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Table 1
State-of-the-art comparison on FVQA dataset.

Table 2

State-of-the-art comparison on Visual7’W + KB

Table 3

Vehicles and Transportation (VT); Brands, Companies and Products (BCP); Objects, Material and Clothing (OMC); Sports and Recreation (SR);

State-of-the-art comparison on OK-VQA dataset. We show the results for the full OK-VQA dataset and for each knowledge category (top-1 accuracy):

Cooking

Overall accuracy dataset. and Food (CF); Geography, History, Language and Culture (GHLC); People and Everyday Life (PEL); Plants and Animals (PA); Science and Technology (ST);
Method Weather and Climate (WC); and Other.
top-1  top-3 Overall accuracy Overall accuracy
LSTM—Q + Image + Pre-VQA 2498 40.40 Method top-1 top-3 Method top-1  top-3 VT BCP OMC SR CF GHLC  PEL PA ST wC Other
Hie-Q + Image + Pre-VQA |4 4314 59.44 Q-Only 21 1493 - 1464 1419 1178 1594 1692 1191 1402 1428 1976 2574 1351
FVQA (top-3-QQmaping) |4 56.91  64.65 KDMN-NoKnowledge [20]  45.1 - MLP | 2067 - 2133 1581 1776 2469 2181 1191 1715 2133 1929 2992 1981
FVQA (Ensemble) | 58.76 - BAN |4 2517 - 2379 1767 2243 3058 2790 2596 2033 2560 2095 40.16 2246
Straight to the Facts (STTF) 6220 75.60 KDMN-NoMemory |20 51.9 - MUTAN |45 ] 2641 - 2536 1895 2402 3323 2773 1759 2009 3044 2048 3938 2246
; : KDMN |20 57.9 - ArticleNet (AN) 528 - 448 093 509 511 569 624 313 695 500 992 533
Reading Comprehension |4 62.96  70.08
g P! ' - : KDMN-E bl : 60.9 BAN + AN 2561 - 2445 1988 2159 3079 2912 2057 21.54 2642 27.14 3829 2216
Out of the Box (OB) 69.35  80.25 -Ensemble [20] g - MUTAN + AN| 2784 - 2556 2395 2687 3344 2994 2071 2505 2970 2476 39.84 23.62
Human 4 77.99 out of the Box (OB) [ 5732 7161 BAN/AN oracle 2759 - 2635 1826 2435 3312 3046 2851 21.54 2879 2452 414 2507
—— A MUTAN/AN oracle | 2847 - 2728 1953 2528 3513 3053 2156 21.68 3216 2476 414 2485
2 20 GRUC (ours) 69.03  88.12 GRUC (ours) 2987 3265 2984 2523 30.61 3092 2801 2624 2921 3127 2785 3801 2621
Xt l:l:ﬁ ER A E
oo ancnnennn e o OK-V
ent oI our model on UK-VUA 1S not tnat

We also report the quantltatlve performance on the challeng-
ing OK-VQA dataset in . We compare our model with three
kinds of existing models, including current state-of-the-art VQA
models, knowledge-based VQA models and ensemble models. The
VQA models contain Q-Only , MLP , BAN , MUTAN

. The knowledge-based VQA models consist of ArticleNet
(AN), BAN +A N and MUTAN + AN. The ensemble models , i.e.
BAN/AN oracle and MUTAN/AN oracle, simply take the raw Arti-
cleNet and VQA model predictions, taking the best answer (com-
paring to ground truth) from either. We report the overall perfor-
mance (top-1 and top-3 accuracy) as well as breakdowns for each
of the knowledge categories (top-1 accuracy). We have the follow-

'“"Q:n': %ﬁﬁ the performance on FVQA and Visual7W-

ling two observations from the resulfs:
1s all the compared

fﬁ'..’ﬁ jj— 5% ﬁ‘?’é XTJ- tb%%ﬁ*ﬁ state-of-the-art mod-

els (BAN and MUTAN) specifically designed for VQA tasks, they
get inferior results compared with ours. This indicates that general
VQA task like OK-VQA cannot be simply solved by a well-designed
model, but requires the ability to incorporate external knowledge
in an effective way. Moreover, our model outperforms knowledge-
based VQA models including both single models (BAN+AN and
MUTAN + AN) and ensemble models (BAN/AN oracle and MU-
TAN/AN oracle), which further proves the advantages of our knowl-
edge incorporating mechanism based on both multimodal knowl-
edee oranhs and memorv-enhanced recurrent reasonine network.

Kb. vve perneve uiat unms phenomenon is mostly due to the follow-
ing two reasons: (1) Questions in the OK-VQA dataset are more
diverse and complex, which is more challenging for machines to
understand accurately. The questions in FVQA and Visual7W-KB
are generated when given the images and supporting facts upon
the pre-defined templates or relations. This mechanism constrains
the answers in a specific knowledge base and guides the model
to operate in a reverse way of the question generation process
to predict the correct answers with high probability. On the con-
trary, questions in OK-VQA are totally free-form ones that gener-
ated by MTurk workers and thus containing more unique questions
and words with less bias compared with other datasets. This in-
creases the difficulty to understand the questions accurately. (2)
OK-VQA requires a wide range of knowledge beyond a specific
knowledge base. Looking at the category breakdowns in |
baseline models achieve relatively high performance for SR, CF,
GHLC, PA and WC categories while our model performs better for
the remaining categories. Since the baseline models refer to the
Wikipedia while our model refers to ConceptNet, the performance
in the categorv breakdowns perhaps suggests that each knowledge
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Table IV shows the ablation results on VisDial v1.0 vali-
dation set. Models in the first block are designed to evaluate
the influence of key components in the visual module. The

Ablation TABLE IV

ABLATION STUDY ON VALIDATION SET OF VISDIAL V1.0.

g’[t‘){‘éfl 16\’;121: 59@;; 1;1@; 9Ro@;;0 2’[8;‘" 15\15])45;0 limitation for ObjRep is that it only mines the pivotal features
jRep . . . . . . . . . . . .
RelRep 6363 4925 8101 9034 407 5512 from 1sola'ted objects and ignores the relatlor'lal information,
VisNoRel 63.97 49.87 81.74 90.60  4.00  56.73 which achieves worse performance at all metrics compared to
VisMod 64.11 5004 8178 90.52 399 56.67 VisMod. RelRep considers the relationships by introducing re-
GlCap 60.02 4534 77.66 87.27 4.78 50.04 . . . .
LoCap 6095 4643 7845 8817 462 5172 latlo.n‘embeddmg‘ for aggregating the opject fgatures. Howevgr,
SemMod 61.07 46.69 78.56 88.09 4.59  51.10 empirical study indicates that enhancing object relationships
w/o ELMo 63.67 4989 8044 8984 4.14 5641 while weakening object appearance is still not sufficient to
. 50.74 82.10 91.00 3.91 57.30 t th . 1 s ti for bett f Vi
Variants/44 5079 s2a1 o110 390 5824 represent the visual semantics for better performance. Vis-

B. Ablation Study

We also conduct an ablation study to further exploit the
influence of the essential components of DualVD. To be
mentioned, we use Dual VD-LF as the full model and apply the
same descriminative decoder for all the following variations:

Object Representation (ObjRep): this model uses the av-
eraged object features to represent the image. Question-driven
attention is applied to enhance the object representations.

Relation Representation (RelRep): this model applies
averaged relation-aware object representations as the image
representation without fusing with original object features.

Vision Module without Relationships (VisNoRel): this
model contains the full Vision Module, differing in that the
relation embeddings are replaced by unlabeled edges.

Visual Module (VisMod): this is our full visual module,
which fuses objects and relation features.

Global Caption (GICap): this model uses LSTM to encode
the global caption to represent the image.

Local Caption (LoCap): this model uses LSTM to encode
the local captions to represent the image.

Semantic Module (SemMod): this is our full semantic
module, which fuses global and local features.

w/o ELMo: this is our full model based on late fusion
encoder, differing in that the word embedding GloVe+ELMo
is replaced by GloVe.

DualVD-LF (full model): this is our full model, which
incorporates both the visual module and semantic module.

NoRel takes a step further by adaptively fusing the information
from both object appearance and full-connected neighbors,
aggregating all the neighborhood features directly without
relation semantics. This strategy achieves slight improvement
compared with ObjRep. VisMod moves a step further by adap-
tively fusing the information from both object appearance and
full-connected neighbors, aggregating all the neighborhood
features with relational information, which achieves the best
performance compared to above two models.

Orthogonal to visual part, models in the second block are
conducted to test the influence of key components in the
semantic part. The overall performance of either GlCap or
LoCap decreases by 1% and 0.15% respectively, compared to
their integrated version SemMod, which adaptively selects and
fuses the task-specific descriptive clues from both global-level
and local-level captions.

We compare the performance of VisMod and SemMod
with Dual VD-LF. By adaptively select information from the
visual and the semantic module, Dual VD-LF results 1 a
great boost compared to SemMod and a relatively slight
boost compared to VisMod. This unbalanced boost indicates
that visual module provides comparatively richer clues than
semantic module. Combining the two modules together gains
an extra boost, because of the complementary information
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Interpretation

Case Visual Graph
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Fact Graph Semantic Graph Our model is interpretable by visualizing the attention
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OB with Mucko. Mucko collects relevant visual and seman-
chait candie wie  tic evidence to make each entity discriminative enough for
predicting the correct answer while OB failing to distinguish
representations of ‘laptop’ and ‘keyboard’ without feature se-
lection. (3) Mucko fails when multiple answers are rea-
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right nbjecl on the table shown in
the image?

GT Answer: wedding
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Parameter Analysis

#Retrieved facts @50 @100 @150 @200
Rel@1 (top-1 accuracy) | 5556 7062 6594  59.77
Rel@1 (top-3 accuracy) | 64.09 81.95 73.41 66.32
Rel@3 (top-1 accuracy) | 5893  73.06 70.12  65.93
Rel@3 (top-3 accuracy) | 68.50 85.94 81.43 74.87

Table 3: Overall accuracy with different number of retrieved candi-
date facts and different number of relation types.

#Steps 1 2 3
top-1 accuracy | 62.05 73.06 70.43
top-3 accuracy | 71.87 8594  81.32

Table 4: Overall accuracy with different number of reasoning steps.
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Abstract

Fact-based Visual Question Answering (FVQA) re-
quires external knowledge beyond visible content
to answer questions about an image, which is chal-
lenging but indispensable to achieve general VQA.
One limitation of existing FVQA solutions is that
they jointly embed all kinds of information with-
out fine-grained selection, which introduces unex-
pected noises for reasoning the final answer. How
to capture the question-oriented and information-
complementary evidence remains a key challenge
to solve the problem. In this paper, we depict
an image by a multi-modal heterogeneous graph,
which contains multiple layers of information cor-
responding to the visual, semantic and factual fea-
tures. On top of the multi-layer graph representa-
tions, we propose a modality-aware heterogeneous
graph convolutional network to capture evidence
from different layers that is most relevant to the
given question. Specifically, the intra-modal graph
convolution selects evidence from each modality
and cross-modal graph convolution aggregates rel-
evant information across different modalities. By
stacking this process multiple times, our model
performs iterative reasoning and predicts the opti-
mal answer by analyzing all question-oriented ev-
idence. We achieve a new state-of-the-art perfor-
mance on the FVQA task and demonstrate the ef-
fectiveness and interpretability of our model with
extensive experiments. The code is available at

httmo/ vithinlh Anmalacten milhanlmanaala
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Conclusion

In this paper, we propose Mucko for visual question answer-
ing requiring external knowledge, which focuses on multi-
layer cross-modal knowledge reasoning. We novelly de-
pict an image by a heterogeneous graph with multiple lay
ers of information corresponding to visual, semantic and fac-
tual modalities. We propose a modality-aware heterogeneous
graph convolutional network to select and gather intra-modal
and cross-modal evidence iteratively. Our model outperforms
the state-of-the-art approaches remarkably and obtains inter-
pretable results on the benchmark dataset.

ation. However, our model has infe-
rior pertormance wnen open-domain knowledge is required. How
to adaptively incorporate diverse knowledge bases that covering
commonsense, Wikipedia knowledge and even professional knowl-
edge for KVQA tasks will be our future work.
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