Curriculum Learning Effectively Improves Low Data VQA
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1. Motivations

Current VQA models are commonly trained on large-scale datasets
to achieve state of the art performance. However, such datasets
are not available for many domains. Further, these models on
small datasets significantly reduces their high performance.
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Figure 1: Accuracy of a VQA model when training on different-sized training set

Our goal is to train a modular VQA model from scratch by using
only a small amount of labeled data without using any other
resources. Specifically, we take the Curriculum learning approach
to tackle the problem of VQA models' low performance under low
data conditions.

2. Curriculum Heuristics

We consider the length of the program corresponding to a question
as an indicator of question length. Under the program length
curriculum, the network is fed with easy-to-hard ranked examples
starting from shorter programs and gradually increasing programs'
length.

we define another measure based on a hand-crafted answer
hierarchy in order to shift the focus from questions to answers. The
higher level in the hierarchy includes a coarser categorization of
each answer type, and the answer types are vertically extended
downward to finer classes of types, e.q., digit at a lower level is
divided into three groups, such as 0, 7 and many.

The intuition of this heuristic is to focus training on the hard examples
where the learner does not perform well and consequently the loss is
high [1]. We employ a dynamic hardness criterion H, based on the
running average of instantaneous hardness r, , which is defined as
the loss difference between two consecutive training iterations. v is
the discount factor.
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Hardness Epoch
1 10 29 50 s 98
Easy 0.90 0.8l 176 0.93 116 1.12
Medium 5.49 1.87 2.31 1.40 1.33 1.27
Hard 11.78 3.57 1.74 1.10 094 1.40

Table 1: Hardness scores of three examples at different epochs with various levels of difficulty. The
hardness scores decrease as training progresses.

Easy Q: There is an object Medium Q: What number Hard Q: What size is the
that is both right of the yellow of large objects are cyan metal- metal block right of the brown
rubber object and behind the lic spheres or yellow spheres? metal thing right of the blue
large brown thing; what is its A:0 thing in front of the small blue
color? A: cyan rubber thing? A: large
(A) Easy Question (B) Medium Question (C) Hard Question

Figure 2: Examples of easy, medium and hard VQA tasks according to their hardness score.

3. Curriculum Training

e Training by length-based curriculum: CL training with a batching
method as the selection function and a linear paced scheduler

e Training by answer hierarchy curriculum: CL training with a
self-paced scheduler. he scheduler updates the curriculum where the
normalized difference of accuracy between two consecutive iterations
goes higher than a predefined threshold.

e Training by hard examples curriculum: CL training with a warm-up
phase where the model sweeps all training examples and then a
curriculum learning where the examples are ranked according to their
hardness score.
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To simulate a low-data scenario, we select four small subsets from the
CLEVR training set [2] with different sizes denoted as a percentage of
the full dataset. We evaluate our approach using the modular VQA
model proposed in [3]. To investigate the impact of regularization, we
asses our experiments under three conditions: no regularizer
(No-Reg), with dropout applied on the last layer of the model
(Drop-out), and with L2 regularization (L2-norm).

Method No-Reg Drop-out L2-norm
5% 10% 15% 20% | 5% 10% 15% 20% | 5% 10% 15% 20%

No-CL 4691 48.77 49.68 51.25 | 46.94 48.36 49.67 49.92 | 46.71 50.25 5220 54.34
Length-CL 46.55 46.67 47.83 48.12 | 46.68 47.33 47.61 47.71 | 47.89 49.65 5098 51.50
AnswerH-CL | 47.42 4859 49.73 51.65 | 4743 47.73 48.60 50.24 | 48.62 49.03 48.70 48.95
HardEx-CL | 4793 50.04 5197 53.14 | 48.80 4994 51.69 56.29 | 4895 5149 5327 87.62+1.3

Table 2: The model accuracy (%) on CLEVR val when training on training subsets of size 5%, 10%, 15% and
20% with three different choices of curriculum. The length-based (Length-CL) and answer hierarchy
(AnswerH-CL) curriculum does not improve the performance while hard example (HardEx-CL) outperforms the
vanilla baseline (No-CL) in all experiments.

Our ablation studies shows that in contrast to dropout and L1-norm, using
L2 regularization results in improved performance in almost all the
experiments. The following plots shows that L2-norm prevents forgetting
the patterns learned from easy examples by forcing the sampling function
to incorporate more samples from easy category.
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