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Abstract

A core process in human cognition is analogical mapping: the
ability to identify a similar relational structure between dif-
ferent situations. We introduce a novel task, Visual Analogies
of Situation Recognition, adapting the classical word-analogy
task into the visual domain. Given a triplet of images, the task
is to select an image candidate B’ that completes the analogy
(A to A’ is like B to what?). Unlike previous work on visual
analogy that focused on simple image transformations, we
tackle complex analogies requiring understanding of scenes.
We leverage situation recognition annotations and the CLIP
model to generate a large set of 500k candidate analogies.
Crowdsourced annotations for a sample of the data indicate
that humans agree with the dataset label ∼80% of the time
(chance level 25%). Furthermore, we use human annotations
to create a gold-standard dataset of 3,820 validated analo-
gies. Our experiments demonstrate that state-of-the-art mod-
els do well when distractors are chosen randomly (∼86%),
but struggle with carefully chosen distractors (∼53%, com-
pared to 90% human accuracy). We hope our dataset will
encourage the development of new analogy-making models.
Website: https://vasr-dataset.github.io/

1 Introduction
The ability to draw analogies, flexibly mapping relations
between superficially different domains, is fundamental to
human intelligence, creativity and problem solving (Hof-
stadter and Sander 2013; Depeweg, Rothkopf, and Jäkel
2018; Goodman, Tenenbaum, and Gerstenberg 2014; Fau-
connier 1997; Gentner, Holyoak, and Kokinov 2001; Carey
2011; Spelke and Kinzler 2007). This ability has also been
suggested to be key to constructing more general and trust-
worthy AI systems (Mitchell 2021; McCarthy et al. 2006).
An essential part of analogical thinking is the ability to look
at different situations and extract abstract patterns. For ex-
ample, a famous analogy is between the solar system and the
Rutherford-Bohr model of the atom. Importantly, while the
surface features are very different (atoms are much smaller
than planets, different forces are involved, etc.), both phe-
nomena share deep structural similarity (e.g., smaller objects
revolving around a massive object, attracted by some force).

Copyright © 2023, Association for the Advancement of Artificial
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Figure 1: An example of visual analogy from the VASR
dataset. The task is to select an image which best completes
the analogy. The answer is found in the footnote.

Most computational analogy works to date have fo-
cused on text (Mikolov, Yih, and Zweig 2013; Allen and
Hospedales 2019), often studying SAT-type analogies (e.g.,
walk:legs :: chew:mouth). In works involving analogies be-
tween situations (Falkeneheimer, Forbus, and Gentner 1986;
Evans 1964; Winston 1980; Gentner 1983), both entities
and relations need explicit structured representations, lim-
iting their scalability. In the visual domain, works also fo-
cused on SAT-type questions (Lovett and Forbus 2017; Lake,
Salakhutdinov, and Tenenbaum 2015; Depeweg, Rothkopf,
and Jäkel 2018), synthetic images (Lu et al. 2019; Reed et al.
2015) or images depicting static objects, where the analo-
gies focus on object properties (color, size, etc.) (Tewel et al.
2021; Sadeghi, Zitnick, and Farhadi 2015), rather than re-
quiring understanding of a full scene.

In this work we argue that images are a promising source
of relational analogies between situations, as they provide
rich semantic information about the scenes depicted in them.
We take a step in that direction and introduce the Visual
Analogies of Situation Recognition (VASR) dataset. Each
instance in VASR is composed of three images (A, A’, B)
and K = 4 candidates (see Figure 1). The task is to se-

Answer: 3. Between A and A’, man changed to monkey. Thus,
from B to B’, a man feeling cold changes to a monkey feeling cold.

The Thirty-Seventh AAAI Conference on Artificial Intelligence (AAAI-23)

241



lect the candidate B’ such that the relation between B and
B’ is most analogous to the relation between A and A’. To
solve the analogy in Figure 1, one needs to understand the
key difference between A and A’ (the main entity is changed
from man to monkey) and map it to B (“A man feeling cold”
is changed to “A monkey feeling cold”). Importantly, VASR
focuses on situation recognition that requires understanding
the full scene, the different roles involved and how they re-
late to each other.

To create VASR, we develop an automatic method that
leverages situation recognition annotations to generate sil-
ver analogies of different kinds.1 We start with the imSitu
corpus (Yatskar, Zettlemoyer, and Farhadi 2016), which an-
notates frame roles in images. For example, in an image of a
track towing a boat, and a track towing a tractor, the agent is
a truck, the verb is hauling, and the item (or theme) is a boat.
We search for instances A : A′ :: B : B′ where: (1) A : A′

are annotated similarly except for a single different role; (2)
B : B′ exhibit the same delta in frame annotation. The im-
ages are annotated the same except for item that is changed
from boat to tractor. The corresponding B : B′ images pairs
should similarly have boat as an item role in B, and tractor
as an item in B′, while all other roles are identical between
them. We use several filters aiming to keep pairs of images
that have a single main salient difference between them, and
carefully choose the distractors to adjust the difficulty of the
task. This process produces over 500,000 instances, with di-
verse analogy types (activity, tool being used, etc.).

To create a gold standard and to evaluate the automatic
generation of VASR, we crowd-source a portion of 4,170
analogies of the silver annotations using five annotators. On
the test set, we find that annotators are very likely (93%)
to agree on the analogy answer, and reach high agreement
with the auto-generated label (79%). For human evaluation,
we crowd-source additional annotations from new annota-
tors who did not participate in the data generation part, eval-
uating a sample of 10% of the gold-standard test set, finding
that they solve it with high accuracy (90%).

We evaluate various state-of-the-art computer vision mod-
els (ViT (Dosovitskiy et al. 2020), Swin Transformer (Liu
et al. 2021), DeiT (Touvron et al. 2021) and ConvNeXt
(Liu et al. 2022)) in zero-shot settings using arithmetic for-
mulations, following similar approaches in text and in vi-
sion (Mikolov, Yih, and Zweig 2013). We find that they
can solve analogies well when the distractors are chosen
randomly (86%), but all struggle with well-chosen difficult
distractors, achieving only 53% accuracy on VASR, far be-
low human performance. Interestingly, we show that train-
ing baseline models on the large silver corpus is compara-
ble with zero-shot performance and far below human per-
formance, leaving room for future research.

Our main contributions are: (1) we present the VASR
dataset as a resource for evaluating visual analogies of situa-
tion recognition; (2) we develop a method for automatically
generating silver-label visual analogies from situation recog-

1We use the term “silver labels” to refer to labels generated by
an automatic process, which, unlike gold labels, are not validated
by human annotators.

nition annotations; (3) we show that current state-of-the-art
models are able to solve analogies with random candidates,
but struggle with more challenging distractors.

2 Related Work
The VASR dataset is built using annotations of situation
recognition from imSitu, described below. In addition, we
discuss two works most similar to ours, which tackle differ-
ent aspects of analogy understanding in images.

Situation Recognition. Situation recognition is the task
of predicting the different semantic role labels (SRL) in an
image. For example in Figure 1, image A depicts a frame
where the agent is a person, the verb is swinging, the item is
a rope, and the place is a river. The imSitu dataset (Yatskar,
Zettlemoyer, and Farhadi 2016) presented the task along
with annotated images gathered from Google image search,
and a model for solving this task. Each annotation in im-
Situ comprises of frames (Fillmore, Johnson, and Petruck
2003), where each noun is linked to WordNet (Miller 1992),
and objects are identified in image bounding boxes.2 We use
these annotations to automatically generate our silver anal-
ogy dataset.

Analogies. Analogies have been studied in multiple con-
texts. Broadly speaking, computational analogy methods
can be divided into symbolic methods, probabilistic program
induction, and neural approaches (Mitchell 2021).

In the context of analogies between images, there have
been several attempts to represent transformations between
pairs of images (Memisevic and Hinton 2010; Reed et al.
2015; Hertzmann et al. 2001; Forbus et al. 2011). The trans-
formations studied were usually stylistic (texture transfers,
artistic filters) or geometric (topological relations, relative
position and size, 3D pose modifications).

More recently, DCGAN (Radford, Metz, and Chintala
2016) has shown capabilities of executing vector arithmetic
on images of faces, e.g. (man with glasses - man without
glasses + woman without glasses ≈ woman with glasses).
Another work, focusing on zero-shot captioning (Tewel et al.
2021), presented a model based on CLIP and GPT-2 (Rad-
ford et al. 2019) for solving visual analogies, where the input
consists of three images and the answer is textual. We eval-
uate their model in our experiments.

Perhaps most similar to our work is VISAL-
OGY (Sadeghi, Zitnick, and Farhadi 2015). In this
work, the authors construct two image analogy datasets—a
synthetic one (using 3D models of chairs that can be
rotated) and a natural-image one, using Google image
search followed by manual verification. However, even in
the natural-image case, the analogies in VISALOGY are
quite restricted; images mostly contain a single main object
(e.g., a dog) and analogies based on attributes (e.g., color) or
action (e.g., run). The VASR dataset contains analogies that
are much more expressive, requiring understanding the full
scene. Importantly, the VISALOGY dataset is not publicly
available, which makes VASR, to the best of our knowledge,

2Follow-up work (Pratt et al. 2020) added bounding boxes to
imSitu.
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Figure 2: An image pair with multiple salient visual differ-
ences (dog breed, activity, and more). We aim to filter these
cases, keeping pairs with single main salient difference.

the only publicly available benchmark for visual situational
analogies with natural images.

Other recent works include tasks that evaluate composi-
tionality, visual understanding (Zellers et al. 2019), associ-
ation (Bitton et al. 2022), analogy (Vedantam et al. 2015),
neural reasoning (Forbes, Holtzman, and Choi 2019) and
and visual common sense (Bitton-Guetta et al. 2023).

3 The VASR Dataset
To build the VASR dataset, we leverage situation recog-
nition annotations from imSitu. We start by finding likely
image candidates based on the imSitu gold annotated
frames (§3.1). We then search for challenging answer dis-
tractors (§3.2). Following, we apply several filters (§3.3) in
order to keep pairs of images with a single salient difference
between them. We then select candidates for the gold test
set (§3.4), and crowdsource the annotation of a gold dataset
(§3.5). Finally, we provide the dataset statistics (§3.6).

3.1 Finding Analogous Situations in imSitu
We start by considering the imSitu dataset containing situa-
tion recognition annotations of 125,000 images. We search
for images A : A′ that are annotated the same, except for
a single different role (e.g., the agent role in Figure 1 is
changed from man to monkey). We extract image pairs that
have the same situation recognition annotation yet differ
in one of the following roles: agent, verb, item, tool, vehi-
cle and victim. This process yields ∼7 million image pairs.
However, many of these pairs are not analogous because
they do not have a single salient visual difference between
them (as exemplified in Figure 2), due to partial annotation
of the imSitu images. To overcome this, we apply several
filters, described in Section 3.3, keeping ∼23% of the pairs.
Next, for each A : A′ pair we search for another pair of im-
ages, B : B′, which satisfy a single condition, namely that
they exhibit the same difference in roles. Importantly, note
that B : B′ can be very different from A : A′, as long as
they adhere to this condition.

3.2 Choosing Difficult Distractors
Next, we describe how we compose VASR instances out
of the analogy pairs collected in the previous section. The
candidates are composed of the correct answer B′ and three

other challenging distractors. Our experiments (§4) demon-
strate the value of our method for selecting difficult distrac-
tors compared to randomly selected distractors.

Specifically, we want distractors that would impede short-
cuts as much as possible. Namely, the correct answer should
involve two reasoning steps: (1) understanding the key dif-
ference between A : A′ (the agent role man changed to mon-
key in Figure 1); (2) Map it to B. For the first reasoning step,
we include distractors that are similar to B but that do not
have the same value in the changed role in A′ (candidates 1,
4 in Figure 1 do not depict a monkey). For the second reason-
ing step, we include distractors with the changed role in A′

but in a different situation than B (candidate 2 in Figure 1,
which does show a monkey, but in a different situation). To
provide such distractors, we search for images that are an-
notated similarly to A′ and B. For the similarity metric, we
use an adaption of the Jaccard similarity metric between the
images annotations. We calculate the number of joint values
divided by the size of the union between the key sets of both
images.We start by extracting multiple suitable distractors
(40 in dev and test, 20 in train). We later select the final 3
distractors using the filtering step described below (§3.3).

3.3 Filtering Ambiguous Image Pairs
We note that our automatic process is subject to several po-
tential sources of error. One of them is the situation recog-
nition annotations. The imSitu corpus was not created with
analogies in mind, and as a result salient differences between
the images are often omitted, and seemingly less important
differences are highlighted. In this section, we attempt to
ameliorate the issue and propose different filters to keep only
pairs with one salient difference. We stress that there are
many more filtering strategies possible, and exploring them
is left for future work.

Over-specified annotations We filter image pairs with
overly-specific differences. For example, in Figure 2 the
frames are annotated identically except for the agent which
is changed from beagle to puppy, while a human observer is
likely to identify more salient differences (leash color, activ-
ity, and more). To mitigate such cases, we use a textual fil-
ter by leveraging imSitu’s use of WordNet (Miller 1992) for
nouns and FrameNet (Fillmore, Johnson, and Petruck 2003)
for verbs. We identify the lowest common hypernyms for
each annotated role (A beagle is a type of a dog, which is a
type of a mammal). Next, we only keep instances adhering to
one of the following criteria: (1) both instances’ correspond-
ing roles are direct children to the same pre-defined Word-
Net concept class,3 e.g., businessman and businesswoman
are both direct children of businessperson; (2) pairs of co-
hyponyms, e.g., cat and dog are both animals, but a cat is
not a dog and vice-versa; (3) the two instances belong to dif-
ferent clusters of animal, inanimate objects, or humans (e.g.,
bike changed to cat or car changed to person). This process
removes 40% of the original pairs. Filtered pairs are likely
to be indistinguishable, for example: beagle and puppy, cat
and feline, person and worker, and so on.

3See full list of WordNet concepts in the supplementary mate-
rials.
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Another case of over-specific annotations is when a non
visually salient object is being annotated. To mitigate such
cases, we leverage bounding-boxes annotations from the
SWiG dataset (Pratt et al. 2020) and filter cases where the
objects are hard to identify. Images with object size smaller
than 2% of the image size are filtered this way, filtering an
additional 4%.

Under-specified annotations The imSitu annotation is in-
herently bound to miss some information encoded in the im-
age. This can result in image pairs A,A′ that exhibit multiple
salient differences, yet only a subset of them is annotated,
leading to ambiguous analogies. For example in Figure 3
top, the left image is described as a tractor, and the right
image described as a trailer. However, the left image can
be considered as a trailer as well, and it is not clear what
is the main difference between this images pair. We aim to
filter cases of such ambiguity, where an object can describe
the other image bounding box. For example, in Figure 3, the
top example (a) is filtered by our method and the bottom ex-
ample (b) is kept. Given two bounding boxes X , Y —each
corresponding to different images—and two different anno-
tated objects Xobj , Yobj , we compute the CLIP (Radford
et al. 2021) probabilities to describe each object bounding
box using the prompt of “A photo of a [OBJ]”. We denote

PXimg
(Xobj , Yobj) = (P (Ximg, Xobj), P (Ximg, Yobj))

(and vice-versa for Y ) and filter cases where it is not
distinct. For example in the left image in Figure 3,
PXimg (Xobj , Yobj) = (0.45, 0.55). The left image (X) is
55% likely to be a photo of a trailer (Y annotation) rather
than tractor (X annotation), therefore we filter this pair. We
filter based on a threshold computed on a development set.
We also execute a “mesh filter”, where we combine all ob-
ject labels of both images, measure the best object for each
image, and filter cases where the best describing object for
an image bounding box belongs to the other image.

Additionally to the objects and image bounding boxes, we
also take into consideration CLIP features extracted from
the full image. Instead of taking a template sentence of “A
photo of an [OBJ]”, we use a FrameNet template (Fillmore,
Johnson, and Petruck 2003) to receive a sentence describ-
ing the full image. For example the verb “crashing” has the
FrameNet template of: “the AGENT crashes the ITEM. . . ”.
We substitute the annotated roles for the image, receiving a
synthetic sentence describing the image. The CLIP probabil-
ities are then used to filter indistinctive cases as in bounding-
box filtering.

3.4 Building the Test Set
We aim to make the test set both challenging and sub-
stantially different from the training set in order to mea-
sure model generalizability. To do so, we select challeng-
ing test instances according to 3 metrics, defined below. In
Section 3.5, we validate these instances via crowd-workers,
finding them to be of good quality. The metrics are: (1) an
adapted Jaccard similarity metric to compute the difference
in annotation between A, A’. We aim to select items with
low Jaccard similarity to receive analogies that are distant

(a) The left image bounding box is 55% likely to be a photo of a
trailer rather than tractor. Therefore we filter this case.

(b) Both objects (statue, man) better describe their images bound-
ing boxes (in 100% and 98%). Therefore we keep this instance.

Figure 3: Two examples for our CLIP based vision-and-
language filtering. Given two images and annotated objects
we compute the probabilities for each object to describe each
image. We filter cases where an object can better describe
the other image rather than the image it annotates.

from each other; (2) calculate occurrences of each different
key in the training set, in order to prefer rare items. For ex-
ample A : A′ of girrafe : monkey is preferred over man :
monkey if girrafe appeared less than man in the training set;
(3) High annotation CLIP match: to avoid images with noisy
annotations, we use the features computed in Section 3.3 to
calculate an “Image SRL score” using a weighted average
of: (a) CLIP score of the caption to the image PXimg (X);
(b) CLIP probability of the caption vs. the caption from the
other image pair. For example in the left image in Figure 3
this score is 0.45. We sort our dataset according to these met-
rics, selecting 2,539 samples for the test set. We evaluate and
annotate these candidates with human annotators (§3.5).

3.5 Human Annotation
We pay Amazon Mechanical Turk (AMT) workers to an-
notate the ground truth labels for a portion of VASR. We
asked five annotators to solve 4,214 analogies.4 Workers
were asked to select the image that best solves the analogy,
and received an estimated hourly pay of 12$. Total payment
to AMT was 1,440$. Full details and examples of the AMT
annotators screen are presented in the supplementary mate-
rials.

Table 1 shows some statistics of the annotation process.
We observe several trends. First, in 93% of the analogies
there was an agreement of at least three annotators on the

4To maintain high-quality work, we have a qualification task of
10 difficult analogies, requiring a grade of at least 90% to enter the
full annotation task. The workers received detailed instructions and
examples from the project website.
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Test Dev Train

# annotated samples 2,539 178 1,492
% samples with majority 93 90 88
% majority equals the dataset label 79 75 75

Table 1: AMT annotation results. The annotators are very
likely to select the same candidate as the analogy answer,
and with high agreement with the auto-generated label.

selected solution, compared to a probability of 41.4% for a
random agreement of at least three annotators on a any so-
lution.5 Second, in 79% of the instances the majority vote
(of at least 3 annotators) agreed with the auto-generated
dataset label. Moreover, given that the annotators reached
a majority agreement, their choice is the same as the auto-
generated label in 85% of the cases. When considering an-
notators that annotated more than 10% of the test set, the an-
notator with the highest agreement with the auto-generated
label achieved 84% agreement. Overall, these results indi-
cate that the annotators are very likely to agree on a majority
vote and with the silver label. The resulting dataset is com-
posed of the 3,820 instances agreed upon with a majority
vote of at least 3 annotators.

3.6 Final Datasets and Statistics
The analogies generation process produces over 500,000
analogies using imSitu annotations. We used human anno-
tators (§3.5) to create gold-standard split, with 1,310, 160,
2,350 samples in the train, dev, test (§3.4), respectively.
Next, we create a silver train of size 150,000 items and a
silver dev set of size 2,249 items. We sample the silver train
and dev sets randomly, but we balance the proportions of
different types of analogies similar to the test.

VASR contains a total of 196,269 object transitions (e.g.,
book changed to table), of which 6,123 are distinct. It
also contains 385,454 activity transitions (e.g., “smiling”
changed to “jumping”), 2,427 are distinct. Additional statis-
tics are presented in the supplementary materials. To con-
clude, we have silver train and dev sets, and gold train, dev,
and test sets. Full statistics are presented in Table 2.

We encourage to focus on solving VASR with little or no
training, since solving analogies requires mapping of exist-
ing knowledge to new, unseen situations (Mitchell 2021).
Evaluation of models should be performed on the (gold) test
set. To encourage development of models to solve VASR,
an evaluation page is available on the website. The ground
truth answers are kept hidden, predictions can be sent to
our email and we will update the leaderboard. In a few-shot
fine-tune setting, we suggest using the gold-standard train
and dev splits, containing 1,470 analogies. For larger fine-
tune, we suggest using the silver train and dev sets, with
152,249 analogies. We also publish the full generated data
(over 500K analogies) to allow other custom splits. Next we
turn to study state-of-the-art models’ performance on VASR.

5Binomial distribution analysis shows that the probability to get
a random majority of at least 3 annotators out of 5 is 41.4%.

4 Experiments
We evaluate humans and state-of-the-art image recognition
models in both zero-shot and supervised settings. We show
that VASR is easy for humans (90% accuracy) and chal-
lenging for models (<55%). We provide a detailed analy-
sis per analogy type, experiments with partial inputs (when
only one or two images are available from the input), and
experiments with increased numbers of distractors.

4.1 Human Evaluation
We sample 10% of the test set, and ask annotators that did
not work on previous VASR tasks to solve the analogies.
Each analogy is evaluated by 10 annotators and the chosen
answer is the majority of 6 annotators.6 We find that the hu-
man performance on the test set is 90%. Additionally, in
93% of the samples there was an agreement of at least six
annotators. This high human performance indicates the high
quality of our end-to-end generation pipeline.

4.2 Zero-Shot Models
We compare four model baselines:

1. Zero-Shot Arithmetic: Inspired by Word2Vec (Mikolov,
Yih, and Zweig 2013), we extract visual features from
pre-trained models for each image and represent the in-
put in an arithmetic structure by taking the embedding of
B +A′ −A. We compute its cosine similarity to each of
the candidates and pick the most similar. We experiment
with the following models: ViT (Dosovitskiy et al. 2020),
Swin Transformer (Liu et al. 2021), DeiT (Touvron et al.
2021) and ConvNeXt (Liu et al. 2022).7

2. Zero-Shot Image-to-Text (Tewel et al. 2021) presented a
model for solving visual analogy tests in zero-shot set-
ting. Given an input of three images A,A′,B, this model
uses an initial prompt (“An image of a . . . ”) and gen-
erates the best caption for the image represented by the
same arithmetic representation we use: B +A′ −A. We
calculate the CLIP score between each image candidate
and the caption generated by the model, and select the
candidate with the highest score.

3. Distractors Elimination: similar to a multi-choice quiz
elimination, this strategy takes the three candidates that
are most similar to the inputs A,A′, B, eliminates them,
and selects the last candidate as the final answer. We use
the pre-trained ViT embeddings and compute cosine sim-
ilarity in order to select the similar candidates.

4. Situation Recognition Automatic Prediction: This strat-
egy uses automatic situation recognition model predic-
tion from SWiG (Pratt et al. 2020). It tries to find a dif-
ference between A : A′ in the situation recognition pre-
diction and map it to B, in a reversed way to the VASR
construction. For example in Figure 1 it will select the

6The probability to receive a random majority vote of at least
six annotators out of 10 is 7.9%.

7The exact versions we took are the largest pretrained ver-
sions available in timm library: ViT Large patch32-384, Swin Large
patch4 window7-224, DeiT Base patch16 384, ConvNeXt Large.
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Agent Verb Item Tool Vehicle Victim Total

Silver Train 82,984 38,331 20,836 6,360 1,343 146 150,000
Dev 1,704 123 238 146 38 2,249

Gold
Train 558 116 376 170 90 1,310
Dev 129 7 12 10 2 160
Test 795 368 554 160 169 304 2,350

Table 2: VASR statistics. Rows 1-2 describe the silver data, and rows 3-5 describe the gold-standard data.

correct answer if both A : A′ and B : B′ are pre-
dicted with the same situation recognition prediction ex-
cept man changed to monkey.

4.3 Supervised Models
We also consider models fine-tuned on the silver data. We
add a classifier on top of the pre-trained embeddings to se-
lect one of the 4 candidates. The first model baseline (de-
noted Supervised Concat) concatenates the input embed-
dings and learns to classify the answer (A,A′,B) → B′. The
second model baseline (denoted Supervised Arithmetic) has
the same input representation as Zero-Shot Arithmetic. To
classify an image out of 4 candidates, we follow the design
introduced in SWAG (Zellers et al. 2018), which was used
by many similar works (Sun et al. 2019; Huang et al. 2019;
Liang, Li, and Yin 2019; Dzendzik, Vogel, and Foster 2021).
Basically, each of the image candidates is concatenated to
the inputs features, followed by a linear network activation
and a classifier that selects one of the options. We use the
Adam (Kingma and Ba 2015) optimizer, a learning rate of
0.001, batch size of 128, and train for 5 epochs. We take the
model checkpoint with the best silver dev performance out
of the 5 epochs, and use it for evaluation.

4.4 Results and Model Analysis
Table 3 shows our test accuracy results. Rows 1-7 show the
zero-shot results. The Zero-Shot Arithmetic models (R1-R4)
achieve the highest results, with small variance between the
models, reaching up to 86% with random distractors and
around 50% on the difficult ones. The Zero-Shot Image-to-
Text (R5) achieves lower accuracies on both measures (70%
and 38.9%, respectively). The other two models perform at
chance level for difficult distractors.8 To conclude, models
can solve analogies in zero-shot well when the distractors
are random, but struggle with difficult distractors.

Results on training on the silver data are presented in
rows 8-9. Supervised Concat representation performs bet-
ter than the Supervised Arithmetic. Interestingly, its perfor-
mance (54.9%, R8) is only 2% higher than the best zero-
shot baseline (Zero-Shot Arithmetic, R2), and still far from
human performance (R14). This small difference might be
explained by the distribution shift between the training data

8Distractors Elimination strategy is particularly bad with ran-
dom distractors, as it eliminates the 3 images closest to the input,
whereas the solution is often closer to the inputs than random dis-
tractors.

and the test data (§3.4), which might make the trained mod-
els over-rely on specific features in the training set. To test
this hypothesis, we consider the ViT model’s supervised per-
formance on the dev set, which, unlike the test set, was not
created to be different than the training set. We observe dev
performance levels similar to the test set (56.7% with the dif-
ficult and 86.6% with random distractors), which hints that
models might struggle to capture the information required to
solve visual analogies from supervised data.

Analysis per Analogy Type. We study whether humans
and models behave differently for different types of analo-
gies. We examine the test performance of both humans and
the ViT-based models Zero-Shot Arithmetic and Supervised
Concat per analogy type (Table 4). Humans solve VASR
above 80% in all analogy types, except for tool (66%). The
average performance of both models on all categories is
around 50%, except for the Agent category, which seems to
benefit most from supervision. We propose several possible
explanations: First, Agent is the most frequent class. This
does not seem to be the key reason for this result, as the per-
formance of the second most frequent category, Item, is far
worse. Second, Agent is the most visually salient class and
the model learns to identify it. This also does not seem to be
the reason, because we see that the bounding-box proportion
(objects proportions are in the second row) of the Vehicle
class (55%) are larger than the Agent class (44%), but the
performance on it is far worse. Finally, solving Agent analo-
gies could be the most similar task to the pre-training data of
the models we evaluate, which mostly include images with a
single class, without complex scenes and other participants
(e.g., images from ImageNet (Deng et al. 2009)). This hy-
pothesis, if correct, further indicates the value of our dataset,
which contains many non-Agent analogies, to challenge cur-
rent state-of-the-art models. We also find that the Zero-Shot
Arithmetic and Supervised Concat predict the same answer
only in 40% of the time. An oracle that is correct if either
model is correct reaches an accuracy of 76%, suggesting that
these models have learned to solve analogies differently.

Partial Inputs. Ideally, solving analogies should not be
possible with partial inputs. We experiment with ViT pre-
trained embeddings in two setups: (1) A Zero-Shot baseline,
where the selected answer is the candidate with the highest
cosine similarity to the image embeddings of A′ or B. For
example in Figure 1, A′ depicts a “monkey swinging” and B
depicts a “person shivering”. The candidates most similar to
these inputs are 1 and 2, and both are incorrect solutions; (2)
A supervised baseline, which is the same as Supervised Con-
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Section Experiment Random
Distractors

Difficult
Distractors Row

Zero-Shot

Zero-Shot
Arithmetic

ViT 86 50.3 1
Swin 86 52.9 2
DEiT 77.7 47.2 3
ConvNeXt 79 51.2 4

Zero-Shot
Image-to-Text 70 38.9 5

Situation Recognition
Automatic Prediction 31 24.6 7

Training on
the Silver Data

Concat 84.1 54.9 8

Arithmetic 83.7 47.4 9

Partial Inputs
Zero-Shot A’ 84.4 45.8 10

B 77.6 24.7 11

Supervised Single image 82.1 44.8 12
Pair of images 83.8 46.3 13

Humans 90 14

Table 3: VASR test set accuracy for several baselines in zero-shot and training. Bold indicates best result in section.

% Data % Object H ZS FT

Agent 34 44 95 50 69
Item 24 27 98 48 50
Verb 16 85 49 44
Victim 13 42 84 48 52
Vehicle 7 55 83 56
Tool 7 18 66 58 44
Total 100 89.9 50.3 54.9

Table 4: Results per analogy types of humans and models
baselines. The class with the highest/lowest accuracy for
each model is in bold. Data Percentage is the proportion of
each class from the gold test. Objects Proportion is the mean
object size divided by full image size. H stands for human
performance, ZS for the zero-shot arithmetic model, and FT
for the trained concatenation model.

cat, but instead of using all three inputs, we use a single or
a pair of images: A,A′, B, (A,B), (A,A′), (A′, B). Results
are presented in Table 3, R10-R13. In Zero-Shot, the strat-
egy of choosing an image that is similar to A′ (R10) reaches
close to the full inputs performance with random distractors,
but much lower with the difficult distractors. With the super-
vised baseline, we show the best setup of a single image (B,
in R12) and a pair of images ((A,′ B), R13). We observe a
similar trend to the zero-shot setting, concluding that it is
difficult to solve VASR using partial inputs.

Performance in the Presence of more Distractors Since
VASR is generated automatically, we can add more distrac-
tors and measure models’ performance. We take the test set
with the ground-truth answer provided by the annotators and

% Drop
Models Random Distractors Difficult Distractors
ViT 8% 45%
Swin 9% 42%
DeiT 11% 43%
ConvNeXt 11% 43%

Table 5: With random candidates, the models manage to
cope even though the task becomes twice as difficult. How-
ever, the performance drop is larger with difficult distractors.

change the number of distractors hyperparameter from 3 to
7, adding distractors to each of the random and difficult dis-
tractors splits, changing chance level from 25% to 12.25%.
We repeat the zero-shot experiments and present the results
in Table 5. The ViT performance on the difficult distractors
drops from 50.3% to 27.7%, while on the random distractors
the decline is much more moderate, from 86% to 78.7%. We
observe a similar trend for the other models. The large drop
in performance on the difficult distractors further indicates
the importance of a careful selection of the distractors.

5 Conclusions
We introduced VASR: a dataset for visual analogies of situ-
ation recognition. We automatically created over 500K anal-
ogy candidates, showing their quality via high agreement
and their efficacy for training. Importantly, VASR test labels
are human-annotated with high agreement. We showed that
state-of-the-art models can solve our analogies with random
distractors, but struggle with harder ones.9

9License and Privacy details as well as acknowledgements have
been removed for brevity, full version available in https://arxiv.org/
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