
Discovering Transformations for Generalization in Semantic Vision

Deep neural networks have emerged as a widely popular
architectural choice for modeling tasks in multiple domains
such as computer vision [22] and natural language process-
ing [18]. Although highly capable of learning from training
data, recent studies show that neural networks underper-
form on new test sets or under distribution shift [17], natural
corruptions [9], adversarial attacks [8], spurious correla-
tions [2], and many other types of “unseen” changes in test
samples. For instance, digit recognition models trained on
the black-and-white MNIST training images are almost per-
fect (> 99.5% accuracy) on the corresponding i.i.d. test set,
yet their performance on colored digits and real-world digits
from street number plates is only around 70%. Similarly,
state-of-the-art NLP models have been shown to fail when
negation is introduced in the input [11]. These findings pose
a significant challenge to the practical adoption and reliabil-
ity of computer vision models in the real-world, especially
with sensitive data such as biomedical and satellite imagery.

My work addresses these shortcomings in the domain of
semantic vision (i.e. computer vision tasks designed for
assigning meaning to the image); this includes tasks such
as image classification, visual question answering, vision-
language inference, image captioning, etc. The focus of
my thesis is to identify the various situations under which
machine learning models may fail while making predictions
for semantic vision tasks, and to develop machine learning
techniques to mitigate risks posed therein. The approach
taken by my thesis can be summarized as:

1. Identifying failure modes – situations under which com-
puter vision systems may fail for semantic vision tasks,

2. Developing machine learning algorithms and data trans-
formations to mitigate the risks posed by such situations,

3. Creating evaluation and analysis tools such as creation
of evaluation datasets, protocols, and metrics.

Robustness under Attribute Shift (Gokhale et al. [5]):
Previous work on robust image classification has considered
pixel-level perturbations – Adversarial Training [14, 20] is
one class of methods effective on pixel-level adversarial
attacks. However, in real world scenarios, complex and
larger domain shifts can be encountered – for instance, light-
ing, camera angle, background, textures, weather, geometric
transformations and other natural perturbations. Unfortu-
nately, these cannot be covered by methods that utilize norm-
bounded and additive pixel-level perturbations.

We consider a relaxed setting of the generalization problem
– in this setting, information about the target domain is avail-
able only in terms of a set of attributes that are known to
differ at test time (target samples are not available). Figure 1
shows an illustrative example from CLEVR-Singles [5]
where the task is color classification, but attributes that are

Figure 1. CLEVR-Singles evaluates robustness to attribute shift.

known to change are: size, shape, position, and material of
the object. Note that the classifier is expected to be invariant
to such attribute shifts, without observing the target images,
and without knowing the magnitudes or combinations of
attribute shifts that may exist. Only the set of attributes are
given – we do not know which attributes will change at test
time, by what magnitude, or in what combinations.

We introduced a solution : Attribute-Guided Adversarial
Training (AGAT) that leverages adversarial training to gen-
erate new samples so as to maximize exposure of the clas-
sifier to variations in the attribute space. Furthermore, our
proposed approach is flexible to support a wide-range of
attribute specifications, which we demonstrate with three
different use-cases:

1. Object-level shifts from a conditional GAN for adver-
sarial training on a new variant of the CLEVR dataset;

2. Geometric transformations implemented using a spatial
transformer for MNIST data; and

3. Synthetic image corruptions [9] on CIFAR-10 data.

Adversarially Learned Transformations for Domain
Generalization (In Review): Next, we focus on the prob-
lem of single source domain generalization (SSDG) – where
the model has access only to a single training domain, and
is expected to generalize to multiple different testing do-
mains. This is especially hard because of the limited in-
formation available to train the model with just a single
source. To be successful in SSDG, maximizing diversity
of synthesized domains has emerged as one of the most
effective strategies. However, naı̈ve pre-specified augmenta-
tions such as AugMix [10] or RandConv [21] do not work
effectively for domain generalization either because they
cannot model large semantic shifts, or the span of trans-
forms that are pre-specified, do not cover shifts commonly
occurring in domain generalization. We also observe that
the effectiveness of augmentation techniques is often dataset
dependent – for instance, common data augmentation such
as rotation-translation-scaling-cropping might improve in-
domain accuracy and robustness to adversarial attacks, but
does not help when domain discrepancies are large, as is
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Figure 2. The plot summarizes our results – while diversity alone
improves performance over the naive ERM baseline, adapting this
diversity using adversarially learned transformations (ALT) pro-
vides a significant boost for single source domain generalization.

the case for SSDG benchmarks such as PACS [12] and
OfficeHome [19].

To address this issue, we propose the design of a novel
framework that uses adversarially learned transformations
(ALT) using a neural network to model plausible, yet hard
image transformations that maximize classification error.
ALT potentially offers an interplay between diversity and
adversity and over time, a synergistic partnership is expected
to emerge, exposing the model to increasingly unique, chal-
lenging, and semantically diverse examples – ideally suited
for single source domain generalization. Results on three
benchmarks in SSDG are summarized in Figure 2.

VQA Robustness to Logical Transformations (Gokhale
et al. [4]): Multi-modal tasks involving both vision and
language (V&L) inputs, such as visual question answering
(VQA), open up many more types of domain discrepancies
that can affect model performance of test time. For the
VQA task, given an image and a question about it, models
are trained to predict the answers to those questions. In
VQA-LOL [4], we discovered that existing VQA models fail
when logical transformations such as negation, conjunction,
and disjunction are introduced in the questions as shown
in Figure 3. This surprising finding led us to develop a
data augmentation tool that allows us to produce logical
combinations of multiple questions in the source dataset,
and a training objective that is based on Frechet inequalities
to guide the predicted probabilities of answers to questions
with negation, conjunction, and disjunction. Thus, given a
known transformation between source and target domains,
we developed a method that can leverage data augmentation
for improving robustness of VQA models.

In Mutant (Gokhale et al. [3]), we make use of simple
image transformations which remove objects or change their
colors, in addition to the logical transformations developed
above. Empirical results on the VQA-CP challenge [1]
show that this method achieves robustness under changing
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𝑸𝟏: Is there beer? YES (0.96)

𝑸𝟐: Is the man wearing shoes? NO (0.90) 

¬𝑸𝟐 : Is the man not wearing shoes? NO (0.80)

¬𝑸𝟐 ∧ 𝑸𝟏 Is the man not wearing shoes and is there 
beer?

NO (0.62) 
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Is there beer and is there a wine glass? YES (0.84)
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Figure 3. Illustration of logical composition of questions. State-of-
the-art models answer questions from the VQA dataset (Q1, Q2)
correctly, but fail when asked a logical composition including
negation, conjunction, disjunction. Our models improve on this
metric substantially and retain performance on VQA data.

question-answer priors (i.e. when the probability of answers
given a question type varies between train and test domains).

V&L Robustness to Linguistic and Semantic Perturba-
tions (Gokhale et al. [6]): We follow-up on VQA-LOL
and investigate robustness to a broader set of linguistic trans-
formations for the task of vision-and-language inference
(VLI), i.e., predicting whether a sentence is true of false
about a given image or video. We define a set of text trans-
formations called “SISP transforms” which allow us a con-
trolled method to semantically manipulate text to generate
augmented data that is semantics-inverting (SI) or semantics-
preserving (SP). Our key idea is a model-agnostic min-
max adversarial training optimization called Semantically
Distributed Robust Optimization (SDRO), which utilizes
SISP transforms in a distributed robust optimization setting.
SDRO is motivated by group-DRO style approaches [15],
but in our case we can leverage linguistics-informed SISP
transformations as groups for worst-group error minimiza-
tion. Experimental results show that SDRO benefits both
in-domain accuracy, robustness to linguistic transforma-
tions and text attacks, as well as improved calibration, on
three datasets: NLVR2 [16] (image-based reasoning), VIO-
LIN [13] (video-based reasoning), and binary VQA.

To summarize, my work addresses tasks in semantic
vision and seeks to design and discover data transfor-
mations that can improve the robustness and general-
ization of models in semantic vision. Ongoing work
investigates the connections between OOD generaliza-
tion and adversarial robustness (starting with (Gokhale
et al. [7])). Planned work for the remainder of my
PhD will include an effort towards analyzing and improv-
ing robustness of pre-trained V&L models and designing
new measures for detecting and quantifying OOD shift.

Website: https://tejas-gokhale.github.io/
Google Scholar: https://scholar.google.com/

citations?user=_ILTlEwAAAAJ
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