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ABSTRACT

Video Question Answering (VideoQA) aims to understand given
videos and questions comprehensively by generating correct an-
swers. However, existing methods usually rely on end-to-end black-
box deep neural networks to infer the answers, which significantly
differs from human logic reasoning, thus lacking the ability to
explain. Besides, the performances of existing methods tend to
drop when answering compositional questions involving realis-
tic scenarios. To tackle these challenges, we propose a Dynamic
Spatio-Temporal Modular Network (DSTN) model, which utilizes
a spatio-temporal modular network to simulate the compositional
reasoning procedure of human beings. Concretely, we divide the
task of answering a given question into a set of sub-tasks focusing
on certain key concepts in questions and videos such as objects,
actions, temporal orders, etc. Each sub-task can be solved with a
separately designed module, e.g., spatial attention module, tempo-
ral attention module, logic module, and answer module. Then we
dynamically assemble different modules assigned with different
sub-tasks to generate a tree-structured spatio-temporal modular
neural network for human-like reasoning before producing the
final answer for the question. We carry out extensive experiments
on the AGQA dataset to demonstrate our proposed DSTN model
can significantly outperform several baseline methods in various
settings. Moreover, we evaluate intermediate results and visualize
each reasoning step to verify the rationality of different modules
and the explainability of the proposed DSTN model.
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1 INTRODUCTION

Video Question Answering (VideoQA) aims to correctly answer
questions given the related videos. As a challenging extension of
the static image question answering (VQA) [4], VideoQA faces the
following core challenges: (i) videos usually contain much more in-
formation compared with static images, posing more difficulties to
feature procession and comprehension, and (ii) VideoQA involves
more reasoning operations over both spatial and temporal dimen-
sions. The rich temporal multi-modal information makes VideoQA
a challenging research topic in both academia and industry.

Existing VideoQA works can generally be categorized into four
categories: (1) Encoder-decoder structure based methods [17, 28, 48,
53, 54], (2) Memory network based methods [10, 24, 33, 42, 46], (3)
Spatio-temporal graph neural network (GNN) based methods [36,
37, 39, 43, 45], and (4) Pre-trained Models [1, 30, 51, 52]. However,
existing VideoQA models suffer from the following three challeng-
ing problems: (i) They are designed with a black-box deep structure
without exploring whether each model part is correctly operating
based on the designing logic. (ii) They are evaluated on simple
questions or scenarios, and their spatio-temporal reasoning per-
formances tend to drop for compositional questions in realistic
scenarios. (iii) They are still far away from the process of human
logic reasoning [31].

To tackle these challenges and move one step closer to explain-
able VideoQA, we propose a Dynamic Spatio-Temporal Modular
Network (DSTN) model in this paper, which utilizes a hierarchical
logic structure with modular design to simulate the compositional
procedure of human logic reasoning explicitly and produce more
explainable results. Concretely, the proposed DSTN model first
decomposes the given question into several sub-tasks with a hier-
archical logic structure in a step-by-step manner, where sub-tasks
cover a set of key concepts (e.g., object, subject, relation, location,
action, temporal order, and duration). In order to handle different
sub-tasks, we propose various modules with different functions
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involving temporal and spatial localization, logic reasoning, rela-
tion discovery, etc. Different modules are dynamically assembled
into a modular network with rich logical reasoning ability based
on the hierarchical logic structure. Then, the assembled modular
neural network operates upon textual features and visual features
simultaneously in a bottom-up manner to generate the final answer
to the given question.

We carry out experiments on the AGQA dataset [11], which is a
typical VideoQA dataset for compositional spatio-temporal reason-
ing under real-world scenarios. Besides the VideoQA accuracy met-
ric widely used in previous works, we also compare the proposed
DSTN model with several state-of-the-art approaches in terms of ad-
ditional settings to demonstrate superior spatio-temporal reasoning
ability of DSTN from different aspects, e.g., generalization ability
for novel compositional questions. Moreover, we evaluate and visu-
alize intermediate results (results of modules) to verify our modules’
reasoning ability and rationality, which further demonstrates the
explainability of our model.

To summarize, this paper makes the following contributions:

e We propose the dynamic spatio-temporal modular network
(DSTN) model, which is the first modular neural network
based approach in VideoQA for explainable video reasoning
in real-world scenarios.

We unify spatial reasoning, temporal reasoning, and logic
modules with a dynamically assembled modular framework
to simulate the process of human inference.

We conduct extensive experiments to demonstrate the ad-
vantages of DSTN with various settings, and explore the
performances of different modules to demonstrate the ra-
tionality of modules and the explainability of the overall
model.

2 RELATED WORKS

Video Question Answering. Existing methods for video question
answering could be generally categorized into four categories: (1)
Encoder-decoder structure based methods [17, 28, 48, 53, 54] adopt
encoder-decoder frameworks to generate both spatial and tempo-
ral contextual features as well as multi-modal representations. (2)
Memory network based methods [7, 10, 24, 25, 33, 35, 42, 46, 49]
utilize memory network structure to process video and question
information, since well-designed write operator and read opera-
tor could efficiently generate meaningful multi-modal represen-
tations. (3) Spatial-temporal graph neural network (GNN) based
methods [12, 15, 19, 20, 36, 37, 39, 43, 45, 50] modify videos into a
graph structured format, and then use GNN based network (e.g.,
Graph Convolutional Network (GCN) and Graph Attention Net-
work (GAT)) to process dynamic information in the video to obtain
contextual representations. (4) Pre-trained Models [1, 9, 30, 51, 52]
use extensive data (e.g., vision, audio, and text) to generate relatively
unbiased multi-modal representations. Besides methods belonging
to these categories, there exist some other works using relation
networks [8, 26, 47] and neuro-symbolic framework [44, 50].

Although existing approaches have achieved remarkable perfor-
mance gains, their performances tend to drop when they answer
complicated logical questions under realistic scenarios and are still
far from real human logic reasoning.
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Table 1: Examples of concepts.

Concepts ‘ Examples
Object bottle, table, dog, milk, window, bed, car
Subject person, man, woman, kid, children
Relation put on, pick up, throw, drink
Location in front of, above, left, right, up, down
Action put on a coat, drink milk
Temporal Order | first, last, before, after, at the same time
Duration long, short, continuous, intermittent

Modular Neural Network. Since the procedure of visual (includ-
ing images and videos) question reasoning is essentially compo-
sitional, the modular neural network has been used for several
methods in image question answering [2, 3, 3, 6, 13, 14, 22, 31, 34]
to increase explainability as well as simulating procedure of human
reasoning. These methods explicitly decompose questions into se-
mantic sub-tasks and assemble specialized modules to handle these
sub-tasks. However, these methods are limited to image question
answering without considering spatio-temporal reasoning.

To conclude, in this work, we address all these difficulties by a
dynamic spatio-temporal modular neural network decomposing
questions into sub-tasks, where sub-tasks could be solved with a
library of general modules designed about key concepts (e.g., object,
action, temporal order etc.) in the real-world video scenario.

3 DYNAMIC SPATIO-TEMPORAL MODULAR
NETWORK

In this section, we describe the proposed Dynamic Spatio-Temporal
Modular Network (DSTN) which targets at explainable spatio-
temporal reasoning in real-world videos by decomposing the ques-
tion into modularized sub-tasks. Figure 1 shows the framework of
our proposed DSTN model with an example to illustrate the whole
model. In general, DSTN consists of three key components: (1) Sub-
tasks modularization, (2) Modular layout policy, and (3) Modular
neural network assembly and executions.

3.1 Sub-tasks Modularization

Most of our natural language questions could be decomposed into
sub-questions. For example, when asked “what did the person do
after taking a picture?”, we could first find the person that “has
taken pictures”, then we find his current action and answer the
question. Similarly, our DSTN contains a series of general modules
implementing different sub-tasks. We primitively focus on several
key concepts in video question answering as: object, subject, rela-
tion, location, action, temporal order, and duration. We list several
examples for each concept in Table 1. Unlike static images, most of
these concepts have a lifecycle. Given a certain video, for example,
a person (subject) may only take a picture (action) in a certain time
period. Thus, our modularized sub-tasks are atomic tasks that op-
erate spatial and temporal reasoning for a given concept. Most of
our modules take a series of spatio-temporal attention maps and
a series of concept embeddings as inputs and output a series of
corresponding spatio-temporal attention to represent the lifecycle
of a certain concept.

Given video feature x? = EY(V) € RTXdimy question feature
x9 = 84(Q) € R¥™q and a set of concept parameters {C;} ex-
tracted from the question, a module M is designed to transform the
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Figure 1: Framework of our proposed Dynamic Spatio-Temporal Modular Network (DSTN) model. Given a pair of V1deo and
question, our model constructs a series of perceptual modules with a sequence-to-sequence model (cf., Figure 1a), where each
module comes with customized concept parameters and visual features for semantics-to-visual perception. The perceptual
modules are assembled into a tree-structured modular layout and instantiated into a spatio-temporal modular neural network
(cf., Figure 1b), which executes in a bottom-up manner with visual features and concept parameters to generate the final answer.
We visualize the idealized intermediate attention maps for some modules as shown in light blue boxes pointed by the grey
dotted arrow. The upside part of light blue boxes is temporal attention map a; and the bottom part is spatial attention map as.
For spatial attention map as, we highlight the localized concepts and obscure other parts. For temporal attention map a;, we
plot the temporal attention curve to show the importance of each frame.

input attention maps (denoted as attentions for simplicity) { alin} Table 2: Implementation details of spatial attention modules.
into another set of attentions {a(°“?)} or the answer ans: Here we denote a(m)/(out) and a(m)/(out) as input/output spa-
tial and temporal attention respectively, ¢C as the embed-

{a'“)} OR ans — M ({tl(m) hACihx®, xq) . (1) ding of concept C, typically, ¢(©)/(") as object/relation em-

bedding. The symbol {} represents a list, and symbol © rep-
resents element wise product. d,/; represents intermediate
spatial/temporal attention results. MeanofSameRel is an aver-
age function over the attention of a certain relation.

M is implemented with a small differentiable neural network with
unified interface and specific semantic meaning. All modules are
conditioned on the video feature x° and question feature x4, and
operated on the spatio-temporal attention with respect to a set of

given COl’lCCpt parameter {Cl } Modules & Inputs ‘ Implementation details
In this paper, we consider two types of attention a; € RT rep- Rel 2F[1(:bd'0|bSJub'] )
: h 1 : f f th id d J J a(u"” Convy (Wg ( ("') m) @X”) ® Convy (x%) © WleC)
resenting the temporal attention over T frames of the video, an Loc2[0bj|Subj]
i . . . (in) (in) C
as € RTXdimy representing the spatial attention over each of the T (a5 ".a, " e7)

frames. Based on the functionalities of different modules, they could Detectobj

(in) _(in) (aimm} = FindObj (ec = (e“’)},ay") = aﬁ”’),af”‘) = afm)
. . (ai™,af™, {e@})
operate on a; or as, or both. Accordingly, we categorize modules

into four categories:  Detecthct {ds) = Findobj (ec = e =_a£in)’ay") p " .
(1) Spatial Attention Modules: The modules in this category @™, () {7 | (4"} = Rel25ubj (ec = h " = @™ = “im))

conduct spatial operations over inputs, which can be regarded as a {as} = DetectAct(eC = ({e(")}, {e<’>)),

repetition of operations on every single frame. As shown in Table (alm a[()zent)e{c:(zi (")) alim) = glim glim a;m)

2, FindObj module outputs a spatial attention map and is used to o | {al®?} = MeanofSameRel ({ds})

localize object representing by the concept embedding €. Rel2
module and Loc2 module can be used to localize objects that have a
specific relation or on a certain position to a known object. Besides, localize all the existing objects, relations, or actions which are given
module DetectObj, DetectRel, and DetectAct are designed to by the concept embedding within specific time period, where the
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Table 3: Implementation details of temporal attention mod-
ules. We use the same notations as Table 2. Here first, last,
before, after, shorter and longer are corresponding concept
embeddings. {a}; represents i'"
e(/(d) represents temporal order/duration concept embed-

ding.

attention in the list, i = 1, 2.

Modules & Inputs ‘ Implementation details

Exist

(out) _ o . (in)
(a(m)) a,ou = Sigmoid (Wlasm )
'S
ComputeDuration | a; = Exist (a;in) = aﬁi"))
(agm)) duration = sum(a;)
L . (in) _ (in)
Temporallocalize | % = ReLU (EXISt (as =45 ))
(aiin) e(1) (out) SuffixSum(a;), ifd(e(’),befare) < d(e“),after)
s s a =
t PrefixSum(a;), otherwise
O (in) _ (in)
TemporalFilter | %= Exist (?S =0
(@™ (0 ouny _ [a™ © [Softmax(d; — B)], ifd(e®, first) > d(e(®), last)
s alovt =%,
s aﬁl") O [Softmax(a; + f)], otherwise
TemporalBetween {a}} = TemporalLocalize (BC = {before, after},ugm) = {agm)}l)
({al™y) {a?} = TemporallLocalize (eC = {before, after}, al™ = {aim)}z)
) = max (min ({al}1, {@}2) , min ({a}}2, {a2}1))
{duration} = Softmax (ComputeDuration (agi") = (as(m)))
Compar_eDuration Sum ({aﬁ(.i")) o] {durutian}) s
({a{™}, (@) (e @
(out) if d(e'?, shorter) > d(e'®, longer)
aS = N
Sum ({aﬁ"”) o{1- duration}),
otherwise.

concept embedding is generated from the embedding layer inside
the sequence-to-sequence model.

(2) Temporal Attention Modules: Rather than operating on
a static image, in this paper, our modular network is designed for
videos that have temporal dimensions, thus we have questions
requiring temporal operations, such as the question “Who grab a
bottle after Leonard talked?” raised in TVQA+ [29] and the question
“After eating some food, did they touch a table or a chair?” raised in
AGQA [11]. In the above questions, word after is a temporal order
requiring calculation of weight between frames along the temporal
dimension to localize actions and objects more precisely afterward.

Table 3 shows a set of temporal modules, the first two of which
are denoted as auxiliary modules, serving as reusable sub-functions
for other temporal modules. Module Exist uses spatial attention
maps to infer the existence of concept C (e.g., object, relation, or
action) in each frame, outputting temporal attention serving as a
temporal probability mask to mask out the frames that concept C
does not occur. Module ComputeDuration takes spatial attention
of action as input and outputs a score representing the duration of
the action.

The bottom four modules in Table 3 are temporal attention mod-
ules operating along the temporal dimension based on auxiliary
modules. Module TemporalBetween is designed to localize the time
period between the existing periods of two different concepts. Mod-
ule TemporalFilter is designed to get the first or the last existing
frame of a certain concept C in the input spatial attention. Module
CompareDuration takes a set of spatial attention maps represent-
ing a set of different concepts C as input, outputting the longest
or shortest concept C representation. Module TemporallLocalize
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Figure 2: An example for TemporallLocalize[before], where
the module is to localize "before the woman squats down".

highlights temporal weights before or after a certain concept C
with before or after as a temporal order parameter.

Here we take TemporallLocalize as an example to illustrate de-
tailed implementation. Given an input spatial attention map agm)
representing spatial information of a concept C, and a temporal
order concept C® (here set as before), TemporallLocalize [before]
would first call the auxiliary module Exist module to find those
frames where concept C exists and output an intermediate tempo-
ral attention by a; = Exist(agm)). In order to highlight temporal
weights before the concept C, we conduct suffix sum over the tem-
poral weights of the concept C as:

T
i;(;ut) = SuffixSum(a;) = Z arj, i=1,2,---,T, (2)
=i
. th . (out)
where i represents the i*? frame at temporal attention a,”, and

j is the jth frame at intermediate temporal attention @;. With this
(out)

ti

ith frame is before concept C. Figure 2 shows an example of the

TemporallLocalize[before] computation process.

(3) Logic Modules: These modules perform basic logical infer-
ence, such as and and or. They take two one-dimensional vector as
inputs and output another one-dimensional vector for possibilities,
conducting element-wise logic operations for tensor inputs.

(4) Answer Modules: Answer modules serve as top-level mod-
ules in the modular neural network and output a one-dimensional
score vector for all possible answers. The detailed implementation
of all the modules can be found in the appendix.

Most of our designed modules can receive different concepts
generated simultaneously with modular layout generation. For ex-
ample, LocalizeOrder[before] and LocalizeOrder[after] in-
stantiates the same module LocalizeOrder with different concept
parameter, where two would localize differently along the temporal
dimension. Moreover, some modules may receive more than one
concept, e.g., TemporalBetween receives two concept information
to localize the time period between them.

suffix sum operation, a represents the probability that the

3.2 Modular Layout Policy

Given a question and a set of predefined modules, we need a mod-
ular layout policy to translate the question into a modular layout
such that we can organize these modules into a modular neural net-
work. In this section, we describe the policy we adopt to generate
the modular layout. For better understanding, we use an example
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to illustrate the function of our Modular Layout Policy as shown in
Figure 1. Given an input question, such as:
"Before sitting in a bed but after tidying up a blanket, which object
were man holding?"
We expected the Modular Layout Policy part would generate the
parameterized modular layout sequence as:
Query(Rel20bj(FindObj(LocalizeBetween(DetectAct (sitti-
ng in, bed), DetectAct(tidying up, blanket)), man), hold-
ing))
where Name (param1, param2,---) is the module Name with pa-

rameters param1, param2,- - - . For example, FindObj (person) is the
module FindObj and concept parameter person for the sub-task of
“find the person”.

Based on the semantic meaning and logic inside the given ques-
tion, we construct a tree-structured modular layout, where the leaf
modules are usually used for low-level visual perceptions, such as
spatial attention modules, while the root modules are usually used
to generate answers such as logic modules and answer modules.

We transform the tree-structure layout into a layout sequence
using Reverse Polish Notation [5], and learn the layout policy us-
ing an attentive sequence-to-sequence Recurrent Neural Network

T,
(RNN). Formally, given an input question {w;},?,, where w; is the

ith word in the question and Ty is the question length, our goal

is to transform {w; I.Tzl into the module layout sequence {m; I.Til
and its corresponding concept parameter as {Ci}iTil, where Tj is
the layout length. To clarify, M in Equation (1) is module m with
specific concept parameters.

Firstly, the question is encoded with a RNN encoder as:

h?nc = RNN®"*¢ (e(wi),hi_l) s i=12,--- Tq. ho =0.

®)

Here e(w;) is the word embedding for w;. Then we first compute
the dynamic attention weight as:

exp(uri)
ST exp(usf)

ari = (4)

us; = o tanh (Wlhfnc + Vl/zh‘fff) R

where W; and W, are learnable parameters. Based on the attention
weight, the dynamic context, and hidden state are:

Iq

cr= Y ahf™e,  h¥e = RNNY°C (hde¢, c,), (5)
i=1

where hgec = 0is the initial decoding state, RNN?€¢ is the Recurrent
Decoder.

At each decoding time step t, the dynamic context c; is also used
to decode the current module 1; and construct current concept
parameter C; as:

Iq
p (1 |ri<y; q) = softmax (W30; + th“) , Cp= Z arie(w;), (6)
i1

where W5 and Wy are learnable parameters and ri<; are predicted
tokens before timestamp t. In order to ensure the validity of the
generated token, where the validity means that the amount of mod-
ule inputs is no more than the total amount of its children modules
outputs, we add masks to the invalid tokens in the probability p.
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Finally, let 0 be all the parameters in our model, given question
q, the probability of a chosen layout | = {r, 1y, ... } is given by

T
]
pseq(llg:0) = [ | p Givelri<r @),

t=1

™)

where T; is length of layout I. Given I = {m; lTi ; as the ground

truth layout, the loss L5¢d on our sequence-to-sequence model can
be written as the negative log likelihood of the ground truth [, i.e.,

Ti

log pseq(I1g:0) = = ) log p(m¢|m<r, q).
t=1

L*(q,1,0)

®)

3.3 Modular Neural Network Instantiation and
Execution

We have so far designed a set of modules and elaborated on how
to generate a tree-structured modular layout for reasoning. In this
section, we turn to modular neural network instantiation and exe-
cution, where modules in the layout will be assembled and executed
in a bottom-up manner.

As we have mentioned in Section 3.2, the output layout from
the sequence-to-sequence model is in the Reverse Polish Notation
format, which will be used to generate the tree-structured modular
layout. Modules are instantiated with concept parameters during
the modular neural network instantiation and a tree-structured
modular neural network is dynamically assembled based on the
tree-structured modular layout. We apply random sampling over
answer set for the rare cases when invalid modular neural network
are generated. Each module assembled in the valid modular neural
network takes the outputs from its children modules as inputs and
sends outputs to its parent module as inputs until obtaining a final
answer from the top-most module (root module).

Given question g, video v, and learned layout [ from the sequence-
to-sequence part of our model, with model parameters 6, the final
answer § is generated by:

g:argmgxMi(yln,q;e), )

where M; =1 ({mi}, {Ci}, i) is the instanced modular neural net-

work with layout [ and a set of predefined modules {M;}. Similar
to the existing method [13, 21], we draw the loss L*™ between the
ground truth answer and the predicted answer as:

L39S (g, 0,15 0) = fee (Mi(- |0, q:6), y*), (10)

where £ is the cross entropy loss and y* is the ground truth answer
for question g on video v.

3.4 Training Strategies

As we have described all the components of our model in detail,
we will introduce our training strategies for the entire model in
this section. Since our DSTN is an independent structure free from
training strategies, we adopt two strategies [13, 31] by varying the
way of choosing the layout [in Equation (10).

Strategy 1: DSTN-E2E. Following Li et al. [31], strategy 1
chooses the best layout generated from the sequence-to-sequence
model. To be specific, given the question g, video v, and ground truth
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layout [, we first generate the layout [* with the highest probability,
ie.,

I = argmax peeq llg:0). (11)
Afterward, the total loss could be written as:
LW (q,0,1;0) = L%9(q, 1; 0) + L™ (q, v, I";6). (12)

In practice, we first use loss L%¢d in Equation (8) to pre-train our
sequence-to-sequence model for modular layout policy merely from
questions. While we do not want to fix the parameters to the ground
truth layout, we then train the entire model in an end-to-end man-
ner with total loss obtained in Equation (12), from which we also
fine-tune the parameters in the policy searching space at the same
time when learning the parameters in neural modules.

Strategy 2: DSTN-RL. Following Hu et al. [13], given the ques-
tion g, video v, the total loss of strategy 2 is the expected loss of
L# in Equation (10) by sampling [ from pseq(i |g; 0) in Equation
(7), ie.,

L(2) (q,v;0) = EiNPseq(i\q;G) LanS(q’ o, i; o). (13)
Due to the non-differentiability of Equation (13), we follow [13]
to conduct a Monte-Carlo sampling and Reinforcement-Learning
strategy to optimize (13). In addition, optimizing Equation (13) from
scratch is challenging and we use the ground truth layout [ as an
expert policy for the first several epochs, and then switch to the
policy gradient learning [41].

4 EXPERIMENTS

We evaluate our model on the recent-proposed AGQA [11] dataset
for its real-world dynamic visual reasoning and rich semantic in-
formation. AGQA is a large-scale compositional video question
answering dataset containing 3.9M balanced and 192M unbalanced
question pairs associated with 9.6K videos. The videos in the AGQA
involve everyday human activities, while questions in the dataset
require a comprehensive understanding of the objects, relations,
actions, temporal order, etc., much more challenging than previous
datasets [17, 28, 29, 47, 53] and closer to the way human beings
think and reason. In this dataset, each video is annotated with a
spatio-temporal scene-graph generated from Action Genome [18],
providing a structural-semantic representation. Each question is
associated with a functional program that points out the necessary
reasoning steps to answer the question. Besides, the dataset con-
tains indirect references and novel composition questions, making
this dataset more challenging.

The experiments demonstrate the following advantages of our
proposed Dynamic Spatio-Temporal Neural Network (DSTN) model.
Firstly, our model outperforms the state-of-the-art methods on
different metrics and splitting, reflecting the excellent reasoning
ability on complex questions and scenarios (Section 4.2). Secondly,
our model could provide clear reasoning evidence with semantic
meaning at each reasoning step (Section 4.3).

4.1 Implementation and Baselines

Implementation. We use standard video features supplied by
AGQA dataset [11], including appearance features x2 € R8%2048 ex-
tracted from ResNet pool5 layer and motion features x2, € R8x2048
extracted from ResNeXt-101. We concatenate appearance features
x§ with motion features x3, to obtain our video feature x? €
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Table 4: Overall results on the test dataset. DSTN-E2E and
DSTN-RL are the results of two training strategies introduced
in Section 3.4. The best results of all methods are highlighted
with the bold font and the second with underscore.

Methods ‘ Binary Open-ended Overall
PSAC [32] 53.56 32.19 42.44
HME [8] 57.21 36.57 46.47
HCRN [27] 56.01 40.27 47.82
DualVGR [43] 55.48 40.75 47.80
HOQGA [45] 56.15 39.49 47.48
DSTN-E2E 57.38 42.43 49.60
DSTN-RL 56.75 42.52 49.34

R8X40% _QOur question features x4 € R1°% are extracted from the
last hidden state of a Bi-LSTM. Moreover, we use the functional pro-
grams provided to train initial parameters for sequence-to-sequence
model.

Our model is trained with the learning rate 2e-5, batch size

32, and the optimizer is Adam optimizer with a weight decay of
1le-5. The experiments are run on the GPU and the total running
time is about 120 GPU hours. More details about the space and
time complexity of our model and baselines can be found in the
appendix.
Baselines. In total, we compare our methods with five state-of-
the-art baselines. Besides the baseline methods used in AGQA, we
also select two state-of-the-art methods. PSAC [32] and HME [8]
propose memory network based methods for important visual and
textual features. DualVGR [43] and HQGA! [45] adopt graph at-
tention mechanism and encoder-decoder structure for contextual
representation. HCRN [27] builds conditional relation network as
reusable blocks to construct a hierarchy network to generate contex-
tual multi-modal representation. In order to maintain consistency
across different methods, we use the same input visual features for
all baseline methods, and rerun the baselines selected by the dataset
(HCRN, HME, PSAC) on the latest released version (claimed having
the same distribution with the previous version), achieving similar
results with those shown in [11].

4.2 Model Performance

We use the official metrics from [11] to evaluate the model per-
formance: (1) Accuracy Metric: measures the general model per-
formance for different types of questions. (2) Indirect Reference
Metric: measures whether the model could figure out the indirect
reference of temporal order, actions and objects through precision
and recall. (3) Novel Composition Metric for Out-of-distribution
(OOD) Setting: measures the model’s ability to solve dataset shift
for novel compositions of word groups. Later in this section, we
describe these metrics in detail and analysis quantitative model
performance under these metrics.

Accuracy Metric. The quantitative model performances of base-
lines methods and ours (DSTN-E2E and DSTN-RL) are listed in
Table 4. We use standard accuracy metric to evaluate the general
performance. Compared with state-of-the-art baselines, DSTN-E2E

1We use the HQGA w/o G version since object-level features are not provided.
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Table 5: Results on indirect reference metrics on the test set,
where the metrics are following the definitions in AGQA
dataset. Precision values are the accuracy on these indirect
questions when the corresponding direct questions were an-
swered correctly, while recall values are the accuracy on all
questions with that kind of indirect reference.

Methods ‘ Object ‘ Action ‘ Temporal
‘ Precision  Recall ‘ Precision  Recall ‘ Precision Recall
PSAC [32] 66.67 40.53 66.59 34.50 68.07 36.78
HME [8] 73.86 45.59 78.15 39.51 74.33 41.35
HCRN [27] 81.55 46.39 86.45 41.09 84.78 43.25
DualVGR [43] 82.13 46.49 85.81 40.44 85.21 43.56
HQGA [45] 79.51 45.69 81.45 41.38 82.49 42.19
DSTN-E2E 82.26 48.50 86.34 41.57 87.47 45.76
DSTN-RL 82.17 48.24 85.12 42.08 87.39 45.65

Table 6: Results on novel composition metrics on the novel
composition test split. "Seq.", "Sup.”, "Dur.’, "Obj.", and "Open."
denote Sequencing, Superlative, Duration, Obj-rel, and Open-
ended separately.

Methods ‘ Seq.  Sup. Dur.  Obj. ‘ Binary Open. ‘ Overall
PSAC [32] 36.18 30.51 36.83  20.21 40.63 15.66 31.30
HME [8] 43.22  39.22 4582 24.17 49.34 20.91 38.72
HCRN [27] 4394 37.61 5027 24.87 46.29 25.56 38.55
DualVGR [43] | 4471 3692 51.47 28.67 | 46.09 27.17 39.02
HQGA [45] 4335 3593 5132 2414 44.90 25.27 37.57
DSTN-E2E 45.63 39.62 52.50 25.04 49.42 24.77 40.21
DSTN-RL 4536 40.62 53.94 26.14 | 50.40 2444 40.70

and DSTN-RL gain 1.78% and 1.52% absolute improvement over the
best baseline model overall, respectively.

Baseline models could perform relatively well in certain ques-

tion types, while our model outperforms all the baselines in both
question types (i.e., binary and open-ended questions), showing
the reasoning ability on complex questions and scenarios of our
designed model.
Indirect Reference Metric. Indirect reference metric is aimed at
measuring the model’s ability to understand objects, actions, and
temporal semantic meanings in indirect reference formats. In short,
the model has to distinguish the detailed concepts before it can
reason on it. We denote questions containing indirect references
as indirect questions (e.g., Did they contact the object they were
watching?) and their corresponding direct questions replace the
indirect references with certain entities (e.g., Did they contact a
television?). In Table 5, we report the precision and recall for each
concept type as a measurement of indirect reference similar to [11].
Precision values are the accuracy on these indirect questions when
the corresponding direct questions were answered correctly, while
recall values are the accuracy on all questions with that kind of
indirect reference.

In Table 5, DSTN-E2E and DSTN-RL significantly outperform
baselines in object indirect reference questions and temporal in-
direct reference questions. Although HCRN achieves the highest
precision score in action indirect reference, it does not achieve
the corresponding highest recall value, meanwhile, DSTN achieves
a competitive precision score in action indirect reference, which
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Table 7: Temporal module performances.

Module | Metrics | Baseline DSTN-E2E DSTN-RL
TemporalFilter | Kendall'st 0.001 0.221 0.330
Temporallocalize 10U 0.363 0.578 0.597
TemporalBetween 10U 0.237 0.460 0.458
CompareDuration 10U 0.296 0.447 0.440

means DSTN has a good performance in general action indirect
reference questions.

Novel Composition Metric for OOD setting. Novel composition
metric for OOD setting measures the model’s ability to answer an
Out-Of-Distribution (OOD) question: the model is trained on the
questions with certain compositions but tested on the questions
with unseen novel compositions [40]. For example, the word “first”
and “behind” do not co-occur in any question during the training
process, while they do co-occur in a question during testing. As
shown in Table 6, DSTN-E2E and DSTN-RL outperform all the base-
lines in the overall accuracy and achieve the highest two accuracies
in most cases, demonstrating DSTN has a strong generalization
ability.

Discussions about DSTN-RL and DSTN-E2E. We could find that:
(1) The E2E strategy performs better in the i.i.d. setting (independent
and identically distributed) where the training and testing data
follow the same distribution (Tables 4, 5, and 7) because the E2E
strategy tends to imitate the training data. (2) The RL strategy works
better in the o.0.d. setting (out-of-distribution) where the training
and testing data may follow different distributions (Table 6) because
the RL strategy would freely explore these unseen layouts and thus
works better.

4.3 Module Evaluation

As a modular neural network based model, our DSTN model has
good explainability aside from good performance. In this section, we
evaluate intermediate results of temporal modules with the ground
truth to verify the rationality of our designed modules. Moreover,
we visualize the spatial attention map and temporal attention map
of several showcases to further demonstrate the explainability of
our DSTN model.

Temporal Module Evaluation. We firstly evaluate the consis-
tency between our temporal modules and the ground truth. For
each temporal module, we first extract the ground truth temporal
region from the AGQA annotation, and then we compute the con-
sistency between our module prediction and the ground truth. We
use Kendall’s 7 coefficient metric [23] to measure the consistency
between the output of the TemporalFilter module and the ground
truth. Besides, we use Intersection-over-union (IOU) metric [16] to
measure the consistency between predicted region and the ground
truth region for TemporallLocalize, TemporalBetween, and Com-
pareDuration modules. As there are not other available baselines,
we implement a baseline that randomly generates predictions to
simulate the function of the module. Take the baseline for Tempo-
ralBetween as an example. We randomly select two frames as the
start and end frames of the localized time period. More details about
the implementation of the baselines can be found in the appendix.
The results are shown in Table 7.
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Q: Between making some food and taking a dish from
somewhere, which object did the person throw?

CHINTIRT

(hold clothes) (throw clothes, open refrigerator)
clothes

T azI .

Q

' Query '4_ 1
as

a; WA 1 ’
FindObj (person)
alI 0.001 0.363T 0564 0.183
Q--- L s ot o
as

4

TemporalBetween ()

~~

~. 0007

0.839
a;|  O-..

0.000 0.154
-0

TS| |

DetectAct (take a dish) DetectAct (make some food)

@)

Q: Of all the items the man contacts,
was the last one a blanket or a book?

8

(tidy up blanket)

Zi Qian et al.

Q: Was a chair the thing they were
contactlng after dressing themsevles?
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Figure 3: Real examples visualizing the reasoning process of our DSTN model. The temporal attention map a; and spatial
attention map a; of intermediate modules are depicted. The upside part of the module is the temporal attention map a; plotted
as a curve line with weights, and the bottom part is the spatial attention map with highlighted localized concepts. The top
modules (depicted as yellow rectangles) are answer modules. For clarification, we annotate actions contained in each frame.

(1) TemporalFilter aims to localize the first or last concepts (ac-
tions, objects etc.). Given ground truth temporal attention a} and
output temporal a;, we compute the Kendall’s 7 coefficient [23]

between our localized results and ground truth. Compared with
the baseline, our TemporalFilter module has a remarkably high
Kendall’s 7 coefficient, which shows the rationality of this model.

(2) TemporallLocalize, TemporalBetween, and CompareDuration
aim to find a corresponding temporal region for the given concept.
We measure the performance of these modules with IOU between
the predicted temporal region and ground truth region. Compared
with the baseline, our method has a much higher IOU with ground
truth, meaning that these modules indeed learn the desired mapping
during the implicit training process, demonstrating the reliability
and explainability of our method.

Visualization We visualize the intermediate results of our designed
modules as shown in Figure 3. For temporal modules that output
temporal attention maps, we use the calculated temporal attention
maps to determine the importance of each frame. For other mod-
ules that output spatial attention maps, we adopt the Grad-Cam
method [38] to produce a coarse localization map highlighting the
important regions. Specifically, we first calculate the inner product
between the visual features and the spatial attention maps out-
putted by each module. Then we evaluate its gradient on the final
convolutional layer of the visual feature extraction CNN. Finally, a
bi-linear interpolation step is adopted to obtain a rough pixel-level
saliency map.
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From Figure 3, both our temporal modules and spatial modules
can localize given concepts precisely, e.g., DetectAct[take a dish]
and DetectAct[make some food] (cf., Figure 3a) highlight the re-
lated actions in the related frame, TemporalFilter[last] module
(cf., Figure 3b) picks last object out from several objects, Tempo-
ralLocalize[before] module (cf,, Figure 3c) highlights the frames
after the action. As a result, we verify that each part (module) of
our model is correctly operating based on the human logic rather
than a black-box deep structure.

5 CONCLUSION

In summary, we propose the dynamic spatio-temporal modular
network (DSTN) model, which is the first modular neural network
based approach in VideoQA for explainable video reasoning in
real-world scenarios. Moreover, we conduct extensive experiments
to demonstrate the advantages of DSTN with various metrics and
settings, and explore the performances of different modules to
demonstrate the rationality of modules and the explainability of
the overall model.
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A MORE EXPERIMENTAL RESULTS

A.1 Baselines in Temporal Module Evaluation

We implement baselines that randomly generate predictions to
simulate the function of the module for temporal module evaluation:
(1) TemporalFilter Module uses Kendall’s 7 coefficient as the
metric. Therefore we randomly generate an index set as our base-
line.

(2) TemporalLocalize Module uses Intersection-over-union (IOU)
as the metric. As shown in Figure 4(a), we randomly select an index
a as the boundary and a direction d, then we highlight the frames
guided by the boundary and the direction.

(3) Temporalbetween Module uses Intersection-over-union (IOU)
as the metric. As shown in Figure 4(b), we randomly select two
indexes a and b as the boundary, then we highlight the frames
between the two indexes.

(4) CompareDuration Module uses Intersection-over-union (IOU)
as the metric. We randomly highlight or mask each frame for our
baseline.

a o--0o--0--o
Direction d "«
T N
N
| | | u—ué" ==f== Timeline
Index a
(a)
a;

-0 --0
4 A

7/ N
7/ N
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Index b Index a

(b)

Figure 4: The generation of baselines. a; represents the
temporal attention map. Figure 1la is the baseline of
TemporallLocalize module, and Figure 1b is the baseline of
TemporalBetween module.

A.2 Space and Time Complexity

We have listed our model’s training cost and other training de-
tails in Section 4.1 of the main paper. To further demonstrate our
model’s time and space complexity, we calculate the number of
parameters and inference time of our model and other baselines. In
order to maintain consistency across different methods, we run the
experiments on the same machine (Intel(R) Xeon(R) Gold 6240 CPU,
Nvidia GTX 3090 GPU) with batch size 32. We use the balanced
test split in AGQA for inference, and the number of QA pairs is
1,041,600. As listed in Table 8, we can find as follows:

(i) The numbers of parameters of all the models are of the same
order of magnitude.

(ii) The inference time results can be categorized into three
classes: (1) HQGA, which needs less than 1 hour. (2) DSTN (ours),
DualVGR, HCRN, and PSAC all need a couple of hours. (3) HME,

which needs significantly more time than other baselines.
To conclude, splitting the reasoning process of a problem into

multiple sub-tasks does not lead to a significant increase in time or
space complexity compared with other state-of-the-art baselines.
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B IMPLEMENTATION DETAILS OF MODULES

We design four types of modules: spatial attention modules, tempo-
ral attention modules, logic modules, and answer models. Table 9
lists all the notations we use, and then Table 10 lists implementation
details of all modules.

Table 8: Space and time complexity of models.

Method ‘ Number of parameters (M) ‘ Inference time (hours) ‘ Accuracy
PSAC | 39.34 | 13 | 4244
HME | 42.89 \ 325 | 4647
HCRN | 41.46 \ 17 | 4782
DualVGR | 14.24 \ 1.2 | 47.80
HQGA | 11.79 \ 0.7 | 4748
DSTN (ours) | 36.87 \ 4.0 | 49.60

Table 9: Notations and corresponding meanings.

Notation ‘ Meaning
a;i") ‘ input temporal attention map
aﬁi") ‘ input spatial attention map
afou” ‘ output temporal attention map
aﬁou” ‘ output spatial attention map
€ ‘ embedding of concept C
e(0) ‘ embedding of object concept
e ‘ embedding of relation concept
e®) ‘ embedding of temporal order concept
e(d ‘ embedding of duration concept
ans ‘ an one-dimensional score vector for all possible answers
ans(in) ‘ input ans
ans(©ut) ‘ output ans
{} ‘ a list, {a} represents a list of a
a ‘ intermediate attention map results
x?¢ ‘ visual features
Conv ‘ convolution operator
w ‘ weight matrix
(0] ‘ element-wise product operator

MeanofSameRel ‘ for each relation, calculate the average of related attention maps

Sigmoid ‘ Sigmoid activation function
ReLU ‘ ReLU activation function
PrefixSum Preﬁxjum(x) = y ={yi= Zj’:l Xj }}, where y; and x; are the ith
and j*" number in y and x, respectively
SuffixSum(x) =y ={y; = erzi xj}, where y; and x; are the ith
SuffixSum and j** number in y and x respectively.
T is the length of x
Softmax ‘ Softmax function
d(x,y) ‘ distance between x and y using inner product
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Table 10: The list of modules in our model. The modules are categorized into five categories (including Auxiliary modules) and
implemented by different functions. Meanings of each notation are listed in Table 9.

Module Type ‘ Module Name Inputs ‘ Outputs ‘ Implementation Details
FindObj ] _
Rel2[0bj|Subj] €, aii"), agi") aﬁ""” af;oul) = Convy (Wg(asm) [0} ai‘") © x?) ® Convy (x?) ©® Wlec)
Loc2[0bj|Subj]
‘ DetectObj ‘ {e(@)}, agi"), a}in) ‘ {aﬁ”"‘)} ‘ {af;ou[)} = FindObj (eC = {e(0)}, a_gi") = ai'm, a;i") = a;i"))
Spatial
patia Sy e (O o)y ) _ (im) (im) _ (im)
Attention DetectAct (0 (. (in) (in) (out), | {as}=FindObj (e ={e}has =as 0, = q
erectac e e} 0 L A I (in) (in) _ (in)
{ag "} = Rel2Subj (ec = {e(r)},aS ={as}.a, " =aq, )
. . i) = C _ ((p(0) (r) (in) _ (in) (in) _ (in)
DetectRel @} fe}, al™ ol | (glou0y {as} = Detecthct (e ({e hie }) s T = )
{ai‘m”} = MeanofSameRel ({as})
Exist agi") ‘ agow) ‘ aﬁou” = Sigmoid (W1a<m))
Auxiliary ) (in) _ (in)
ComputeDuration ag"’) duration dt = Exdst (a (@) )
uration = sum(d;
d; = ReLU (Ex1st ( (im) _ (.i")
: (in) (out)
TemporalLocalize e, ag a; (oury _ | SuffixSum(ay), ifd(e, before) < d(e®, after)
‘ B PrefixSum(a;), otherwise
ar = Exist (a("') (m>
; (in) (out)
TemporalFilter e®, as as (our) _ ("') O [Softmax(a; — f)], ifd(e([),first) > d(e(t),last)
ag
Temporal (m) O [Softmax(a; + f)], otherwise
Attention N -
{d}} = TemporallLocalize (e(’) = {before,after}, agm) = {agl")}l)
(in) (out) . .
TemporalBetween {as™} 9 {at} TemporalLocahze( (1) = {before, after}, agm) = {agm)}g)
a{*") = max (min ({a}}1, {@}2) , min ({a}}a, {2 }1))
{duration} = Softmax (ComputeDuratmn (a(m) = {a(i")}))
CompareDuration el {agi")} agout) (out) Sum ({asm)} o] {dumtzan}) if d(e(d) shorter) > d(e( ) ,longer)
a, =
’ Sum ({a(m)) o{1- duration)) , otherwise.
(in) (in)
(in) (in) (out) | Sim = Sigmoid(ans;”) © Sigmoid(ans, )
Logic And Sy ansy ans’ ans(©4) = padding(sim, 1 — sim)
Xor s ans (i) ans(out) sim = Sigmoid(ansii")) o(1- Slgm01d(an52m))) +(1- Slgmmd(anslm))) [0} Slgmmd(ansém))
L ans(©4t) = padding(sim, 1 — sim)
‘ Query ‘ “") f’") ‘ ans(0ut) ‘ ans(0ut) = max(WT(W(a('") Oa, (in) ©xY)))
Answer ‘ QueryCompare ‘ (m) (i") ‘ ans(©ut) ‘ ans(©ut) *paddmg(ans( in) anszm))
‘ Choose ‘ eC.e.a ('"), a(i") ‘ ans(©out) ‘ ans(out) = WyT (d (Wlelc, W3(a(m) o} a(m) o} x”)) oWiel +d (erz ,W3(a(m) (m) [0} x”)) © Waeg )
‘ In ‘ (m) ‘ ans(out) ‘ ans(out) = padding (d(WleC, Wg(as(.i") 0 x?)), —d(W;eC, Wy (ai"") Ox”)))
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