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Abstract

We propose Abductive Visual Question Answering (AB-VQA), a neuro-symbolic
framework that addresses VQA tasks given limited labels by leveraging abduction.
These VQA problems require multi-step reasoning based on the vision model’s
understanding of the visual scenes, which require a large number of labels to train.
Our work focuses on the small data regime, where only a few of these annotated
scenes are provided. We further leverage QA feedback, whose labels are easier to
obtain, to tune the vision models. This is done by abducing all the possible correct
vision labels necessary to arrive at the correct answer. In order to make minimal
label changes, we formulate the abduction process as an optimization problem with
consistency constraints. We show that in this limited label scenario we are more
accurate and sample efficient than competitive neuro-symbolic VQA methods.

1 Introduction

Humans are able to handle complex tasks by using both perception, such as vision, and symbolic
knowledge, which are known facts and hypothesis. The recent success of deep learning has led to
efficient and accurate methods of these preception capabilities [21]]. Similarly, symbolic systems have
been long used for reasoning tasks [25] and as expert features for machine reasoning models [3l].

There is a recent surge of interests in the Al community to band these two forms of reasoning
into a single process. On the one hand, continuous neural sub-symbolic representations can be
converted into symbolic one via Probabilistic Logic Programming [6] or Statisitical Relational
Learning [20]. On the other hand, symbolic programs can be written in a sub-symbolic friendly
fashion through Differentiable Programming [1]]. There are many works that try to bridge the gap,
as each representation has its advantages, [4, 15, 23]]. These hybrid neural and symbolic methods
have been used in many applications from geographical forecasting [9] to new forms of quantum
computing [10].

Many of these methods focus on problems that require simple perception models and limited logical
rules. However, we are interested in exploring how neuro-symbolic frameworks scale to more difficult
problems, such as VQA. The challenges in neuro-symbolic VQA are:

1. Annotated images with object and relation attributes are expensive to annotate. With few
data points current VQA methods perform poorly.
2. Leveraging symbolic logic to train VQA systems end to end require many training iterations

and have high variance.

In our AB-VQA setting, we convert sub-symbolic representations to symbolic ones during our
reasoning process. This lets us leverage logical abduction [19], which involves finding a grounding
for a set of variables that leads to an observed output conditioned on some background rules. This
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parallels our framework where we abduce neural object predictions to arrive at the question’s answer
given logical reasoning rules.

To address the first challenge of expensive image annotations, AB-VQA initializes vision models
by pre-training on a few annotated images. Then it leverages end-to-end question answer feedback,
which is easier to annotate, to propose new image annotations for training through abduction.

For the second challenge, we propose a new abduction policy that minimizes the changes from the
original predictions to produce more reliable intermediate prediction steps. This is because generic
abduction sampling finds a single set of intermediate labels that satisfies the final output, but this can
lead to spurious label groundings. We empirically show that our abduction policy provides more
accurate supervision data when training and reduces sample variance, which is especially important
when data is limited.

We test our AB-VQA framework with limited annotated images and QA pairs. In this setting we
outperform state-of-the-art neuro-symbolic VQA models by a large margin. We also compare against
traditional abduction search, where we greatly reduce the model variance and training times.

2 Related Work

There are previous works that leverage logical abduction for neuro-symbolic tasks. Additionally in the
works of VQA, there are methods ranging from purely deep learning based to more neuro-symbolic.

Abductive learning. Within the works of machine learning and abduction, ABL [4] looks into
leveraging abduction to harmonize neural and symbolic models. In their framework, they look
towards jointly learning neural modules and symbolic logic for the task of bit addition using MNIST
digits. In our setting we fix the symbolic logic but have more complex consistency constraints with
respect to the compositional reasoning required for complex VQA scenes. Additionally we handle
multiple perception models, akin to larger real-world reasoning framework requirements.

Deep learning. For deep learning VQA methods, LCGN [14] model runs message passing between
the detected objects jointly with the input question, predicting the final answer from the last message
passing step. The work on MAC [15] proposes a new recurrent architecture that modulates the
relevant parts of question and object features needed for final reasoning. Similarly, NSM [17] builds
an initial scene graph of objects and relations, then leverages an recurrent network to modulate the
attentions states between the objects to determine if it is the answer. Leveraging the successes of
BERT [7], LXMERT [27] builds a cross-modal BERT representation to implicitly encode relational
attention between objects and text. These joint text-vision representations have been gaining more
traction with the availability of more data 22, 26].

Neural modules. These approaches uses a functional program form of the question. By executing
the question step by step, it arrives to the answer in the last step. The executions are performed over
modular networks that learn the behavior of each function. N2NMN [[13] dynamically compose these
modules into a question specific network and is executed on the entire image feature. MMN [2]
executes the program on a single meta-module network to select different objects, parametrized by
the function signature at each step.

Neuro-symbolic methods. Instead of learnable neural modules, the logic for each function can
be programmed in a symbolic and deterministic fashion for operations such as sum or max. These
neuro-symbolic methods then just have to train vision models to extract the objects for deterministic
reasoning. NS-VQA [30]] trains their object extraction and detection in an end-to-end fashion to
extract the scene graph and uses discrete module representations during execution. NS-CL [24] uses
natural supervision through only the object features, text questions and answers. Their program
function representations are continuous, which can be used to train their model end-to-end. Both
NS-VQA and NS-CL achieve almost perfect accuracy on CLEVR, [18]], a synthetic VQA dataset.

We test our methods on an augmented version of CLEVR. In this setting we show that AB-VQA
outperforms the most recent VQA methods given limited training labels. We also provide an analysis
of what parts of our framework contribute to this performance.
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Figure 1: During training AB-VQA takes in an image, question program and answer. Given the
image it extracts the detected objects. Then it executes the question program sequentially, using the
intermediate object attribute predictions by the vision models. If the answer is incorrect, we abduce
possible labels for the detected objects. Here a bitmask is used to select which objects are chosen for
a particular operation. Once an abduced label is found, the objects that were labeled incorrectly are
corrected and used for retraining.

3 Method

In AB-VQA, the reasoning process is broken down into 3 major steps, highlighted in Figure[T] The
first is to extract the objects from the scene and generate features for those objects. In the second, we
represent the image as a scene graph to store the predicted object attributes and relationships when
executing the symbolic program. If the execution fails to produce a correct answer, the third step is to
abduce the correct label and retrain the vision models to reflect these corrections. This last step is
core to producing supervised labels in a fast and accurate manner to boost model performance given
limited labels.

3.1 Neural Vision Models

Object detection. To detect the objects we trained a Mask R-CNN to extract the corresponding
bounding boxes of the objects. We then take detected objects and pass it through a pre-trained
ResNet-50 model to extract image features. At this stage we just have detections of some objects
and their corresponding feature vector, which are fed to our vision models during training.

Concept prediction vision models. These vision models are two-layer neural networks used to
predict object concepts, such as red or cube, and relations given the raw object features. By
decoupling the detection and prediction, we can control the amount of scene graph labels provided to
these vision models during experimentation.

The entire vision pipeline consists of the object detection, which is assumed to be accurate, and our
vision models, which we tune during training through abduced labels. The implementation details
can be found in appendix [A]

3.2 Symbolic Program Execution

Given a natural language question, we use the ground truth functional program representation in all
our tests, provided in CLEVR. We note that question to program translation models [24]] have already
been well optimized for CLEVR, thus is not the main focus for our work.

Each program is composed of functions with symbolic parameters. For example, in
filter_red(scene) the function filter with the parameter red selects the objects in our image



whose color attribute is the concept red. Due to this, all functions are implemented in a symbolic
manner following NS-VQA.

Each function within the program is executed sequentially and calls a specific vision model needed
to execute that function. In filter_red(scene), we only need to call the color model as other
attributes are irrelevant. As the program gets executed, we build the minimal scene graph needed to
answer the question, while most methods pre-compute the scene graph.

During program execution, the selection of objects are carried out through sampling the trained vision
models. During training if there are ground truth scene graphs, then we can obtain direct supervision
to these models. However, such ground truth labeling of attributes and relational information is quite
expensive to collect, requiring human annotator to spend significant amount of effort to generate.

If there are no ground truth scene graph, we can leverage other weak signals such as end-to-end QA
accuracy. In this scenario with discrete functions, training needs to be carried out in a REINFORCE
manner [28]], or abducted label method described next.

3.3 Abduction Policy

When evaluating a question for an image, the label information only involves the answer to the
question. This is relatively cheap type of feedback from an annotator, without the need for careful and
expensive labeling of the scene graph or reasoning path. However, this type of feedback also makes
learning harder, so we aim to design algorithms to learn from such low cost labels or weak signals.

The function program @ = (01,...,o0r) tells us to execute a sequence of operations or functions
o;. If there are multiple reasoning branches that are aggregated, the execution trace follows a DAG
dependency structure. We use a Markov decision process (MDP) formulation for the execution
process:

e A policy a; ~ mg(a¢|St, 04, I) with vision models parameters 6 will take the operation
execution from the previous stage .S, the operator indicator o; and image I, and output an
action a;. This action a; corresponds to the object selections made for the current operation
from the input image.

e The action will cause the state .S; to be updated to Sy 1, and the transition is described by
P(St11|St, at, o¢). This is the operation execution for the current stage. Depending on the
operator oy, the transition may be deterministic or stochastic. For instance, if the module
corresponds to a count (objects) operation, the result is deterministic. If the module
corresponds to a probabilistic logic rule, the result is stochastic.

After this sequence of operations, we obtain the a reward R(A, S¢;1) by comparing the last state
with the answer, and tell us whether the answer is correct or not. If the answer is correct R = 1, and
otheriwse 0. Then the expected correctness of answer given the uncertainty in 7y and P is

E[R(A, S;4+1)], where (1)
St+1 ~ P(St+1|St>at>0t)a ag ~ 770(at|st;0t7])7 So = @7 vi=1,...,T 2

Given m data points expressed as image I, questions ) and answer A triplets:
(I1,Q1,A1), ..., (Im, Qm, Ap,), the learning problem can be expressed as:

Tp = argmax ZE[R(Ai,Si,tH)] 3)

e i=1

Label abduction. If for a particular data point (I,Q, A) the answer according to the model is
incorrect, one can try to find corrections by making minimal changes to the model prediction as
follows:

i, cp=argmin, . D(ay,...,arlci,... cr) “)
s.t. R(A, Sty1) = 1 makes the answer right. 5)
St+1 NP(St+1‘St7Ct7Ot)th: 17"'7T (6)



where D(]|) is some distance measure between the corrections and the model predictions. For
instance, D(||) can be the negative likelihood of the correction under our model 7y, or the edit
distance.

Intuitively, we want to attempt the most likely corrections iteratively to find a solution by minimizing
D(]]). Sampling all possible corrections at once, can cause right answers through spurious label
changes, which we want to mitigate.

Sampling methods. Due to the compositional nature of the reasoning tasks, we attempt to optimize
c; in a greedy fashion at each step of the program from i = 1 to % = T instead of jointly from
1 CA{L,...,T}.

This better enforces the consistency constraint when a single ¢ update leads to valid program
executions. Valid executions mean that the predicted or abduced labels ¢ lead to a final answer,
whether right or wrong. This is opposed to making conflicting changes in all ¢}, ¢} where ¢ £ 7,
leading to a failed program execution due to the manual abduced changes. If this greedy approach
fails to find an answer, we fall back on exhaustively sampling a; ~ my at all program levels for a
fixed number of iterations. Additional details are laid out in Appendix [B}

Supervised training. Suppose the abductive label has certain position which is different from the
argmax action of current the policy. Say in the ¢-th position,

c#a; @)

We will then create two labeled data point (¢;, +) and (a;, —) to update the parameter in the policy
mg(at|St, O, I)

Curriculum learning. The optimization may be difficult especially for long sequence of complex
actions. Thus we will use curriculum learning to address this problem. Essentially, we will start
from simple questions which involve very few actions, and then gradually move to those questions
involving two or more selection actions. This way the optimization to find the abductive label will
have good initial values, will require fewer changes to get the right answers.

4 Experiments

We are interested in seeing how well we handle the more complex, compositional questions if we
train on only simple questions. For this we build on top of CLEVR to create CLEVR Decomposed
(CLEVR-DC), an augmented dataset. In this dataset we take the questions that perform reasoning
multiple reasoning branches, such as union or greater_than, and form new questions containing
the individual reasoning programs. Within CLEVR-DC we only train on these short decomposed
questions of length 3 to 5, and test on the original validation set. Appendix [C|lays out the data set
generation details.

4.1 Training Setup

To test our methods we restrict number of image scene graphs we used to train our vision models. To
better emulate human concept learning, we only use 7 such scene graphs (0.01%) of all scene graphs.
Within these scene graphs we only have 15 examples on average for each concept, and we expect the
model to get better by implicitly learning better representations as part of more complex reasoning
tasks through question answering.

Given these pre-trained models, we provide a fixed set of image, question, answer pairs to learn
from. The images during the question answering are not supervised, so AB-VQA extracts the object
attributes and relations through the vision pipeline. We only provide feedback whether the question
was answered correctly, and abduce new vision labels using an edit distance policy when the answer
is wrong. All the implementation and training schedules are available in Appendix [D]

4.2 Results

We test AB-VQA against other state-of-the-art neuro-symbolic baselines on CLEVR-DC in Figure
and run 5 trials for all experiments. Since we start with pre-trained image models, we burn in NS-CL
with many sampled questions generated from the 7 scene graphs, for a more direct comparison.
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90 A
% 90 |
g 80 f
g 80 |
270
(] 70 1
o
ﬁ:‘ o0 &
g 50 601
& 40 | 0F
30 = 40 4

2.000 4,000 6,000 2.000 4,000 6,000

Question Answer Pairs Used Question Answer Pairs Used
—=— NS-CL Count = NS-CL Query Attribute
—=— NS-CL Count Equal —=— NS-CL Query Attribute Equal
AB-VQA Count AB-VQA Query Attribute
AB-VQA Count Equal AB-VQA Query Attribute Equal

Figure 3: Validation QA accuracy by question type. We are comparing the performance discrepancies
between AB-VQA and NS-CL burn in. Count questions require get multiple object detections correct
and query requires retrieving an attribute relating to a single object. The equality questions compare
if two program executions, either count or query, are equal.

Limited QA samples. We observe that AB-VQA can better refine the vision models with limited QA
samples by estimating the error with discrete abduced labels. This indicates that with few incidental
QA signals, this abductive sampling is able to estimate the error gradient better than the continuous
representation.

The validation questions are further decomposed by count and query types (Figure[3). Answering
whether two attribute or quantities are equal require multiple reasoning chains to retrieve those values.
Due to this, equal questions should be more difficult, which are shown by the AB-VQA results.
However, this is not the case for the NS-CL burn in results, where the equal surpasses the counts in
the low QA region. This highlights the necessity to debug these reasoning systems in a symbolic
manner, as used in AB-VQA and NS-VQA. Understanding the logic steps in a sequential manner can
flag spurious model results.

Many QA samples. With more data, the continuous representation of NS-CL dominates as with a
more reliable error gradient. We hypothesize that this is due to NS-CL directly optimizing the QA
performance, while we optimize two separate objectives: training our abduction policy vision models



and sampling the abduced label. This joint parameter tuning and abduction sampling means that our
method takes would take more samples to reach the same performance.
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Figure 4: Compare metrics between REINFORCE and AB-VQA. The variance ratio is
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questions are sampled as percentages of the entire CLEVR-DC dataset.

REINFORCE. We also test a baseline that uses our same setup, but uses REINFORCE instead of
our abduction policy. The REINFORCE sampling can be observed as a generic abduction policy
that exhaustively samples the model prediction. We surpass REINFORCE as we can more precisely
sample labels through our abduction policy. This also greatly reduces our overall variance as seen
in Figure {] giving more confidence during model tuning. AB-VQA also speeds up training, as
REINFORCE requires many sampling and retraining steps within each epoch to achieve comparable
performance.

NS-VQA. We are also interested in the NS-VQA performance which trains its vision models end-to-
end on 4k scene graphs. In comparison, AB-VQA just uses the object detection to just retrieve the
object features from and defer the scene graph construction to the vision models, which were trained
on 7 scene graphs. We modified NS-VQA to train on the scene graphs for each question set, thus can
be seen as an upper bound performance for each set of questions used.

4.3 Ablation Study

Questions Used
Component(s) 128 (0.01%) 641 (0.05%) 1.2k(0.1%) 3.2k (0.25%) 6.4k (0.5%)
B 45.58 45.58 45.58 45.58 45.58
B+C 4734+ 0.00 5748 £0.00 6121 +£046 7027+0.59 67.16+0.33
B+C+A 50.09 £0.00 64.77 £0.09 6859+043 79.75+0.30 81.04+0.17
B+C+A+S 5387+1.19 69.11 £227 74.08+3.58 80.80+0.46 83.75+0.65
Table 1: Ablation performance by cumulative components.

AB-VQA components. We perfomed an ablation study to see how much each component of our
AB-VQA contributed to the validation performance in Table [I] The components are described as
follows and are utilized in a cumulative fashion in AB-VQA:

e Base (B): The base vision models with no QA signals.

e Correct (C): If we get the answer correct, we add those vision predictions to the data set
for retraining. This can be seen as data augmentation with data that aligns with our current
prediction model.

e Abduction (A): If we get the answer wrong, we perform abduction and add those image
predictions if we can abduce the correct label.
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e Sampling (S): This is the sampling step after failing to abduce the label using the greedy
method.

In general, a large gain comes from extending the training data set using the image features from the
correct predictions. The overall QA accuracy gain from abduction is relatively constant around 30%.
With more samples, the vision model accuracy rises. Therefore the correct labels contribute more to
the data, and less gains are made from sampling. This roughly follows the trends in Figure 5]
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Figure 6: Performance of models with curriculum learning disabled.

Curriculum learning. During the training procedure we also inspected the importance of curriculum
learning to our training procedure. Figure[6]lays out the fact that curriculum learning benefits for the
abductive label case, but is comparable for NS-CL and REINFORCE in the small sample region.

5 Discussion and Future Work

We present a method that uses abduction to tune neural models for compositional reasoning tasks.
The AB-VQA framework aims to bootstrap these neuro-symbolic reasoning tasks when data is
limited and expensive to obtain. We observe that minimizing abduced label changes to train vision
models outperform end-to-end differentiable models in the low data region. Furthermore we are more
accurate and efficient than REINFORCE methods.

It is important to re-emphasize that AB-VQA is not specifically tailored to CLEVR, and can be
used for any neuro-symbolic compositional reasoning task. With this in mind, we intend to test how



abduction scales to more complex reasoning tasks in both visual reasoning such as GQA [16] and
numerical and text based reasoning with DROP [8§]].

As more data is added to the system, we will explore how to bridge the gap between these abductive
logical and differentiable frameworks for complex reasoning tasks. There are differentiable logic
frameworks which integrate neural modules such as DeepProbLog [23]] that show good generalization
in simple reasoning tasks, but will require more work to represent complex structures such as scene
graphs.

Broader Impact

This research direction aims to build reasoning systems with limited labels. The overarching goal
is that this requirement can aid domain experts or machine learning layman to leverage a reasoning
system with what data they have. Using a symbolic logical framework provides a more grounded way
of the expert to convey the knowledge they have to aid the system. This provides a synergy between
the knowledge, existing data, and the robustness of neural models to automate and refine routine
tasks.

The drawbacks are that the user must understand the system capability given the amount of data
provided and the variance in performance. On over-reliance on neural components can skew in the
reasoning process if the data is not representative of the original distribution.
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A Model Details

Object Extraction. We use Detectron2 [29] to train the object extraction models using the stock
mask_rcnn_R_50_FPN_1x configuration. The image data set we use to train the extraction is one
generated from NS-VQA. These image have both bounding boxes and masks, which enables them
to be more precisely extracted. Our method and NS-CL just use this for detection, while NS-VQA
leverage these models for object attribute prediction.

For the feature extractor we apply the standard ResNet-50 input transforms and extract the features
from the final hidden layer. The ResNet-50 used is the standard PyTorch Vision implementation.

Vision Models. There are two different types of vision models required: attribute and relation models.
The attribute models are neural networks with 1 hidden layer. Separate models are trained for each
attribute in {color, shape, size, material}. The architecture is as follows:

out = RCLU(OZ . W1 + bl)
logits = out - Wy + b

Here O; € R?94® is the object feature extracted from the object extraction step for object i. We then
have W, € R2048x1024 ' R1024 " j7, ¢ R1024xC 1, ¢ RC. Where C are the number of output
classes for the attribute. For example in CLEVR, material is either {rubber, metal} so C=2.

The relation models are also have 1 hidden layer but the output is binary. Given the subject object’s
bounding box and the candidate object’s bounding box, it determines a binary relation. There are two
relations that are needed to be predicted: front vs behind and 1left vs right. These relations are
not mutually exclusive, so an object can be both behind and left of another object.

For the model inputs we use the concatenated bounding boxes of subject i and object j
of which we want to determine the relationship. ~We have the location feature loc =
[loc; || locj] where [||%] indicates concatenation. Similar to above we have Wy € R¥*16_ b €
R®, W, € R16*1 p, € RL

B Abduction Policies

Object Sets. During abduction label changes we are flipping a bitmask or object set ¢}, corresponding
to which set of objects are selected in a step of the program. Only one object set is manipulated at
once in our greedy approach, where 1 means that object is active in that step and 0 otherwise.

Flip Strategy. When choosing the labels to flip there are two high level strategies to make based on
the incorrect answer. If we know that we know the direction of change, either increase or decrease
the number of selected objects, then we only make changes in that direction.

This can be done if we have an exist or count question, where we can determine the magnitude of
our error. Thus we have the following strategy when abducing new labels:

1. If the question is exist or count, then determine if we need to increase or decrease the
number of labels. Then only make those changes instead of at random.

2. If we cannot make a determination of how to change the object sets, then stick to the
abduction policy, such as edit.

For the generic abduction step in 2. we enumerate all possible combinations in increasing change
size. So, we would first flip every mask, then every two mask and so on. At each flip we are checking
if the corresponding changes, if inserted into the program execution, makes the answer correct.

Thresholding. When making the label flips, we also want to avoid making unreasonable changes
to the labels. For example, if during a filter_red(object_A), object_A is predicted red with
probability 0, then changing it to red may lead to a spurious correct answer. Therefore when making
flips, we add an additional constraint such that if an object mask is changed from:

e 1 — 0if P(object_A)) > ¢

e 0 — 1if P(object_A)) <1—c¢
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C CLEVR-DC

When splitting the longer questions, the sub-question programs for new questions in the dataset. For
each sub-program we run a ground truth CLEVR parser that takes in the corresponding question
scene graph and program to produce the correct answer for that new sub-question. This is because
CLEVR does not provide the intermediate labels for the programs.

We also want the sub-questions to contain valid answers available in current CLEVR data set, such
as numeric, boolean, or concept based. Some sub-questions just end with a bitmask object set, for
example after a filter or relate operation. To make this a complete question, we append a count
function to make it a viable independent question and then add it to the dataset.

Overall with the augmented questions, the number of training questions grew from 700k to 1282k.
More importantly there are more short questions of length 3 to 5 that can be used for QA supervision.
This helps us test the model generalization to longer question sequences of length 10 to 15+ of the
CLEVR validation set.

program length | CLEVR CLEVR-DC
3

1802 28016
4 10012 77522
5 34283 121402

D Training Schedule

AB-VQA. For the vision extraction we follow the default training settings for Detectron2, with a
batch size of 4. The vision models were initialized as multi class for the attributes and minimized the
cross entropy with Adam with Ir = 1le™3, 8; = 0.9, B2 = 0.999, ¢ = 1le® (Adam recommended
defaults). These were tuned after each lesson epoch and ran for 50 epochs on the correct and abduced
data added.

Since we were using categorical data, it was easy to make a new label when flipping the object bit
mask from 0 — 1, where we set the corresponding label as active. For the 1 — 0 case, we do not add
the data in the multi class case as the required negative label changes is unclear.

For the abduction policy, we use the edit strategy. We set e = 0.01 in our experiments. As training
goes on, we expect that the policy improves in selecting a; ~ 7. Therefore we are more restrictive
on the threshold and increment it by 2¢~* every lesson epoch.

We use the 3 to 5 length questions from CLEVR-DC, but sampled for each X% QA specified in each
experiment. Note that these X% QA 1is the question percentage over the entire CLEVR-DC data, not
just the length 3 to 5 questions. Each lesson contains questions of a unique length of 3, 4, or 5. We
run 5 epochs within each lesson. During failed abduction, we exhaustively sample for 2000 iterations.
When testing the experiments with no curriculum we use the entire sampled question set and run for 5
epochs as well. This is similarly applied to NS-VQA, but we use a different number of scene graphs.

NS-CL. We kept NS-CL setting the same as in the default paper for the regular and the no curriculum
runs. For the burn in data set, we took the 7 scene graphs and generated questions from those. This
was done by synthesizing attribute and relation questions on these scenes. For the attribute question
synthesis, we enumerated all possible attribute and concepts as a filter operation and followed that by
a count operation.

For the relation questions we take the attribute questions that yield a count of 1 and enumerate relation
questions on those. This is because we can only ask for objects that satisfy the relation of one subject.
The attribute, relation and original questions pertaining to those scene graphs are aggregated and used
for burn in.

REINFORCE. This setup uses binary attribute models instead of multi class ones. This is due to the
fact that we do induce a negative reward penalty -1, when we do not get a correct answer. Therefore
this reward has to be associated with a particular label, which we did not do in the multi class situation
with AB-VQA. The negative reward helps the standard REINFORCE update avoid that particular
concept in the future.
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Additionally, we sample each question for each lesson epoch 30 times and accumulate the gradient.
After each question burn in we retrain the related models. If following the standard train after lesson
epoch as in AB-VQA, REINFORCE converges very slow. As for 30 sampling versus the 2000 for the
AB-VQA, we note that it is hard to compare the two scenarios. This is because with the training after
each question in the reinforce setting, the samples improve after each question. Therefore AB-VQA
needs more samples to find the same number of corrections before training.

The curriculum length and epochs follow AB-VQA at 3 lessons for 5 epochs each. Even in this
setting, we still observe a variance and computation gap highlighted in Figure [}

All models were trained on a system with a Intel Xeon Silver 4116 CPU, Nvidia 2080Ti 11GB, and
256 GB of RAM.
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