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1. Visual Question Answering Model
Section 1.1 extends section 4 in the main paper, detailing the VQA answering model of PJ-X by providing the detailed

formulas we omitted for brevity. The VQA model that we use throughout the experiments is based on the state-of-the-art
MCB model [2], but trains and evaluates faster (reduction of ∼ 30%). The main difference between the two models is how
they combine two different representations and create multimodal features. We evaluate our VQA model using the same
accuracy measure as in the VQA challenge in Section 1.2.

1.1. Model Details

For spatial image features f I(I, n,m) from the last convolutional layer of ResNet-152, question Q, 2-layer LSTM
fQ(Q) we compute:

f̄ IQ(I, n,m,Q) =(W1f
I(I, n,m) + b1)� fQ(Q) (1)

f IQ(I,Q) =L2(signed sqrt(f̄ IQ(I,Q))) (2)

ᾱpointA
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with ReLU ρ(x) = max(x, 0). This process gives us a N ×M attention map ᾱn,m. We apply softmax to produce a
normalized soft attention map for predicting the answer:
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fy(I,Q) =W4f̄
y(I,Q) + b4 (7)

p(y|I,Q) =Softmax(fy(I,Q)) (8)
ŷ = argmax

y∈Y
p(y|I,Q) (9)

1.2. Results

As shown in Table 1, our VQA model leads to a considerable improvement in performance, especially in VQA v2. Our
model shows an overall 0.51% improvement on VQA v1 and 2.57% on VQA v2, where the most significant gain is achieved
in the “Number” category. In addition, our model is more efficient than MCB [2] in that the training and inference are∼ 30%
faster.



VQA v1 VQA v2
Method All Yes/No Number Other All Yes/No Number Other

MCB [2] 62.50 79.69 31.29 54.67 59.14 77.37 36.66 51.23
Our VQA model 63.01 82.01 35.47 52.99 61.71 78.68 38.51 52.53

Table 1: OpenEnded results on VQA v1 [1] and VQA v2 [3] datasets. The models are trained on train set, validated on
validation set, and reported on the test-dev accuracies. The columns indicate the accuracies of the model for each different
question type. Our model achieves higher accuracy than MCB [2] while being faster at train and test time.
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