed
video clips with a short average duration of 15s and 244K
QA labels of straightforward syntactic structure.
MSVD-QA [60] focus on open-ended descriptive QA
tasks similar to MSRVTT-QA. However, It is small-
scale, carrying only 2K videos with the shortest average
duration of 10s. The automatically generated 51K QA
labels primarily follow a simple grammatical format due
to the natural language annotation algorithm.

TVQA [39] targets multi-modal video question answer-
ing. This dataset poses unique challenges as it requires
reasoning across diverse modalities, encompassing not
only visual content from television but also supplemen-
tary resources like subtitles and speech.

CLEVRER [32] is a unique diagnostic video question
answering dataset, that emphasizes investigating the tem-
poral and causal relationships within videos featuring
simple visual objects, under a meticulously controlled
environment.

L]

2) Implementation Details: We implement the MCG model
via the PyTorch deep-learning framework [61]. Specifically,
the sparse spatial-temporal factorized attention block within
the intra-video module is initialized with weights from the ViT-
B/16 model pre-trained on ImageNet [62]. The intra-question
module is initialized from the former six layers of BERT45,
[57]. The cross-modal fusor and generator are initialized
with the last six-layer weights from the BERT,;, model.
Following ALPRO [16], we construct external pre-training
data utilizing the web-sourced dataset WebVid-2M [14], which
contains 2.5 million video-text pairs, and the image-to-video
preprocessed conceptual captions dataset CC-3M [63] fea-
turing 3 million image-text pairs. Additionally, to get better
pre-trained parameters for VideoQA adaption, we built inter-
nal VideoQA-specific pre-training data with TGIF-QA [21].
We pre-trained MCG for ten epochs and optimized it with
AdamW [64] optimizer with a 0.001 weight decay. The
learning rate was initially warmed up to le~* and then linearly
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decayed to 1e™>. For variable-length diverse-resolution video
input, we employed the sparsely head-tail sampling strategy
to derive 4 x 224 x 224 video clips. During the fine-tuning
stage, we raise the frame resolution to 384 x 384 and tweak
the sparse sample number to 8. To accommodate different
scales and domains, we employed dataset-specific training
epochs and learning rates based on validation results. During
testing, we observe the standard test split settings and assess
the quality of generated answers with the top-1 Accuracy [60]
and the Wu-Palmer similar (WUPS) [65] evaluation criteria.

B. State-of-the-Art Comparison

We evaluate the performance of our MCG model by com-
paring it against the state-of-the-art methods on four publicly
available VideoQA benchmarks. Detailed experimental com-
parisons and analyses are presented below.

1) Comparison on AcitivityNet-QA: In Table II, we present
a comprehensive comparison of the MCG model with exist-
ing state-of-the-art models, including RNN-based approaches
like EVQA [18], memory networks such as CoMem [4],
HME [22], and MHMAN [12], as well as modular attention
networks like AMU [60] and CAN [10], all of which follow
a two-stage paradigm. Additionally, we reproduce the typical
video-language pre-training model ALPRO [16] on long-term
videos as the representative pre-trained comparison model.
Our experimental results yield several noteworthy findings:
ALPRO consistently outperforms all existing frameworks and
achieves a remarkable 2.7% improvement in overall accuracy
over the state-of-the-art two-stage network MHMAN. This
underscores the crucial role of external implicit knowledge
acquired through pre-training in enhancing long-term video
understanding and QA reasoning. However, as impressive as
ALPRO?’s performance is, it falls short of our proposed MCG
model. MCG achieves state-of-the-art results across all evalu-
ation metrics, surpassing ALPRO by 3.5% in overall accuracy,
4.6% in WUPS @0.9, and 3.8% in WUPS@0.0. These results
underscore the significance of end-to-end video rationale cou-
pled with answer generation. A closer examination reveals that
MCG exhibits a remarkable 5.3% improvement in motion-
related tasks, a 4.8% improvement in tasks involving spatial
relationships, and a 5.2% improvement in tasks related to
temporal relationships when compared to the pre-trained SoTA
model [16]. This notable performance enhancement in these
critical aspects demonstrates MCG’s ability to grasp both long
video dependencies and spatial cues, which are particularly
valuable in long-term VideoQA. This detailed comparison on
the ActivityNet-QA benchmark underscores the superiority of
the MCG model in handling complex video understanding and
reasoning tasks.

2) Comparison on MSRVTT-QA and MSVD-QA: We further
investigate the performance of the MCG model on short-term
videos by evaluating it on the MSRVTT-QA and MSVD-
QA datasets. The results of this comparison are presented
in Table III. From the experimental results, it is evident that
MCG exhibits a significant improvement over previous state-
of-the-art models on both benchmarks. Notably, it achieves
an impressive 8.4% and 11.5% increase in overall accu-
racy, demonstrating its effectiveness in handling short-term
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TABLE I

EXPERIMENTAL COMPARATIVE RESULTS OF THE PROPOSED MCG AND EXISTING SOTAS ON ACTIVITYNET-QA BENCHMARK. ALL RECORDS
ARE LISTED AS A PERCENTAGE (%). “SPAT. REL” AND “TEMP. REL.” ABBREVIATE SPATIAL RELATIONSHIP AND TEMPORAL RELATIONSHIP
TASKS, RESPECTIVELY. “OBJ.,” “LOC.,” AND “NUM.” CORRESPOND TO OBJECT, LOCATION, AND NUMBER TASKS,

RESPECTIVELY. THE SYMBOL T DENOTES A REPRODUCTION VERSION IMPLEMENTED ON LONG-TERM VIDEOS, AND THE
BEST RESULTS ARE HIGHLIGHTED IN BOLD

Method | Accuracy (%) | WUPS (%)
| Motion ~ Spat. Rel.  Temp. Rel. | Y/N  Color Obj. Loc. Num. Other Free | All | @09 @0.0
EVQA[18] 2.5 6.6 1.4 527 273 7.9 8.8 44.2 206 343 | 25.1 29.3 53.5
CoMem[4] 16.1 13.8 2.9 583 29.8 154  18.1 44.4 293 403 | 31.5 343 56.1
AMU[60] 9.8 14.0 2.3 61.1 27.0 19.8 23.1 45.2 30.1 419 | 319 | 36.1 57.3
CAN[10] 21.1 17.3 3.6 62.6 31.1 20.1  30.6 48.0 333 445 | 354 | 405 60.0
HME[22] 19.4 14.1 3.0 59.7  31.6 16 194 454 30.0 414 | 327 | 36.7 57.1
MHMANT[12] 23.1 19.8 4.4 63.2 32.1 220 332 48.5 36.8 46.2 | 37.1 42.8 62.1
ALPROT[16] 23.5 19.3 2.9 71.3 364 255 350 525 357 503 | 39.8 | 439 65.3
MCG 28.8 25.1 8.1 731 389 308 389 556 38.7 53.0 | 43.3 | 485 69.1
TABLE IIT

EXPERIMENTAL COMPARATIVE RESULTS OF THE PROPOSED MCG AND EXISTING SOTAS ON MSRVTT-QA (LEFT) AND MSVD-QA
(RIGHT) BENCHMARKS. ALL VALUES ARE REPORTED AS PERCENTAGES (%). THE SYMBOL § DENOTES A REPRODUCTION
VERSION CONDUCTED BY US. THE BEST OUTCOMES ARE EMPHASIZED IN BOLD

| MSRVTT-QA | MSVD-QA
Method | What Who How When Where All | What Who How When Where  All
EVQA [18] 18.9 38.7 83.5 70.5 29.2 26.4 9.7 42.4 83.8 72.4 53.6 23.3
STVQA [66] 24.5 41.2 78.0 76.5 349 30.9 18.1 50.0 83.8 72.4 28.6 31.3
CoMem [4] 23.9 425 74.1 69.0 429 32.0 19.6 48.7 81.6 74.1 31.7 31.7
AMU [60] 26.2 43.0 80.2 72.5 30.0 32.5 20.6 475 83.5 72.4 53.6 32.0
CAN [10] 26.7 43.4 83.7 75.3 35.2 33.2 21.1 479 84.1 74.1 57.1 324
TSN [67] 27.9 46.1 84.1 77.8 37.6 35.4 25.0 51.3 83.8 78.4 59.1 36.7
HME [22] 26.5 43.6 82.4 76.0 28.6 33.0 224 50.1 73.0 70.7 429 33.7
MHMAN [12] | 287 471 851  77.1 352 356 | 233 507 841 724 53.6 346
HGA [26] 29.2 45.7 83.5 75.2 34.0 35.5 23.5 50.4 83.0 72.4 46.4 34.7
ALPROT[16] 36.0 51.7 85.7 79.6 423 41.9 36.0 57.0 82.2 72.4 46.6 44.7
MCG 38.1 53.9 85.7 81.2 45.2 44.0 394 60.6 84.1 77.6 57.1 48.2
video comprehension tasks. While the performance improve- TABLE 1V

ments are relatively modest compared to long-term video
datasets, these results underscore the remarkable capabilities
of the entirely end-to-end MCG structure. To delve deeper
into the reasons behind this achievement, we reproduce the
representative VLP model ALPRO, which leverages external
pre-training on 5.5 million video-text pairs. As expected,
ALPRO substantially enhances performance, achieving 41.9%
overall accuracy on MSRVTT-QA and 44.7% overall accuracy
on MSVD-QA. This surpasses the hierarchical graph-based
network HGA [26], equipped with sophisticated reasoning
mechanisms, by a margin of 6.4% and 10.0% in accuracy.
These findings highlight the value of external knowledge
involving weak supervision pre-training is conducive to deliv-
ering a good performance on video question answering tasks.
Surprisingly, our MCG model surpasses this newly pre-trained
SoTA model by 2.1% on MSRVTT-QA and 3.5% on MSVD-
QA. Moreover, when considering specific question types,
MCG consistently achieves the highest accuracy on both
MSRVTT-QA and MSVD-QA, illustrating its competence in
short-term video descriptive analysis.

3) Comparison on NExT-QA: We conducted additional
experiments on the challenging NExT-QA dataset, which
places a strong emphasis on temporal and causal reasoning in
a multi-choice task. To ensure a fair comparison, we adjusted

EXPERIMENTAL COMPARATIVE RESULTS OF ACCURACY ON NEXT-QA
DATASET. ALL RECORDS ARE LISTED AS A PERCENTAGE (%). THE
“C”, “T”, AND “D” REFER TO THE CAUSAL, TEMPORAL,

AND DESCRIPTIVE TASKS, RESPECTIVELY. THE BEST
RECORDS ARE EMPHASIZED IN BOLD

| NEXT-QA
Method | Acc@C  Acc@T  Acc@D  Acc@A
EVQA [18] | 4327 4693 4562 4492
STVQA [66] | 4551 4757 5459 4764
CoMem [4] | 4585 5002 5438 4854
HCRN [2] 4707 4927 5402 4889
HME [22] 4676 4889 5737 49.16
HGA [26] 4813 4908 5779 5001
IGV [29] 4856 5167 5964 5134
JustAsk [68] | 4166 4411 5997 4530
ATP [69] 5300 5020 6680 5430
VGT [11] 5278 5454 6726 5570
MCG | 5731 5645 6819  58.83

the MCG model to adapt to the multi-choice paradigm by
calculating the video-text matching score for each video and
the answer candidates. As depicted in Table IV, the pro-
posed MCG outperforms prior state-of-the-art models across
all sub-questions, including causal, temporal, and descriptive
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TABLE V

ABLATION STUDIES ON THE ACTIVITYNET-QA TEST SPLIT. ALL VALUES
ARE PRESENTED AS PERCENTAGES (%). “SPA. R.” AND “TEM. R.”
ABBREVIATE SPATIAL RELATIONSHIP AND TEMPORAL
RELATIONSHIP, RESPECTIVELY

Methods \ Motion  Spa.R. Tem.R. Free All
Baseline 18.8 14.4 3.0 438 343

w/ JUM 244 219 35 473 382

w/ JUM&MCL 25.1 214 4.3 51.1 414
w/ JUM&MCL&CCG 28.8 25.1 8.1 53.0 433
MCG w/o TCL 23.8 20.0 43 499 398
MCG w/o ICL 25.0 23.8 44 523 419
MCG w/ ICL&TCL 28.8 25.1 8.1 53.0 433
MCG-CH 25.1 21.4 43 S51.1 414
MCG 28.8 25.1 8.1 53.0 433

tasks. Specifically, compared to the two-stage SoTA model
IGV [29], which is conditioned on invariant grounding with-
out cross-modal pre-training, MCG achieves a remarkable
7.4% increase in overall accuracy and an incredible 8.7%
improvement in the causal reasoning task. This improve-
ment is attributed to the collaborative reasoning capability
of MCG. We also conducted a detailed examination of prior
SoTA models, namely VLP JustAsk [68], ATP [69], and
VGT [11], which are pre-trained on large-scale external
web-sourced data. The experimental results are presented in
the second split of Table IV. Interestingly, we observe that
these typically pre-trained models on NExT-QA have seen
limited performance boosting in temporal and causal reason-
ing types. This limitation may be attributed to the domain
gap between externally sourced data and QA-specific data.
However, MCG, which incorporates both external and domain-
specific data, effectively mitigates domain disconnection issues
and consistently outperforms these competitive video-language
pretraining counterparts [11], [68], [69]. It achieves absolute
overall accuracy gains of 13.5%, 4.5%, and 3.3%, respectively,
highlighting its effectiveness and causal reasoning advantage.
These results underscore the superior performance and causal
reasoning capabilities of the MCG model on the NExT-QA
dataset.

C. Ablation Study

In this section, we conduct a comprehensive ablation
analysis on the ActivityNet-QA dataset. Our objective is to
investigate the effects of several critical components: joint
unimodal modeling, multi-granularity contrastive learning, and
the cross-modal collaborative generation module in the context
of long-term videos. Additionally, we delve into the influence
of varying video sampling rates for variable-length videos
across different benchmarks, explore the impact of model
parameters and pre-training data size, and assess MCG’s
generalization ability across different video scenarios.

1) MCG Versus Baseline: In the top split of Table V,
we aim to assess the individual contributions of various
components within the MCG model. To establish a baseline,
we systematically remove or replace key components from the
complete MCG system. These components include the JUM
module, the MCL strategy, and the CCG module substituted
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Fig. 4. In-depth ablation study comparing multi-granularity contrastive

learning (w/ ICL&TCL) with uni-granularity contrastive learning (w/o ICL
and w/o TCL) across various task types, including temporal relationship
(Tem. R.), spatial relationship (Spa. R.), motion, and free tasks. Best viewed
in color.

with the AGor. Specifically, we replace the JUM with offline
feature extractors [10], discard the MCL strategy, and replace
the AGor in the CCG with a classification head in the system
baseline. JUM: We begin by examining the impact of JUM,
and the ablation results are presented in the first two rows of
Table V. When compared to the system baseline, equipping
the model with joint unimodal modeling (w/ JUM) in clip
fashion [13] leads to a consistent improvement in perfor-
mance. Specifically, the overall accuracy increases by 3.9%,
with notable performance enhancements observed across all
sub-questions. Notably, tasks related to motion, spatial rela-
tionships, and free-form tasks see substantial improvements,
with scores increasing by 5.6%, 6.5%, and 3.5%, respectively.
These results underscore the effectiveness of joint unimodal
modeling in expressing discriminative representations with the
supervision of complementary modalities, thereby playing a
vital role in enhancing video question-answering capabilities.

MCL: To assess the performance of MCL, we enhance
the baseline by incorporating MCL into the JUM module
(w/ JUM&MCL). The experimental results demonstrate a
notable 7.1% improvement in overall accuracy when MCL is
combined with JUM. This outcome validates our hypothesis
that MCL has the capability to harness hierarchical intrinsic
semantic correspondences, thereby facilitating cross-modality
understanding.

CCG: We further explore the impact of the CCG mod-
ule. When we add the collaborative generation module to
the baseline system equipped with JUM and MCL, denoted
as w/ JUM&MCL&CCG, our model experiences significant
performance improvement, achieving the best performance.
Quantitatively, the CCG module contributes to an average
3.7% gain in motion-related, spatial relationship-related, and
temporal relationship-related tasks, ultimately resulting in an
overall accuracy of 43.3%. These substantial enhancements
underscore the effectiveness of the CCG module.

2) Multi-Granularity Versus Uni-Granularity: In the middle
part of Table V, we conduct an in-depth analysis of MCL by
comparing it to uni-granularity contrastive learning. Firstly,
we remove the TCL loss from the overall training objectives,
effectively setting 6, to 0 in Eqn.8, and retain only the
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Fig. 5. Visualization of training and validation accuracy trends across various
training epochs for (a) MCG-CH, a model variant employing a Classifier
Head, and (b) MCG, the proposed model with language generation capability.
Optimal viewing experience in color.

TABLE VI

ABLATION STUDIES INVESTIGATING THE IMPACT OF DIFFERENT
VIDEO FRAME SAMPLING RATES ON FOUR VIDEO QUESTION
ANSWERING BENCHMARKS. ALL RECORDS ARE
REPORTED AS A PERCENTAGE (%)

#Frames | 2 4 8 12 16
ActivityNet-QA | 39.8 41.6 433 44.1 443
NEXT-QA 543 569 58.8 59.6 599
MSRVTT-QA 421 429 440 442 443
MSVD-QA 46.3 47.1 48.2 483 483

uni-granularity ICL loss. This configuration is represented as
MCG w/o TCL. The comparison results clearly demonstrate
that eliminating the TCL loss leads to a noticeable drop in per-
formance across all sub-tasks. Similarly, we also experiment
with removing the ICL loss from the full model by setting the
hyperparameter 6; to 0 in Eqn.8, referred to as MCG w/o ICL.
Once again, the results show significant performance degra-
dation compared to the multi-granularity contrastive model.
Detailed comparisons are visualized in Figure 4. In sum-
mary, both uni-granularity contrastive losses (i.e., ICL or
TCL) play a crucial role in performance enhancement, while
multi-granularity contrastive learning, which incorporates both
of them, achieves the best performance.

3) Generation Versus Classification: We study MCG’s
variant by replacing the answer generator with a classifier
head. Specifically, the output of the [FUS] signal from the
cross-modal fusion module is directed to a K-way classi-
fier following [15], [16], and [17]. As illustrated in the
bottom block of Table V, this classification variant model,
referred to as MCG-CH, results in a significant drop in
performance, highlighting that the task-specific classifier head
lacks the depth of reasoning required for video question
answering. To further verify our assumption that incorporating
a task-disparity classifier head inevitably brings in unexpected
extra parameters and may lead to severe over-fitting in video
question answering, we conducted in-depth experiments to
analyze the performance on both training and validation data,
respectively. Figure 5 provides a visual representation of train-
ing and validation scores across various training epochs. The
experimental results indeed confirm the presence of overfitting
in the classifier variant model MCG-CH. Moreover, it’s evident
from the trends in the MCG curves that MCG with a generative
solution can mitigate the overfitting problem to some extent.

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 33, 2024

TABLE VII

COMPARISON WITH EXISTING VIDEO-LANGUAGE PRE-TRAINING
MODELS CONCERNING MODEL PARAMETER SCALE AND
PRE-TRAINING DATA S1ZE

Method PT Data Model Size
ClipBERT [15] COCO[70]&VG[71](5.6M) 137M
JustAsk[68] HTVQA[68](69M) 600M
ATP [69] WebIT[13](400M) 428M
VGT [11] WV[14](0.18M) 511M
ALPRO[16] WV[14]&CC[63](5.5M) 240M
FrozenBiLM [72] WebVid10M[14](10M) 890M
MCG WV[14]&CC[63]&TGIF[21](5.6M) 297M

In summary, the ablation results underscore the superiority
of solving question-answering tasks in a generative paradigm
and simultaneously subtly alleviate the task formulation
discrepancy.

4) Sparse Sampling Versus Dense Sampling: In Table VI,
we investigate the influence of video frames sampling rate
across all four video question answering benchmarks. Intu-
itively, increasing the number of frames should bring in more
information and potentially facilitate the delivery of better
performance. Figure 6 illustrates the performance trends of the
model as the number of sampled frames varies from sparse to
dense. From the evaluation curve trends, we observe that the
model consistently experiences rapid performance improve-
ment across all benchmarks when using sparse samples,
ranging from 2 to 8 frames. However, as the number of sam-
pled frames gradually increases from 8 to 16, the performance
tends to reach saturation, especially for short-term videos.
Even for the ActivityNetQA dataset, which features prolonged
videos, the model’s performance approaches saturation when
the number of samples reaches eight, with only slight accuracy
gains beyond this point. Considering the balance between
computational efficiency and model performance, we have
consistently set the sampling number to 8 for our final MCG
across all benchmarks. Sparse sampling not only enables
efficient end-to-end modeling but also benefits video question
answering with high quality and efficiency.

5) Model Parameters and Pre-Training Data Size: In
Table VII, we present a comprehensive comparison of MCG
with other video-language pre-trained models, focusing on
model size and pre-training data size. It is generally under-
stood that larger models, supported by extensive pre-training
data, typically yield enhanced performance. Remarkably, our
MCG model demonstrates superior results when compared to
models like ALPRO, which are similar in scale concerning
both model size and pre-training data size. MCG even sur-
passes larger-scale architectures such as JustAsk, which has
600 million parameters and benefits from a large, domain-
specific pre-training dataset. This demonstrates that MCG’s
performance is not merely a function of its parameter count
or data scale.

We further extend our analysis to Image-Language pre-
trained Models (ILMs) [13], [54], [73], [75] versus Video-
Language pre-training models (VLMs) [11], [15], [16], [68],
as visualized in Figure 7. Since the increased accessibility
of image data and the comparatively simpler data structure,
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Fig. 7. Comparison of Image-Language and Video-Language pre-training

models concerning model parameter scale and pre-training data size.

ILMs have advanced more rapidly than VLMs. As the figure
illustrates, VLMs generally exhibit smaller scales in terms of
model and pre-trained data sizes. This discrepancy arises from
the cost and complexity associated with obtaining video-level
annotations due to the temporal nature of videos and their
richer content. The notable gap between ILMs and VLMs
highlights the urgent need for more efficient tuning methods
and strategies for adapting powerful image-language models
to VideoQA tasks.

To provide preliminary insights into the adaptability of
image-language pre-trained models to video question answer-
ing, we conducted two sets of exploratory experiments.
Table VIII presents a comparative performance of BLIP (ViT-
B) [54], BLIP-2 (ViT-L-OPT2.7B) [73], and our MCG model
on ActivityNet-QA. To adapt BLIP to the video, we randomly
selected a single frame per video to ensure a straightforward
end-to-end training process without modifying the model’s
architecture. We adapted BLIP-2 to video with a concate-
nation setting, where the uniformly sampled eight frames
were processed by the VIT-L [13] and the Q-former, with
OPT [76] taking the concatenated visual features as the
prefix. The results from these experiments have been insight-
ful, revealing a performance gap due to domain differences
and the lack of temporal modeling when directly adapting
image-language pre-training models to VideoQA. Despite this,
BLIP-2’s performance improved significantly compared to
BLIP, underscoring the potential of image-to-video transfer
learning and parameter-efficient tuning techniques for complex
video understanding.

6) Generalization on TVQA: Table IX evaluates MCG’s
generalization performance in multi-modal television scenarios

TABLE VIII

COMPARISON OF DIRECT IMAGE-LANGUAGE MODEL ADAPTATION
TO VIDEO QUESTION ANSWERING ON ACTIVITYNET-QA

Method #Total Params #Trainable Params #PT Data  Acc.
BLIP [54] 305M 305M 129M 24.2
BLIP-2 [73] 3.1B 104M 129M 354
MCG 297M 297M 5.6M 43.3

with the TVQA [39] dataset. To emphasize the model’s under-
standing of inter-video elements and the reasoning behind
their correlations with questions, MCG intentionally excludes
the utilization of television subtitles or audio information,
focusing solely on visual content to derive answers. To ensure
a fair comparison, methods utilizing additional multi-modal
television inputs are grayed out. The experimental results
reveal several key insights. First, the existing SoTA Frozen-
BiLLM exhibits a significant 24.5% performance gap between
scenarios with and without speech input. This observation sug-
gests that the model’s comprehension is influenced by factors
beyond visual content alone, possibly including cues from
speech. When comparing MCG with the leading FrozenBiLM
model, MCG exhibits a promising 2.6% performance gain.
This comparison signifies MCG’s robustness in capturing intri-
cate inter-modal relationships and reasoning within televisions.
Moreover, focusing solely on video visual information, MCG
attains an impressive 59.8% accuracy, closely approaching
the human accuracy of 61.9%. This experimental achievement
illuminates MCG’s certain ability to generalize across film and
television scenarios.

7) Generalization on CLEVRER: Table X investigates
MCG’s generalization ability in synthetic object-oriented
videos with the diagnostic CLEVRER [32] dataset. We gray
out object-centric or neural-symbolic reasoning approaches
that incorporate symbolic program execution bridging
video concept acquisition and language semantic parsing.
We observed that MCG outperforms existing VideoQA meth-
ods, demonstrating a notable 11.5% increase in overall per-task
accuracy. In open-ended descriptive tasks, MCG shows a sig-
nificant 5.9% improvement, underscoring its ability to interpret
video content and engage in temporal reasoning. Addition-
ally, MCG displays strong performance in explanatory and
predictive tasks with improvements of 13.2% and 16.1%,
respectively, indicating its certain ability in causal inference
and future event anticipation.
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What is on the left hand of the person in white clothes?
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Q: What did the woman do before she decorated the box?
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Task: Temporal Relationship
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Q: What happened to the person in white before he pulled
the purple line?

GT: Drive nail ALPRO: Nail MCG: Drive nail

Task: Free
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Q: Why does the man cut sandwiches in the video?

GT: For convenience

Task: Casual

ALPRO: Easy MCG: Easy to eat
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Q: What did the baby do after he put the toy back into the

cup?
A: 0.chew. 1. raise eyebrows and watch the spoon

2. knocked it down 3. eat the food. 4. pour it out
GT: 4 ALPRO: 4 MCG:4

Task: Description

7

\ 5 -~

Q: What was the color of the cotton stick?

A: 0. blue 1. red 2. yellow and blue
3. pink 4. lights
GT: 0 ALPRO: 2 MCG:0

Fig. 8.

Q: How did the fish react when it was pulled onto the shore?

A:0.swam away 1. remained stationary 2. leaps back to
the water 3. moved its body 4. flip around

GT: 3 ALPRO: 1 MCG:3

Task: Temporal

Why are the two ladies facing each other?

A: 0. uniformed costumes.
2. playing 3. speaking.

GT: 2 ALPRO: 4

1. wipe each other’s face
4. posing for photographs

MCG:4

Visulization of question answering results from the proposed MCG for both open-end tasks and multi-choice tasks. The top two rows display four

examples from ActivityNet-QA targeting open-end QA, including spatial relationship, temporal relationship, motion, and free tasks. The bottom half illustrates
the multi-choice instances from NExT-QA, covering casual, temporal, and description tasks. Correct answers and Ground Truth (GT) are highlighted in green,

while incorrect responses are marked in red.

Yet, when compared with the ALOE [34] model, MCG’s
limitations become apparent, particularly in the counterfactual
domain where ALOE’s discrete object processing strategy
prevails. ALOE’s strengths mainly stem from its focused
object-centric representations, fine-grained attention, along
with self-supervised dynamics learning, which are particularly
effective for the synthetic, structured object-oriented scenes
where understanding the causal relationships and interactions
between objects is crucial. In contrast, taking raw videos as
input, MCG’s sparse sampling approach with spatial-temporal
blocks may overlook essential details pivotal for the com-
prehensive question-answering tasks that CLEVRER presents.
Moreover, the cross-modal general knowledge that MCG
acquired through large-scale pretraining on noisy video-text
pairs might not transfer as effectively to the physical object-
specific scenarios. These insights encourage future works

toward evolving a more generalized model with interpretabil-
ity and logical causal robustness behind question-answering
ratiocination.

D. Qualitative Results

Figure 8 illustrates typical examples to qualitatively inves-
tigate the performance of the proposed MCG on both
open-ended and multi-choice tasks. The top four present
open-ended instances from ActivityNet-QA, including spatial
relationship, temporal relationship, motion, and free tasks.
To provide a comprehensive analysis of MCG’s effectiveness
and drawbacks, we combine the competitive SOTA model
ALPRO (leveraging the same magnitude of external training
data with MCG) for joint analysis. According to the results,
we draw several important observations: 1) Both ALPRO
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TABLE IX

EXPERIMENTAL COMPARATIVE RESULTS OF THE PROPOSED MCG AND
EXISTING SOTAS ON TVQA. OVERALL ACCURACY IS LISTED AS A
PERCENTAGE (%). MODELS THAT TAKE EXTRA MULTI-MODAL
TELEVISION INPUTS ARE GRAYED OUT. THE BEST
OUTCOMES ARE EMPHASIZED IN BOLD

Method Accuracy
w/ multi-modal television inputs

Human [39] 89.4
HCRN [2] 71.3
HERO [50] 73.6
FrozenBiLM [72] 82.0
w/ only visual inputs

Human [39] 61.9
ALPROT[16] 57.2
FrozenBiLM [72] w/o speech 57.5
MCG 59.8

TABLE X

EXPERIMENTAL COMPARATIVE RESULTS OF THE PROPOSED MCG
AND EXISTING SOTAS ON CLEVRER BENCHMARK. ALL RECORDS
ARE LISTED AS A PERCENTAGE (%). DESCRIP., EXPLA.,
PREDICT., AND COUNT. REPRESENT DESCRIPTIVE,
EXPLANATORY, PREDICTIVE, AND COUNTERFACTUAL
TASKS, RESPECTIVELY. NEURAL-SYMBOLIC AND
OBJECT-CENTRIC METHODS ARE GRAYED OUT

Method | Descrip.  Expla. Predict. ~ Count. | Overall
Neural-Symbolic or Object-Centric Methods

IEP(V) [74] 52.8 14.5 9.7 3.8 20.2
NS-DR [32] 88.1 79.6 68.7 424 69.7
DCL-O [33] 91.4 82.0 82.1 46.9 75.6
ALOE [34] 94.0 96.0 87.5 75.6 88.3
VRDP [36] 934 91.9 91.4 84.3 90.3
Q-type 29.2 8.1 25.5 10.3 18.3
HME [22] 54.7 13.9 33.1 7.0 27.2
HCRN [2] 55.7 21.0 21.0 11.5 27.3
MCG 61.6 34.2 49.2 10.5 38.8

and MCG demonstrate the ability to comprehend questions
of varying complexity and locate even small visual details,
such as the watch in the first case and the nail in the
second case. 2) MCG exhibits an advantage in generating
longer answers, while ALPRO remains to face challenges in
generating multi-word answers, as evident in the second and
fourth cases. 3) The failure case highlights that MCG may still
struggle to handle why-type questions or ambiguous answers.
These observations further demonstrate that the difficulty of
open-ended QA stems from question-answering reasoning and
answer-generation challenges.

Furthermore, we present typical multi-choice examples from
NEXT-QA in the bottom half of Figure 8 to illustrate MCG’s
effectiveness and causal reasoning capabilities. Our observa-
tions from these visualizations are as follows: 1) MCG exhibits
its potential to deliver reliable answers, even in the face of
complex causal questions (fifth instance) or questions requir-
ing common-sense comprehension (sixth instance). 2) For the
tough description question with substantial background inter-
ference (seventh instance), our model demonstrates robustness
by correctly distinguishing a tiny blue object from a sizeable
yellow background. 3) As for the failure case, we find that
both ALPRO and the proposed MCG inevitably suffer the
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unobservable and elusive confounding effect misled by the
data bias, which leads the model to focus on the spurious
correlations, e.g., connecting “two ladies” with “pose for
photographs” in the last case. This phenomenon indicates the
necessity of causality study in video question answering.

V. CONCLUSION AND FUTURE WORK

We introduce MCG, an end-to-end multi-granularity con-
trastive cross-modal collaborative generative model for long-
term VideoQA. MCG employs joint unimodal modeling to
derive discriminative representations possessing high visual
concepts and leverages a novel multi-granularity contrastive
learning strategy to harness the intrinsically explicitly exhib-
ited semantic correspondences. At its core, MCG formulates
VideoQA as a generative task to reconcile existing discrep-
ancies in VideoQA task formulations with a cross-modal
collaborative generation module. It empowers MCG with the
capability for cross-modal high-semantic fusion and gener-
ation to rationalize and answer, ensuring a more intuitive
and effective approach to generating answers. MCG sets new
benchmarks on four VideoQA datasets and shows strong
generalization across diverse tasks.

Limitations and Future Directions: While MCG demon-
strates robust performance in analyzing natural scenes,
it encounters difficulties in synthetic scenes characterized
by simple visuals yet complex dynamics, such as those
found in the CLEVRER dataset. This challenge points
to a broader need for enhanced video understanding and
causal relationship reasoning. Moving forward, our future
works will focus on developing a more generalized model
with enhanced interpretability and logical causal robustness
behind question-answering ratiocination. Moreover, we plan
to leverage parameter-efficient tuning techniques to maxi-
mize VideoQA performance without proportionally increasing
computational demands and explore transfer capabilities from
large-scale foundation models to dynamic video scenarios,
thereby enhancing the model’s ability to interpret complex
temporal relationships.
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