


Question: Do you see a
stuffed toy behind the honey

jar to the left of the sandwich?
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Figure 1. Overview of our method that represents objects with semantically meaningful prototypes and makes decisions via an explicit
reasoning process. Honey jar is a novel object unseen during training. Note that our prototypes are not limited to a set of manually defined
categories, but learned from factorizing objects to encode broader characteristics (e.g., shapes, colors, object categories).

versity or data biases, our method decomposes objects into
bases representing discriminative semantics, and develops
a prototypical neural module network to explicitly bridge
objects with a compositional reasoning paradigm. The pro-
posed method naturally approaches generalizability with its
compositional nature, handling novel objects and variable
data distributions. It also provides a transparent interface
for interpreting how models parse objects based on their
characteristics and incorporate them for visual reasoning.

To summarize, our major contributions are as follows:

1. We identify the significance of tightly coupling the
compositionality between objects and the reasoning
process, and for the first time investigate its effective-
ness in generalizable and interpretable reasoning.

2. We propose a principled method that automatically de-
rives prototypes with object factorization, which plays
a key role in encoding key characteristics of objects.

3. We develop a new neural module network that adap-
tively reasons on the commonalities of different ob-
jects along a structured decision-making process.

4. We perform extensive analyses to shed light on the
roles of compositionality in reasoning with novel ob-
jects and variable data distributions.

2. Related Works
Our study is most related to previous efforts on visual

question answering, zero-short learning for VQA, and VQA
with out-of-distribution (OOD) questions.

Visual question answering. With the diversity in lan-
guage and visual semantics, visual question answering has
become a popular task for studying models’ reasoning ca-
pability [16]. A large body of research develops datasets

[4,6,18,24,25,40,42,58] and models [2,3,21,22,28,33,34,
38,48,49] for VQA. Early datasets typically rely on crowd-
sourcing [4, 18, 58] to collect human-annotated questions.
Several recent studies [24, 25, 53] use functional programs
to automatically generate questions based on pre-defined
rules and enable more balanced data distributions. There is
also an increasing interest in investigating different types of
reasoning, e.g., scene text understanding [6], reasoning on
context [42], and knowledge-based reasoning [40]. These
data efforts lead to the development of methods that ad-
vance VQA models from different perspectives, including
multi-modal fusion [13,29,57], attention mechanism [2,28],
structured inference [21–23, 48], and vision-and-language
pretraining [33, 34, 38, 49]. The aforementioned studies as-
sume that every semantic in the test questions is well illus-
trated during training, and pay little attention to the mod-
els’ generalizability to real-world scenarios that inevitably
involve novel objects and diverse question-answer distribu-
tions. Our study aims to fill the gap with an integral frame-
work that develops generalizable decision making capabil-
ity with object factorization and compositional reasoning.

Zero-shot learning for VQA. Zero-shot VQA aims to
answer questions with novel objects. The pioneering work
[51] proposes the zero-shot setting for the VQA task, and
benchmarks several techniques for improving the models’
generalizability, including explicit object detector [2] and
pretrained word embeddings [43]. Ramakrishnan et al. [45]
leverage self-supervised pretraining to learn more general-
izable features with external data. Wang et al. [54] combine
visual models trained on different datasets with an attention
mechanism. Whitehead et al. [55] decompose VQA into
two sub-problems, i.e., concept grounding and skill match-
ing, and propose additional training objectives to address
unseen objects in the questions. Besides the above stud-
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Table 3. Comparative results for different prototypes.

VQA GQA Novel-VQA VQA-CP

Known Novel Known Novel Novel-Q OOD

Scratch 62.66 53.66 58.87 57.69 59.48 50.39

Object 62.56 53.23 60.48 59.46 56.67 52.23

Textual 60.61 52.33 55.31 53.22 59.17 51.09

Ours 63.80 54.82 60.60 59.71 60.73 53.99

posing data-specific constrains and thus enjoys better gen-
eralizability. The aforementioned observations suggest the
significance of explicitly bridging objects with their fine-
grained characteristics for overcoming data biases.

4.4. Ablation Study on Object Factorization

A key component of our framework is the proposed
method for learning discriminative prototypes with object
factorization. In this section, we perform an ablation study
to investigate the usefulness of different prototypes (see
our supplementary materials for additional ablation stud-
ies on model design). Specifically, we consider three
types of alternative prototypes: (1) Prototypes that are ran-
domly initialized and learned from scratch on the VQA task
(Scratch); (2) Prototypes specific to manually defined ob-
jects (Object), which are learned with the same multi-label
classification task as our approach but without object fac-
torization; and (3) Prototypes derived from Glove [43] word
embeddings of concepts covered in the Visual Genome [31]
dataset (Textual), including objects, attributes, and relation-
ships.

We made three observations from results in Table 3:
(1) Randomly initialized prototypes lead to inferior per-
formance among all datasets, indicating the significance
of explicitly learning semantically plausible prototypes;
(2) While object-based prototypes show reasonable perfor-
mance on the GQA dataset with detailed annotations (i.e.,
∼ 1000 object categories), they have negligible improve-
ments on the VQA, Novel-VQA, and VQA-CP datasets
with abstract-level annotations (i.e., 80 object categories).
The large gap in performance gain across datasets demon-
strates the advantages of fine-grained categorization, and
more importantly, highlights the need to learn discrimina-
tive prototypes without relying on extensive annotations.
For this, our method utilizes object factorization to auto-
matically decompose objects into more elaborated seman-
tics, and brings considerable improvements among datasets
with both abstract and detailed object annotations; (3) Tex-
tual prototypes result in a visible drop in accuracy, despite
the consideration of various concepts. This is likely caused
by the difficulty of correlating objects across the visual and
textual domains. Differently, our method directly captures
diverse characteristics of objects from visual data and does

Figure 4. Examples of semantics encoded in diverse prototypes.

not suffer from the discrepancies between modalities.

4.5. What Do Prototypes Learn? Do They Encode
Common Characteristics among Objects?

Results in the previous sections demonstrate that our
method learns discriminative prototypes to represent a va-
riety of objects and bring enhanced generalizability across
various settings. This section further demonstrates its effec-
tiveness by investigating how our prototypes correlate dif-
ferent objects.

We first study what each individual prototype learns. In
Figure 4, we visualize instances (regions inside bounding
boxes) most relevant to the prototypes (measured with their
relevance scores on different prototypes, i.e., αk

p in Equa-
tion 2, k denotes the indices of prototypes). The results
show that our prototypes learn to represent a diverse pool
of semantics. They not only capture low-level visual cues,
such as shapes (e.g., round objects in the 1st row), textures
(e.g., objects with jagged texture in the 2nd row), and pat-
terns (e.g., objects with stripes in the 3rd row), but also en-
code high-level semantics including object categories (e.g.,
wheels in the 4th row) and commonalities in semantics
(e.g., all objects in the 5th row are displaying text).

With our prototypes encoding abundant semantics, we
further analyze their effectiveness in correlating relevant ob-
jects based on their characteristics. Specifically, we calcu-
late the average relevance scores αp (see Equation 1) be-
tween objects in the GQA dataset and all prototypes, and
then apply k-means algorithm [37] (k=30) to cluster objects
using the scores. As shown in Table 4, by representing ob-
jects based on the prototypes, we can correlate objects that
belong to similar categories (e.g., drinks and utensils in the
1st and 2nd rows), commonly appear in the same scenarios
(e.g., baseball games and bedrooms in the 3rd and 4th rows)
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Table 4. Different groups of objects that are clustered based on
their relevance to prototypes. Please refer to our supplementary
materials for the complete results with 30 groups.

Group Objects

1
cup, saucer, glass, beer, mug,

juice, beverage, liquid, smoothie, coffee

2
fork, spoon, knife, silverware, utensil,

ladle, chopstick, tongs, spatula, butter knife

3
spectator, umpire, batter, catcher, crowd,
net, player, baseball, stadium, bleachers

4
bed, sofa, pillow, bedspread, headboard,

comforter, couch, sheet, ottoman, mattress

5
sticker, newspaper, paper, sign, book,

tape, drawing, CD, letter, label

6
water, sand, sea, rock, ocean,

boulders, lake, beach, shore, river

or share similar characteristics (e.g., objects related to text
and landscape in the 5th and 6th rows). The results demon-
strate the effectiveness of our prototypes in parsing objects
based on their commonalities in the semantic space.

4.6. How Do Models Reason to Answer Questions?

Besides improving the generalizability, our method also
enables interpretation of the decision-making process by vi-
sualizing the regions of interest (ROIs) at each reasoning
step and prototypes matched with the observations. In this
section, we provide qualitative examples to study the under-
lying rationales behind the derivation of answers.

Figure 5 shows the reasoning process of our method.
For each question, we visualize the reasoning steps repre-
sented by neural modules (top), attention maps highlighting
the ROIs (middle, αt in Equation 6), and images associated
to prototypes matched with the observations (bottom). It
shows that our method can correlate objects based on vari-
ous characteristics and locate those important ones. In the
1st example, while the apples are not explicitly mentioned
in the question, our model correlates them with prototypes
for different fruits (“fruit” is a keyword in the question) and
pays focused attention in the Find step. Besides capturing
semantic relationships about object categories, prototypes
also help identify the cat based on its attribute (i.e., brown
color) within the Filter step, and enable the model to reason
on the relative position between objects (i.e., Relate step).
In the 2nd example, our model not only highlights the cor-
rect objects in the first two Find steps (i.e., the banana and
the mat), but also identifies the key characteristics that con-
tribute to reasoning (i.e., matching observations with proto-
types related to colors instead of object categories or other
attributes). In the 3rd example, woman in the question is
an unseen object during training. With object factorization,

Question: How is the
fruit to the right of the
brown animal called?


Answer: Apple


Filter

Question: Are both the
banana and the place
mat the same color?


Answer: no


Relate

Question: Do you see a
woman near the water
bottle in the bottom?


Answer: yes


Find

Find

Find

Find

Relate

Filter Relate

Figure 5. Illustrations of the reasoning process. From left to right
are the input images together with questions and predicted an-
swers, and sequences of reasoning steps.

our model successfully associates it to known objects (i.e.,
men) based on the similarity in clothing, and progressively
shifts the attention from both women (i.e., Find step) to the
one lying next to the bottle (i.e., Filter and Relate steps).

5. Conclusion
This study is an effort toward generalizable and inter-

pretable AI systems for real-world applications. It draws
inspiration from the ways humans reason with the visual
world, and investigates the effectiveness of integrating the
compositionality of objects and the reasoning process. Our
work distinguishes itself with a principled method for au-
tomatically factorizing objects into fine-grained semantics,
bridging novel and known objects, and a new neural mod-
ule network with a compositional decision-making process.
The compositionality in both dimensions addresses object
diversity and spurious data biases, enhancing model gen-
eralizability toward a broad range of scenarios. It also en-
ables interpretation of the rationales behind the model’s de-
cisions. Experimental results demonstrate the advantages of
our method under diverse settings, and provide insights on
how our model reasons with the visual-textual inputs. We
hope that this study can be useful for future developments of
trustworthy visual reasoning models with more human-like
intelligence and generalizability.
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