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ABSTRACT
Despite significant progress in video question answering (VideoQA),
existingmethods fall short of questions that require causal/temporal
reasoning across frames. This can be attributed to imprecise motion
representations. We introduce Action Temporality Modeling (ATM)
for temporality reasoning via three-fold uniqueness: (1) rethink-
ing the optical flow and realizing that optical flow is effective in
capturing the long horizon temporality reasoning; (2) training the
visual-text embedding by contrastive learning in an action-centric
manner, leading to better action representations in both vision and
text modalities; and (3) preventing the model from answering the
question given the shuffled video in the fine-tuning stage, to avoid
spurious correlation between appearance and motion and hence
ensure faithful temporality reasoning. In the experiments, we show
that ATM outperforms previous approaches in terms of the accu-
racy on multiple VideoQAs and exhibits better true temporality
reasoning ability.
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1 INTRODUCTION
Video question answering (VideoQA) is an interactive AI task,
which enables many downstream applications e.g. vision-language
navigation and communication systems. It aims to answer the nat-
ural language question given the video content. Recent VideoQA
benchmark [52] has gone beyond the understanding of descriptive
content like “A baby is crying” and started to provide effective di-
agnostics for the models on solving temporal reasoning and causal
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Q: what happens to the train after moving for a while
near the end?

a0. push toy train   
a1. stops
a2. changes direction  
a3.move   
a4. follow the train with eyes

⋯

ATM       

flow

AcCLTSC

Figure 1: ATM addresses VideoQA featuring temporal rea-
soning by (1) an appearance-free stream i.e. optical flow to
extract precise motion cues, (2) action-centric contrastive
learning (AcCL) for action-plentiful cross-modal represen-
tation, and (3) a temporal sensitivity-aware confusion (TSC)
loss to avoid learning a shortcut between temporality-critical
motion and appearance.

reflection, e.g. “The train stops after moving for a while”. To accu-
rately answer the question, a VideoQA model needs to detect the
object “train”, recognize the “railway” scene, more importantly,
ground the action “move” and “stop” and understand their temporal
relations. The questions are unconstrained and complex, and thus,
it is necessary to have a visual-text model that has the reasoning
capability toward all aforementioned contents.

Recent advanced VideoQA models have shown the capability
of learning from the descriptive contents [29, 30], thanks to the
success of cross-modal transformers [28, 32]. However, the tempo-
rality reasoning in videos remains a great challenge, since these
VideoQAs are only capable of holistic recognition of static content
in a video. Recent work attempts to solve this issue by (1) enhanc-
ing the video representation with fine-grained dynamics [53, 54]
and (2) answering by grounding to question-critical visual evi-
dence [35, 36]. But it is hard to achieve a precise grounding, without
the ground-truth of temporal boundaries for training. The state-
of-the-art method VGT [54] proposes to model the atomic actions
across frames from the spatio-temporal dynamics of objects. In this
way, the fine-grained dynamics can be captured. But their model
may rely on the static bias i.e. object appearance, as shortcuts from
videos while the causal factors i.e. the dynamics are overlooked in
training. In this paper, we address the importance of precise and
faithful modeling of actions for the VideoQA task.
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We propose Action Temporality Modeling (ATM) to address the
challenging temporality VideoQA (as shown in Fig. 1). A promise
of VideoQA compared to ImageQA is to examine the temporal re-
lation reasoning regarding motion information. As the targeted
video is continuous, actions across a long video usually share the
same scene in short moments. We realize that (1) leveraging an
appearance-free stream e.g. optical flow as input, though the flow
stream may become less considered in recent action recognition
methods [4, 16], is still important in VideoQA. Because flow can
capture the subtle transition in long horizon and aid the temporality
reasoning. (2) ATM trains the visual-text encoding in a contrastive
manner. Questions are usually unconstrained in the real world. Ac-
tion may be only a small portion of the question, which is easily
overwhelmed by other information such as objects. To learn an
action-plentiful cross-modal embedding, we develop a novel action-
centric contrastive learning (AcCL) before fine-tuning VideoQA.
Specifically, it parses an action phrase from a question and encour-
ages a feature alignment between the video and the parsed action
phrase alone, discarding other textual information. The merit of
the AcCL is that both video and text encoders are trained to focus
on actions, mitigating the backbone’s representation bias towards
the static visual appearance in videos.

Based on the learned representations, we further introduce a
novel temporal sensitivity-aware confusion loss (TSC) in VideoQA
finetuning. It prevents a model from answering a temporality ques-
tion if the corresponding video is shuffled in the temporal domain,
thus avoiding simply learning the shortcut correlation to the static
content. Note that VideoQA contains a lot of descriptive questions
that can be answered invariant to temporal change. Thus, we only
apply the confusion loss to temporal-sensitive questions that con-
tain temporal keywords.

Thanks to these components, the proposed ATM outperforms all
of the existing methods on three commonly used VideoQA datasets.
It is worth noting that our method without external vision-language
pretraining can surpass the existing method that relies on large-
scale pre-training by a clear margin. Moreover, we devise a new
metric that quantifies the accuracy difference between conditioned
on a full video and conditioned on a single frame, which reveals
the VideoQA’s true temporality reasoning ability. Results show
that our model experiences a larger performance escalation from
a single frame to a full video, which demonstrates ours relies on
less appearance bias and handles temporal reasoning in a faithful
manner. To summarize, our main contributions are as follows:

• We propose the ATM to address VideoQA featuring tempo-
ral dynamic reasoning by a faithful action modeling. Our
action-centric contrastive learning learns action-aware rep-
resentations from both vision and text modalities. We realize
an appearance-free stream is effective in the multi-event
temporality understanding across frames.

• We fine-tune the model with a newly developed temporal
sensitivity-aware confusion loss that mitigates static bias in
temporality reasoning.

• Our method is more accurate than all existing methods on
three widely used VideoQA datasets. By a new metric, we
also indicate that our method addresses temporality reason-
ing more faithfully.

2 RELATED WORK
VideoQuestionAnswering. Escalating ImageQA [2], VideoQA [29,
31, 34, 52, 57, 62] is enriched with reasoning about temporal nature.
Prior arts [26, 43, 53] on VideoQA focus on learning an informative
video content representation and a cross-modal fusion model to
answer the question. An informative video representation is usually
hierarchical, fusing object-, frame- and clip-level representations,
which are extracted by graph neural network [23, 36, 43], relation
learning or transformers. While those VideoQA methods achieve
compelling results on VideoQA benchmarks, they mainly answer
descriptive questions for the video content, such as questions that
holistic recognize the main actions/objects across frames.

Recent benchmark [52] begins to challenge the temporal relation-
ship reasoning ability, as actions in videos are diverse and causally
dependent. Those methods that are only capable of descriptive con-
tent recognition cannot perform well, because they hardly capture
the subtle transitions in the same scene in long-horizon. To this end,
recent work [53, 54] proposes to encode video as a local-to-global
dynamic graph of spatiotemporal objects, so that the interaction
relations can be encoded. However, the VideoQAmodels [17, 53, 54]
built upon the dynamic graph of patches may easily be distracted
by the object’s appearance and capture limited motion information.
We alleviate the distraction by a novel two-stage training to ensure
a faithful representation of motions that are critical for temporality
reasoning. Specifically, we propose a novel contrastive learning in
which the objectives that are the parsed action phrases in questions
and a novel confusion loss to prevent question answering if the
video is temporally shuffled.

Concurrent work HiTEA [60] also introduces temporal shuffling,
but the shuffling is used as evaluation test to metric the temporal
reliance of datasets and VLP models, while our method leverages
this in training a temporal reliable VideoQA. Concurrent work
CoVGT [55] also investigates the contrastive learning in VideoQA.
But as our action-centric contrastive learning aims at learning a
faithful action representation, our contrastive objectives are action
phrase in question, different from CoVGT’s question and QA pairs.
Concurrent work Verbs in Action [41] also proposes to improve
verb understanding in Video-language task. Verbs in Action focuses
on training by the generated the new captions with hard mined verb
based on large language model, while our AcCL extracts the action
phrase and encourages learning motion representations agnostic
to the appearance information.

Static Bias in Video. The uniqueness of video lies in the poten-
tial to go beyond image-level understanding of the static content
i.e. scenes, objects, and people to evaluate the temporality reason-
ing ability of multiple events. However, for many video(+language)
tasks and datasets, given just a single frame of video, an existing
image-centric model can achieve surprisingly high performance,
comparable to the model using multiple frames. The strong single-
frame performance suggests that the video representation is biased
towards the static appearance information, namely “static appear-
ance bias”. Existing work [5, 8, 27, 33] reveals this kind of bias in
action recognition dataset [6, 49] and retrieval dataset [39, 40]. Cir-
cling around the fundamental video task action recognition, [8, 33]
analyze the role of temporality in action recognition and inspires the
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Figure 2: Framework Overview. Following the recent VQAs [54, 58], we solve VideoQA by a similarity comparison between
video and text (a). To achieve this, we formulate the training procedure into two stages. Before finetuning, we present a novel
action-centric contrastive learning (AcCL) to guide the visual and text representation expressive for action information (b).
After that, we fine-tune the VideoQA (c) by a newly developed temporal sensitivity-aware confusion loss (TSC) to prevent
leveraging static bias in temporality reasoning.

subsequent development of profound faithful evaluations [33, 48]
and model structures [13, 15, 16, 37].

To address the challenging temporality reasoning in multi-modal
scenarios i.e.VideoQA, motion representations, unbiased toward ap-
pearance, are necessary. As VideoQA requires a deep understanding
of open-vocabulary action semantics, existing VideoQAs [26, 53] ex-
tract the motion features based on backbones pre-trained on a large-
scale action recognition dataset [6]. As mentioned, static bias exists
in action recognition, which makes the motion representations not
the causal factors of actions, thus useless to temporality reasoning.
Existingmethods[8, 33] mitigate the static bias in action recognition
and is evaluated on fine-grained action recognition[33, 48], where
the scene context is the same across the different actions. However,
in fine-grained action recognition, motion is the most critical in-
formation, which is different from VideoQA where object/entity
appearance is inevitable.

To mitigate static bias in VideoQA, IGV [36] and EIGV [35] are
proposed to ground the question-critical scenes across frames as the
evidence of yielding the answers. However, the dominant content
of a question is appearance information e.g. people, objects, and
locations. The grounding may pay less attention to the actions
that are critical for temporality understanding and be not precise
as no ground truth boundaries are provided. Our method designs
two simple yet effective schemes that learn faithful visual and text
representations informative for action and temporality. We also
revisit the early action recognition work [6, 50] and enhance the
motion representation with an appearance-free stream.

3 METHODOLOGY
Figure 2 gives an overview of ATM framework. Our framework ad-
dresses the VideoQA task that challenges the temporal reasoning of
dynamics in a video. Following the recent VQAs [54, 58], we solve
VideoQA by a similarity comparison between video and QA pair
(Figure 2-a). To achieve this, we formulate the training procedure
into two stages. In the first stage (Figure 2-b), we present a novel
action-centric contrastive learning (AcCL, Sec. 3.3), which makes
the visual and text representation expressive for action information.
After that, we finetune the VideoQA (Figure 2-c) by a newly devel-
oped temporal sensitivity-aware confusion loss (TSC, Sec. 3.4) to
prevent leveraging static bias in temporality reasoning. We detailed
the video and text encoding in Sec. 3.2.

3.1 Preliminaries
Given a video h and a question 𝑞, VideoQA task aims at combining
the two modalities h and 𝑞 to predict the answer 𝑎. Following exist-
ing VideoQA work [36, 53, 54], we predict the answer by selecting
the best matched 𝑎∗ from many candidatesA of a question 𝑞, given
the corresponding video h:

𝑎∗ = argmax𝑎∈A F𝑊 (𝑎 |𝑞, h,A), (1)

where F𝑊 denotes the mapping function with learnable parameters
𝑊 . The candidates A are multi-choices in multi-choiceQA or a
global answer list in open-ended QA.

Prior arts on VideoQA usually build F𝑊 as a cross-attention
transformer [28, 65], which takes a holistic token sequence con-
taining video, question and each candidate answer as input and
classifies the answers as output. Recent work VGT [54] and VQA-
T [59] propose to design F𝑊 as two unimodal transformers that
encode video and question-answer pair respectively and compare
the visual-text similarity for each answer as output:

𝑠𝑎 = F𝑣 (h) F𝑞 ( [𝑞;𝑎])⊤ , (2)

in which F𝑣 denotes the video encoder and F𝑣 (h) ∈ R𝑑 is the
video’ global feature obtained bymean-pooling the features across𝑇
frames. Likewise, F𝑞 denotes the text encoder and F𝑞 ( [𝑞;𝑎]) ∈ R𝑑
is the feature vector of a question-answer pair, where [; ] indicates
the concatenation of question and answer text. The visual-text
similarity 𝑠𝑎 is obtained via a dot-product of video and text features
w.r.t. the answer 𝑎. The optimal answer is selected by maximizing
the similarity score from the candidate in the pool A:

𝑎∗ = arg max
𝑎∈A

(𝑠𝑎). (3)

Following existingwork [36, 54], we implementF𝑞 by the BERT [11]
to extract text features. For video modality, many existing meth-
ods [53, 54] extract features in multiple streams including object-
level and frame-level. Following them, we also formulate F𝑣 as a
multi-stream video encoder (MSVE), by which object features are
encoded as 𝑓𝑜 ∈ R𝑇×𝑑 and frame features are encoded as 𝑓𝑟 ∈ R𝑇×𝑑 .
The object/frame feature extraction and transformer-based encod-
ing are exactly the same as state-of-the-art method VGT [54] for a
fair comparison.
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Figure 3: Motivation of using an appearance-free stream
for motion representation in VideoQA task. The example
in (a) shows the state transition on a train, from moving to
stopping. We can see flow provides better cues for the ac-
tions than RGB. (b) summarizes the relative performance
gain/loss of different video backbones pivot on TSN, for both
action recognition (Kinetics [6]) and VideoQA (NextQA [52]),
which shows appearance-free stream i.e. flow is necessary for
VideoQA. The numbers for action recognition (green curves)
are reported in their paper for Kinetics-400. The numbers
for VideoQA are derived based on our implementation on
Next-QA.

3.2 Rethinking motion representations in
VideoQA

In video feature extraction of both the existing methods [26, 53, 54]
and ours, frame-level features 𝑓𝑟 ∈ R𝑇×𝑑 and object features 𝑓𝑜 ∈
R𝑇×𝑑 both represent appearance. Optionally, they [26, 53] apply
a pre-trained 3D Conv network [6] on the neighboring frames to
capture motions. However, VideoQA studies the temporality of the
actions in a video where multiple actions are performed across
frames. As a video captures continuous information, these actions
usually share the same scene context and are performed by the
same people and on the entity. In this case, although 3D Conv can
capture motions, neighboring RGB frames may be too redundant
to precisely model the actions. For example, in Figure 3-a, it is
hard to recognize “the train is stopping” in the last clip from RGB.
This inspires us to enhance the video representation by a stream,
where the appearance information is least and hence the motions
are highlighted. To this end, we resort to optical flow that describes
the apparent motion of individual pixels on the image. As shown in
Figure 3-a’s example, flow maps provide better cues to understand
the state transition of objects e.g. “train” was moving (in the first
and second clip) and stopped (in the third clip).

As VideoQA requires the open-vocabulary semantic understand-
ing of motions, we use the backbone pretrained on a large-scale
action recognition dataset Kinetics-400 [24] to extract flow features.
Flow features are extracted as per appearance frame timestamps as
𝑓𝑚 ∈ R𝑇×𝑑 . To fuse the object, appearance, and flow streams, our
MSVE applies MLPs and a learnable multi-head self-attention layer
MSA with position embedding to model the temporal interactions
upon the multi-stream features and finally mean-pool the frames
to obtain the global video representation 𝑓𝑣 .

𝑓𝑣 = Mean-Pool(MSA(MLP( [𝑓𝑜 ; 𝑓𝑟 ; 𝑓𝑚]))) (4)

Note that we should not ignore the appearance information in
VideoQA task, as the questions are unconstrained and may contain
characters, objects and locations that need to be grounded to videos.

This is different from the action segmentation [12] or skeleton-
based activity recognition [13, 64], where motion is the only critical
information.

We revisit the fundamental video understanding task i.e. action
recognition, in which the early methods e.g. TSN [6, 50] also utilized
optical flow to capture motions. As shown in Figure 3-b, we observe
that although the existing powerful RGB-based backbones e.g. Slow-
Fast [16], X3D [15], TimeSformer [4] and XCLIP [42] achieve good
performance w/o appearance-free stream i.e. optical flow in action
recognition, they are less helpful in VideoQA compared to the early
methods w/ appearance-free stream. This demonstrates that to-
wards longer-horizon temporality understanding, a stream free of
appearance is necessary. Detailed comparison will be discussed in
Sec. 4.5.3.

3.3 Action-centric Contrastive Learning (AcCL)
As aforementioned, question-answer contains much information
including characters, objects, and locations. Actions, the important
reasoning objective in videos, may only occupy a small portion
of QA text and be neglected in the cross-modal alignment. Since
VideoQA takes the alignment of global video features and a full QA
sequence features as the optimization objective, the precise motion
information obtained from Sec. 3.2 may not be well exploited. But a
VideoQA model, capable of answering temporal questions, should
make good use of motion.

To this end, we propose a novel training scheme that conducts
contrastive learning for visual-language matching before finetun-
ing VideoQA objective. Different from conventional VL contrastive
learning, the contrastive learning in our method is action-centric.
It encourages the video representation to be aligned with the repre-
sentation of action phrase that is parsed from the question. That
is to say, other information such as entity, location, objects are not
present in the text for matching. For example, in the question “what
happens to the train after moving for a while?”, the action phrase to
be aligned with the whole video clip is “moving for a while”. Under
this matching objective, the video representation has to focus on
precise motions, leading to a deep understanding of temporality. In
specific, we propose a contrastive loss L𝑝𝑡 to update the encoders
F𝑣, F𝑞 :

L𝑝𝑡 =
∑︁
𝑖

log
(

exp (𝑠𝑐 )
exp (𝑠𝑐 ) +

∑
𝑐′∈N𝑖

exp (𝑠′𝑐 )

)
, (5)

where N𝑖 denotes the negative pool of action phrase for the 𝑖-th
sample, i.e., action phrases from the questions that are unpaired
to the video h. 𝑠𝑐 = F𝑣 (h)F𝑞 (𝑐)⊤ is the similarity between the
action phrase 𝑐 and video h of the 𝑖-th sample. It encourages the
video representation closer to its paired action phrase 𝑐 and far away
from the unpaired 𝑐′ that are randomly sampled into the mini-batch.
Thus, by contrastive to many other action phrases 𝑐′ ∈ N𝑖 in the
dataset, the motion in vision and the textual action are better mined
and aligned. The motion-plentiful features and model provide a
good starting point for VideoQA finetuning.

Many VideoQA task benefits from contrastive learning based
video language pretraining [28, 63] from large-scale video-language
data [3], which is also reflected in the SoTA model in our task [54].
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However, our AcCL is just conducted on our task datasets them-
selves, without resorting to any of the external training data, and
has already been more effective than VGT [54] with external data
pretraining, while taking much less training resources.

3.4 Temporal Sensitivity-aware Confusion Loss
At the end of Sec. 3.2, we mention that although we have an
appearance-free stream to extract precise motions, the appearance
stream is indispensable. Unfortunately, the appearance stream, even
fused with an appearance-free stream, provides the possibility to
model action biased towards scene/object context [8]. To mitigate
this issue, we propose to prevent the model from answering a ques-
tion if the corresponding video is randomly ordered in the temporal
domain. Our motivation is that the temporality reasoning requires
the model to infer the inter-action relations across temporal, such
as “stop (action 1) after moving for a while (action 2)”. Thus, if the
video is randomly shuffled, the “after” relation no longer exists. In
this case, a reliable network should be unable to answer the “stop”
to the question like “What is the train doing after moving for a
while?”.

Motivated by this, we design a confusion loss that takes as input
the shuffled video h̃ and question-answer [𝑞;𝑎]:

L (𝑛)
𝑐 𝑓

(p̂, p̂) = −
|A |∑︁
𝑗=1

𝑝 ( 𝑗 ) log𝑝 ( 𝑗 ) ,

𝑝 ( 𝑗 ) =
exp (𝑠 ( 𝑗 ) )∑ |A |

𝑘=1 exp (𝑠
(𝑘 ) )

,

(6)

where 𝑠 ( 𝑗 ) = f̃𝑣f⊤𝑞 (denote the 𝑠 ( 𝑗 ) ∈ [𝑠 (1) , . . . , 𝑠 ( |A | ) ]⊤) is the
inner-product similarity score for the 𝑗-th answer features f𝑞 =

F𝑞 ( [𝑞;𝑎]) w.r.t. its shuffled video feature vector f̃𝑣 = F𝑣 (h̃). The
confusion loss is applied to encourage the maximization of the
entropy of the predicted answer distributions over the multiple
choices, given the shuffled video. This guides the model to pro-
duce confusing classification, so that the scene context invariant to
temporal order change will be ignored in action relation modeling.

Many questions e.g. “Where is the video taken?” simply rely
on descriptive content and can be answered even with the shuf-
fled videos. Thus, the confusion loss is only applied to temporal-
sensitive questions, e.g. the “after” question: “what does A do after
raising her hand?” The temporal-sensitive questions contain spe-
cific English syntax, e.g. “before”, “after”, “when”. We filter out
the temporal-insensitive questions based on the existence of the
syntaxes. The overall optimization objective is as follows.

minE𝑞 (𝑛)∼𝑄𝜏

[
L (𝑛)
𝑐𝑒 (y, p) − L (𝑛)

𝑐 𝑓
(p̂, p̂)

]
, (7)

where𝑄𝜏 denotes the set of questions that are temporally sensitive.
L (𝑛)
𝑐𝑒 is the cross entropy loss to metric if the probability over

the candidates answers is p = [𝑝 (1) , ..., 𝑝 ( |A | ) ] follows ground-
truth answer 𝑦. L (𝑛)

𝑐𝑒 is applied to all of the samples including the
temporal-insensitive one, which is to optimize:

minE𝑞 (𝑛)∼𝑄\𝜏

[
L (𝑛)
𝑐𝑒 (y, p)

]
(8)

where 𝑄\𝜏 denotes the set of remaining temporally insensitive
samples. The two loss are used for fine-tune the VideoQA after
AcCL (see Sec. 3.3).

4 EXPERIMENTS
4.1 Datasets
NExT-QA [52] consists of 47.7K questions with answers in the
form of multiple choices, which is annotated from 5.4K videos. It
pinpoints the causal and temporal reasoning over the object inter-
action. Note that the causal questions e.g. “How”, ”Why” require
the corresponding answers visible in the video and thus the causal
questions also assess the multi-event temporality understanding.

TGIF-QA [22] contains 134.7K questions about repeated actions,
state transitions and a certain frame, which is annotated from 91.8K
GIFs.MSRVTT-QA [56] challenges a holistic visual recognition or
description, which includes 10K annotated videos and 244K open-
ended question-answer pairs.

4.2 Implementation Details
Appearance Features Following [53, 54], we decode the video
into frames and sparsely sample 16 clips where each clip is in the
length of 4 frames. To make a fair comparison with state-of-the-art
VGT [54], we also the RoI aligned features as the object appearance
features 𝑓𝑜 ∈ R16∗2048 pretrained by [1].

Motion FeaturesWe use denseflow [51] to extract the optical
flow maps using videos’ original FPS. Then, we use mmaction2 [9]-
based ResNet from TSN [50] pre-trained on Kinetics-400 [6] to
extract optical flow features. We uniformly distribute the flow maps
into 𝐾 = 16 clips per video and sample 5 frames as per each clip
and obtain a 2048-d feature vector for a clip. Thus, motion features
𝑓𝑚 for a video are R16∗2048.

Action Phrase We parse the action phrases from questions
using SpaCy parser [20] Specifically, we use dependency parsing to
get the phrases in a question and use the pos-tag to find the verb in
the question. Then we filter the phrases that contain the verb and
select the shortest one as the action phrase. For example, for the
question “what happens to the train after moving for a while near
the end?”, the action phrase is “moving for a while”.

Action-centric Contrastive Learning We parse the action
phrases from questions using SpaCy parser [20]. We use Adam
optimizer [25] with cosine annealing learning schedule of PyTorch
initialized at 1𝑒 − 5 on NVIDIA RTX A6000 at the maximum epoch
of 10 among all of the datasets. Each batch contains 64 video-action
pairs and forms 64 pairs in total for the contrastive learning.

Temporal Sensitivity-aware Confusion Loss English ques-
tions typically follow a syntactic structure. Temporal-sensitive
questions contain specific syntax, e.g. “after”, “before”, “... when...",
“...while...” and etc. . The remaining is descriptive questions, e.g. a
count question, “How many people are involved in the video?”, which
is insensitive to time. We detect the existence of the syntaxes
and filter out the temporal-insensitive questions. For Next-QA,
we have 17, 681 temporal-sensitive questions and 16, 451 temporal-
insensitive questions in the training set. For T-Gif [34], as its “ac-
tion” and “transition” splits focus on repeated actions and transi-
tions respectively, all of the questions in those splits are temporally
sensitive. For the open-ended QAs including TGif-FrameQA and
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2*Methods NExT-QA Val NExT-QA Test
Acc@C Acc@T Acc@D Acc@All Acc@C Acc@T Acc@D Acc@All

EVQA [2] 42.46 46.34 45.82 44.24 43.27 46.93 45.62 44.92
STVQA [22] 44.76 49.26 55.86 47.94 45.51 47.57 54.59 47.64
CoMem [18] 45.22 49.07 55.34 48.04 45.85 50.02 54.38 48.54
HCRN* [26] 45.91 49.26 53.67 48.20 47.07 49.27 54.02 48.89
HME [14] 46.18 48.20 58.30 48.72 46.76 48.89 57.37 49.16
HGA [23] 46.26 50.74 59.33 49.74 48.13 49.08 57.79 50.01
HQGA [53] 48.48 51.24 61.65 51.42 49.04 52.28 59.43 51.75
P3D-G [7] 51.33 52.30 62.58 53.40 - - - -
IGV [36] - - - - 48.56 51.67 59.64 51.34
EIGV [35] - - - - - - - 53.70
ATP[5] 53.1 50.2 66.8 54.30 - - - -
VGT [54] 52.28 55.09 64.09 55.02 51.62 51.94 63.65 53.68
VGT* [54] 53.43 56.39 69.50 56.89 52.78 54.54 67.26 55.70
Ours 56.04 58.44 65.38 58.27 55.31 55.55 65.34 57.03

Table 1: Results of multi-choice QA on validation set and test set of NextQA [52] dataset. The best results are bolded. Note that
the greyed out VGT* uses 0.18 million videos from webvid dataset [3] as pretraining, while the remaining include ATM do not
pretrain on the external large-scale data. All of numbers for existing work are recorded from their papers. “-” indicates the
missing results. 𝐴𝑐𝑐𝐶 , 𝐴𝑐𝑐𝑇 , 𝐴𝑐𝑐𝐷 denote the accuracy for causality, temporality and descriptive questions.

MSRVTT [57], we do not apply the confusion loss as they focus
more on the descriptive content.

Please refer to appendix for additional details.

4.3 Comparison with State-of-the-Art
Table 1 compares our method with existing state-of-the-art (SoTA)
VideoQA methods on the widely used Next-QA dataset that feature
the temporality reasoning. To ensure a fair comparison, ATM fol-
lows SoTA VGT [54] and uses the exactly same appearance feature
extraction and applies DGT [54] to model the object features. From
the table, we can observe that ATM outperforms all existing meth-
ods without external data pretraining, by at least 3.85% and 3.35%
on val. and test splits respectively. The outperformance is across
causal, temporal, and descriptive splits of the Next-QA dataset,
which demonstrate that ATM is effective in various question types
that span from short segment to full video, from causal to temporal,
and from single to multiple event execution.

Moreover, ATM which comes without external large-scale pre-
training, even surpasses the existing method that used large-scale
pretraining on more than 0.18 million videos [3], by a clear mar-
gin of 1.38% and 1.33% on validation and test splits respectively.
This demonstrates that ATM comprises of appearance-free motion
features Sec. 3.2, action-centric contrastive learning Sec. 3.3 and
temporal sensitive-aware confusion objective Sec. 3.4, which holis-
tically models action temporality, is more effective than the global
video-text matching while uses less training computation resources.

In ATP [5], the temporal modeling is performed on frames that
are representative for single events and are encoded with CLIP
model [46]. Our method also exceeds ATP [5] by a large margin of
3.97%. This shows in temporality-heavy tasks, precise and faithful
motion modeling is more effective than selecting the informative
single frame for an event. This validates that ATM to precisely
model and reason about motion, sets the new SoTA onNext-QA [52]
benchmark.

Furthermore, we compare ATM with SoTA on TGIF-QA in Ta-
ble 2. Following the protocol, we use the same appearance features

2*Models TGIF-QA 2*MSRVTT-QA
Action Transition Frame-QA Action† Transition†

LGCN [21] 74.3 81.1 56.3 - - -
HGA [23] 75.4 81.0 55.1 - - 35.5
HCRN [26] 75.0 81.4 55.9 55.7 63.9 35.6
B2A [43] 75.9 82.6 57.5 - - 36.9

HOSTR [10] 75.0 83.0 58.0 - - 35.9
HAIR [38] 77.8 82.3 60.2 - - 36.9
MASN [47] 84.4 87.4 59.5 - - 35.2
PGAT [44] 80.6 85.7 61.1 58.7 65.9 38.1
MHN [45] 83.5 90.8 58.1 - - 38.6

ClipBERT* [28] 82.8 87.8 60.3 - - 37.4
SiaSRea* [61] 79.7 85.3 60.2 - - 41.6
MERLOT* [63] 94.0 96.2 69.5 - - 43.1

VGT [54] 95.0 97.6 61.6 59.9 70.5 39.7
Ours [63] 96.0 97.3 61.6 65.7 71.0 40.3

Table 2: Results on TGIF-QA andMSVTT-QA. † denotes TGIF-
QA-R [44] whose multiple choices for repeated action and
state transition are more challenging. * denotes the models
pretrained with large-scale external data.

extracted by VGT [54] and extract the motion stream features. We
observe that ATM set new SoTA for repeated actions, and transition
in TGIF-QA, which shows ATM as a whole is also effective in the
repeated action and object transition scenarios.

For MSRVTT-QA in Table 2, our performance (free-of pretrain-
ing) is better than pretraining-free SoTA VGT but is inferior to the
large-scale pre-trained methods MERLOT [63] and SiaSRea* [61].
Our method on TGIF-Frame-QA performs close to the pretraining-
free sota VGT [54]. This is because pretraining help model the
descriptive content, while our work focuses on action temporality.

4.4 True Temporality Metric
ATP [5] evaluated the upper bound performance of a single-frame
model on a video dataset and pointed out that even though NextQA
dataset focuses on temporality reasoning, the dataset still contains
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Next-QA (%) TGIF-QA (%)
val-Acc val-𝛿 test-Acc test-𝛿 act-Acc act-𝛿 trans-Acc trans-𝛿

Ours 58.27 +5.51 57.03 +5.13 96.0 +1.2 97.3 +1.3
w/o AcCL 56.87 +2.71 55.02 +2.30 93.5 +0.5 97.1 +0.7
w/o TSC 57.99 +2.98 56.24 +3.25 95.6 +0.8 96.9 +0.2
w/o motion stream 56.57 +3.02 55.78 +2.80 95.2 +0.9 96.7 +0.8
VGT w/o pretrained 55.02 +2.91 53.68 +2.15 95.0 +0.6 97.6 +0.3
VGT w/ pretrained 56.89 +1.02 55.70 +0.84 - - - -

Table 3: True temporality evaluation: Study of model compo-
nents and comparison with SoTA.

static appearance bias. A small portion of questions can be cor-
rectly answered exclusively from a single frame without temporal
information. To this end, we propose to measure the temporal-
ity faithfulness of VideoQA methods, i.e. revealing if a VideoQA
method learns true temporality to answering questions, instead of
learning the spurious correlation between the static appearance and
the answer. In specific, the proposed true temporality metric mea-
sures the difference of QA accuracy between given the full video
and given the middle frame respectively, as 𝛿 . The middle-frame
setting is that only the middle clip (7th only among the 16 clips) is
taken as vision input for QA, so MSA in Eq. 4 is applied on a single
token sequence.

Table 3 shows that ATM better learns the true temporality com-
pared to SoTA VGT, w/ w/o pretraining, on both Next-QA and
TGif-QA. We observe that the external large-scale data for pre-
training VGT guides the model to leverage more static information
in temporality reasoning (only +0.84% on Next-QA test) since the
pre-training helps more on the descriptive content that is static.
Each of our component i.e. AcCL, TSC, and appearance-free motion
stream, helps to learn the true temporality. TSC mitigates the static
bias by preventing answering temporality question if the temporal
relations are destroyed. AcCL encourages learning motion repre-
sentation agonistic to the entity or other appearance information.
Appearance-free motion streams extract motion-plentiful represen-
tations that are necessary to understand the true temporality.

4.5 Ablation Studies
In addition to the study of each component’s individual contribu-
tion, we conduct further ablation studies on NextQA [52] dataset.

4.5.1 Impact of Action-centric Contrastive Learning. We test dif-
ferent variants of the text in Action-centric Contrastive Learning
(AcCL). Table 4-a summarizes the results of the ablations. AcCL
aims at learning action features by aligning the video with the
action phrase from the question. The variants replace the action
phrase by (1) the correct answer text w.r.t. to video-question, de-
noted as “Answer”, (2) the concatenation of the entire question and
the correct answer text, denoted as “Question+Answer”, (3) the
entire question text, denoted as “Question”, (4) the verb in question.

Table 4-a shows that our AcCL outperforms all of the other vari-
ants. We observe that the “Question” variant performs 0.65% worse
than our “action in question" on test split since the full question
text contains entity, scene, and other appearance information in
addition to the action phrase. Contrasting with full questions will
distract the representation from the motion information to the dom-
inant and easily learned appearance features, which is less effective
than action-centric version. Using “Answer”, “Question+Answer”

Variants val (%) test (%)
Action phrase (ours) 58.27 57.03
Answer 55.92 53.60
Question+Answer 56.83 55.16
Question 57.51 56.38
Verb in Question 57.07 56.57
w/o AcCL 56.87 55.02

(a)

Variants test (%) test-𝛿 (%)
TS-aware (Ours) 57.03 +5.13
TS-unaware 56.89 +3.67
w/o TSC 56.24 +3.25

Variants val (%) test (%)
TSN (ours) 58.27 57.03
I3D 57.71 56.40
3D ResNext101 57.01 55.30
SlowFast 56.97 55.83
X3D 56.27 55.78
Timesformer 56.99 56.00
XCLIP 56.08 55.90
I3D-RGB only 57.35 55.63
TSN-RGB only 56.94 55.42
TSN-Flow only 56.89 55.85
I3D-Flow only 56.76 55.73
w/o motion stream 56.57 55.78
𝐾 = 8 57.63 56.66
𝐾 = 24 57.82 56.35

(b) (c)

Table 4: Ablation study on different variants of (a) AcCL (b)
TSC and (c) motion representations.

also performs worse than ours. This demonstrates that the action
phrases in questions are the information that the randomly ini-
tialized model parameters easily overlook but are important for
temporality. Using “verb from question” is also less effective, as
the action cannot be described by a single word in many cases, e.g.
verb “get” is not informative enough for the action phrase “get up”.

4.5.2 Impact of TSC Loss. We compare our Temporal Sensitivity-
aware Confusion loss (TSC) in Table 4-b, with variants (1) remov-
ing the TSC and only training with cross-entropy, as “w/o TSC”.
(2) applying the confusion loss to all samples regardless of time-
sensitivity, as “TS-unaware”. Our method is slightly better than
these two variants in VideoQA accuracy and much higher on the
proposed true temporality reasoning metric. This validates that alle-
viating static bias by TSC helps a faithful temporal reasoning model,
which in turn improves the event temporality understanding.

4.5.3 Impact of Appearance-free stream. Table 4-c shows the abla-
tions on motion features 𝑓𝑚 and analyzes the effectiveness of incor-
porating an appearance-free stream. In the table, TSN and I3D ex-
tract motion features with an appearance-free stream i.e. flowmaps,
while the remaining extract motions only from the appearance-
included input i.e. RGB. These RGB-only methods SlowFast [16],
X3D [15], TimeSformer [4] and XCLIP [42] show superb perfor-
mance on action recognition, as shown in Fig. 3-b. But they fall
behind of the methods with the optical flow on motion representa-
tions for VideoQA, though TSN and I3D are relatively early work
without fancy network structures. RGB frames may be enough for
characterizing limited sets of atomic actions that are dominant for
action recognition, but it is less effective in modeling events with
long-horizon temporality. 3D ResNext101 [19] has been used for
motion feature extraction in existing VideoQA [26, 53], but it is
also RGB-only and 1.73% worse than TSN where flow is used.

In addition, Table 4-c also shows that the flow maps are helpful
when accompanied by the corresponding RGB frames. Motions
in VideoQA cannot be extracted purely from an appearance-free
stream, since appearance also provides important cues. The table
also shows that with the number of clips as per video 𝐾 = 16,
we achieve the best accuracy which is 57.03% on test split. The
accuracy slightly drops if we distributed the videos into clips that
are more e.g. 𝐾 = 24 or less e.g. 𝐾 = 8. This shows that sampling at
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Q: how did the person show the sides of the phone? A: a0. turn the phone.  a1. flip side to side.  a2. mike stand.  a3. by the driver.  a4. using his fingers. 

VGT a0 Ours (w/o AcCL) a4 Ours (w/o flow) a0 Ours a0

Q: what did the boy do before he raised his hand to take the camera? A: a0. brush his pants. a1. turn the vacuum cleaner. a2. look away. a3. laughed.
 a4. talk to boy.

Ours (w/o AcCL) a2VGT a3 a3 Ours a1

Q: what does the lady do after touching the first bell on table b? A: a0. walk off.  a1. raise her hand.  a2. move to her left. a3. drag it towards her. 
 a4. clap hands.

Ours (w/o AcCL) a3VGT a1 a1 Ours a3

Q: why did the adult move her finger to the baby while holding his hands? A: a0. push baby back.  a1. let baby bite.  a2. play with him.  a3.balance
 and prevent from falling.  a4. ask to come.Ours (w/o AcCL) a2VGT a4 a1 Ours a1

Q: why is the face of the short hair girl so bright when she looks into the table? A: a0. looking at his pad.  a1. watch something.  a2. screen
 is bright.  a3. show what talking about.  a4. writing on paper.

Ours (w/o AcCL) a1VGT a1 a3 Ours a3

Ours (w/o flow)

Ours (w/o flow)

Ours (w/o flow)

Ours (w/o flow)

Figure 4: Visualization. The ground-truth are marked in green. We display the results of ATM , ATM w/o AcCL (as “Ours w/o
AcCL”), ATM w/o optical flow (as “Ours w/o flow”) and the existing SoTA method VGT [54]. The samples span across causality
(1,4,5) and temporality (2, 3) reasoning.

a certain rate can encode the informative features across multiple
visual modalities. But beyond a certain extent of sampling rate, the
model may perform worse due to overfitting.

4.6 Qualitative Analysis
In Fig. 4, we qualitatively evaluate the improvement of the ATM by
visualizing the results of representative samples in val. split. We
can observe that the AcCL scheme helps to learn the discriminative
representations for actions e.g. “turn” in (1), while the variant w/o
AcCL may learn the superficial correlations between appearance
e.g. “his fingers” and the answers. Moreover, the appearance-free
stream also helps in extracting precise and useful motions. Since
the scene and actor do not change in (3), the optical flow stream is
informative for recognizing the “drag towards” action. We observe
that ATM also avoids over-exploiting language bias, as the proposed
AcCL helps ground the action text to the visual evidence e.g. “baby
bite” in (4), while others may rely on the question-answer shortcuts
between “move finger to baby” and “a2. play with him”.

ATM focus on action modeling and it may fall short in reason-
ing about the object characteristics, e.g. the “light screen” causes
the girl in a “bright face” in (5). Large-scale vision-language pre-
training augmented with knowledge could be helpful. We leave the
knowledge-driven action modeling for future work.

5 CONCLUSION
In this paper, we propose a novel framework to solve the VideoQA
featuring temporality reasoning. To this end, we realize that it is

worth revisiting optical flow, as flow may become less considered
in atomic action recognition but is still effective in long-horizon
temporality. Then, we propose an action-centric contrastive learn-
ing that makes both video and text representations informative
for action. Finally, we fine-tune the VideoQA via a novel temporal
sensitivity-aware confusion loss to mitigate the potential static bias.
Our ATM method is demonstrated to be superior to all existing
VideoQA methods on multiple benchmarks and shows a faithful
temporality reasoning via a new metric.

Limitations: While ATM outperforms the existing work, there
is ample room for further research. Although ATM can deal with
arbitrary-length video, it divides the video into a finite number of
clips and extracts features per clip. This may not be adequate to
capture enough action information when the action occurs in a very
short time over a long duration video. Another challenge is time
complexity of optical flow computation. It would be worthwhile to
study the efficient ways to extract the appearance-free stream.
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