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Abstract

Despite the importance of shape perception in human vision, early neural im-
age classifiers relied less on shape information for object recognition than other
(often spurious) features. While recent research suggests that current large Vision-
Language Models (VLMs) exhibit more reliance on shape, we find them to still
be seriously limited in this regard. To quantify such limitations, we introduce
IllusionBench, a dataset that challenges current cutting-edge VLMs to deci-
pher shape information when the shape is represented by an arrangement of
visual elements in a scene. Our extensive evaluations reveal that, while these
shapes are easily detectable by human annotators, current VLMs struggle to rec-
ognize them, indicating important avenues for future work in developing more
robust visual perception systems. The full dataset and codebase are available at:
https://arshiahemmat.github.io/illusionbench/

1 Introduction

Deep neural networks have accomplished remarkable breakthroughs in visual recognition over the
past decade [Krizhevsky et al., 2012, He et al., 2016, Dosovitskiy et al., 2020, Radford et al., 2021,
Gemini Team et al., 2023]; but these models have also shown longstanding, fundamental limitations –
for instance, the performance of these models degrades when faced with common corruptions and
perturbations [Hendrycks and Dietterich, 2019], or natural out-of-distribution data [Hendrycks et al.,
2021]. How can we facilitate more robust neural vision models? A natural place to begin is by
considering the source of robustness in human vision. Human object recognition is largely based on
shape perception [Landau et al., 1988, Biederman and Ju, 1988, Xu et al., 2004, Baker and Kellman,
2018], which is essential to the robustness of human vision due to the invariance of shape to common
transformations such as translation, rotation, scaling, and changes in illumination, color, and texture
[Kendall, 1984, Hummel, 2001, Ommer, 2013, Dryden and Mardia, 2016]. As such, substantial work
in computer vision has focused on improving and evaluating shape perception (e.g., Ritter et al.,
2017, Geirhos et al., 2019, Islam et al., 2021, Geirhos et al., 2021, Gavrikov et al., 2024, inter alia),
finding that early deep vision models relied much more on texture than shape in image classification
[Geirhos et al., 2019, Islam et al., 2021, Pinto et al., 2022a, Benarous et al., 2023, Subramanian et al.,
2023], which is believed to contribute to their lack of robustness [Geirhos et al., 2020, Gavrikov et al.,
2024]. Later work observed that vision encoders trained with larger-scale data weakly supervised by
language (e.g., CLIP; Radford et al., 2021) show improvements in shape recognition [Geirhos et al.,
2021, Gavrikov et al., 2024].
While clear indicators of progress in visual perception of neural vision models, it is important
to note that all of the above studies on shape recognition in vision models have relied on two
standard datasets, Cue Conflict and Stylized-ImageNet [Geirhos et al., 2019], which presents several
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Figure 1:Can vision-language models recognize these shapes?IllusionBench dataset contains
images in which scene elements are arranged to represent abstract shapes.

concerns – for instance, these datasets do not include coherent, naturalistic visual scenes; they
are built using legacy style transfer techniques that damage shape information and prevent the
reproduction of �ne-grained textures; and each image includes only a single object class represented
as an abstract shape using perceptually uniform textures (see Section 2 for a more detailed critique).
To address these limitations, we introduceIllusionBench ,1 which represents shape information by
an arrangement of visual elements existing in coherent, naturalistic scenes (see Figure 1). We evaluate
vision-language models (VLMs) usingIllusionBench in three scenarios: (1) measuringzero-shot
performance of generative VLMs (e.g., LLava [Liu et al., 2024b], GPT-4o [OpenAI, 2023], and
Gemini [Gemini Team et al., 2023]); (2) measuringfew-shotperformance of VLMs using in-context
learning (e.g., [Zhao et al., 2023]); and (3)�ne-tuning contrastive VLMs (e.g., CLIP [Radford et al.,
2021]) to recognize abstract shapes and testing their ability to generalize to unseen scenes. We �nd
that, while human annotators can easily identify these shapes, VLMs struggle to identify shapes and
instead focus on the scene components, failing to exhibit the abstract shape recognition capabilities
that are essential for enabling humanlike visual robustness.

2 Background and Related Work

Shape perception and visual recognitionShape information is widely considered to be the most
important cue leveraged by the human visual system for object recognition [Landau et al., 1988,
Biederman and Ju, 1988, Xu et al., 2004, Elder and Velisavljević, 2009, Baker and Kellman, 2018].
Our ability to perceive shapes is crucial in enabling the robustness of human visual perception
[Hummel, 2001, Ommer, 2013], as shape is invariant to key transformations such as translation,
rotation, scaling, and changes in illumination, color, and texture [Ommer, 2013, Kendall, 1984,
Dryden and Mardia, 2016]. Thus, many works have investigated the extent to which neural object
classi�ers rely on shape for visual recognition tasks, �nding that early supervised deep neural
networks rely more on texture cues rather than shape [Geirhos et al., 2019, Islam et al., 2021,
Benarous et al., 2023, Pinto et al., 2022a, Subramanian et al., 2023]. More recently, Gavrikov et al.
[2024] showed that multimodal vision-language models can be prompted to rely more on shape in
visual recognition. Each of these works evaluates shape perception on the basis of the Cue Con�ict
(CC) or Stylized-ImageNet (SIN) benchmarks [Geirhos et al., 2019]; but despite their longstanding
utility, we observe several key limitations with these benchmarks:

1. Lack of coherent, naturalistic, and complex visual scenes:Images contain only the shape
of a single class mixed with a single texture applied uniformly to the entire image.

2. Missing shape information: Key shape information is often lost, yielding “a substantial
fraction” of images that are unrecognizable to human annotators [Geirhos et al., 2019]. The
contrast in textures between the object and the background of any given image is usually
lost, yielding perceptually uniform images [Chen et al., 2021, Wang et al., 2023].

1We use “Illusion” in the name of our benchmark because images in our dataset can be understood as
instances of pareidolia, an illusion caused by the tendency of the human visual system to identify familiar shapes
in complex scenes. Our dataset should not be confused with HallusionBench [Guan et al., 2023], which instead
serves as a diagnostic tool to distinguish between VLM reasoning error modes, such as those caused by the
language component versus visual component of VLMs.
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Figure 2:Dataset generation.For each of the 3 datasets inIllusionBench , we show an example
image from the dataset alongside an example scene prompt and an example shape conditioning
image used to generate it. A shape imagex i (with the class nameci ) and a scene descriptionsj are
combined to generate theIllusionBench imagex ij .

3. Low-quality style transfer: The style transfer methods in these datasets [Gatys et al., 2016,
Huang and Belongie, 2017] are known to confuse shape and texture information [Wang
et al., 2023] and often fail to capture �ne-grained textures [Wang et al., 2021].

To address these limitations, we introduceIllusionBench , which leverages state-of-the-art genera-
tive models to create images representing shape information with a complex arrangement of elements
in detailed visual scenes comprised of various textures and objects.

Evaluating visual capabilities of VLMs Vision-language models (VLMs) have exceeded conven-
tional benchmarks, often even exhibiting capabilities that they are not explicitly trained for [Bubeck
et al., 2023] and underscoring the need for new forms of evaluation [Zhang et al., 2024]. Traditional
image recognition benchmarks are not designed to characterize such capabilities, indicating the
need for innovative evaluations. For instance, Bitton-Guetta et al. [2023] studies commonsense
visual reasoning by testing whether models perceive peculiar content in visual scenes; Fu et al.
[2024] evaluates VLMs on recognizing the count of objects, relative positions of objects, OCR, and
commonsense visual reasoning; and Tong et al. [2024] proposes visual tasks requiring �ne-grained
understanding of object orientation, perspective, and the states of objects in the image. Finally,
Zhou et al. [2023], Li et al. [2023d] focus on limitations speci�c to generative VLMs, such as visual
hallucination.

3 Benchmark Description

3.1 Generative Process and Notation

Consider the setC = f (x i ; ci )g
jCj
i =1 of binary shape conditioning imagesx i representing the shapes

of corresponding object classci , andT = f (sj )gjT j
j =1 is the set of prompts where eachsj describes a

different scene (e.g.,Oceanor Medieval Village ). To synthesize our dataset, we use ControlNet
[Zhang et al., 2023a], a module that is trained to control the generative process of text-to-image
diffusion models (such as Stable Diffusion; Rombach et al., 2022) by conditioning on inputs
specifying spatial information to guide the generative process, such as our shape conditioning images
x i (refer to Figure 2 for an overview). The pipeline (Figure 2) transforms the tuple(x i ; sj ) into an
imagex ij representing the considered shapex i of classci embedded in a scene of typesj .2 We
therefore obtain our datasets by creating a tuple(x ij ; ci ; sj ) for each combination of conditioning
images and prompts. We then consider three predictive tasks a VLMf should perform (wherepC ; pS ;
andpC;S represent prompts querying forci ; sj , or both, respectively):

1. � C : predict the shapeci = f (x ij ; pC ).
2. � S : predict the scenesj = f (x ij ; pS ).
3. � C;S , predicting both the shape and the scene(ci ; sj ) = f (x ij ; pC;S ).

3.2 Dataset Details

As exempli�ed in Figure 2, theIllusionBench benchmark contains three different constituent
datasets:IllusionBench -IN, IllusionBench -LOGO, andIllusionBench -ICON. The number of

2The generation is conditioned on additional hyperparameters that allow us to obtain shapes that can be
recognized at varying levels of abstraction. See Appendix B.2 for further details.
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samples, classes, conditioning images, and domains for each dataset are provided in Table 1 (with
more detailed metadata available in Appendix B).

Table 1: Size of each dataset inIllusionBench .

Dataset Name # Samples # Classes # Conditioning Images # Scenes

IllusionBench -IN 6864 16 48 11
IllusionBench -LOGO 5577 21 39 11
IllusionBench -ICON 20064 6 456 11

IllusionBench -IN We build upon the 16 classes from the most popular shape perception bench-
mark, Stylized-ImageNet (SIN) [Geirhos et al., 2019]. However, since we are interested in how
well models can �nd shapes within a scene, we need clear and distinct shapes that can be identi�ed
unambiguously. To address this, we replace 4 of the 16 SIN classes with similar categories (near
co-hyponyms) with more distinct shapes. We collect 3 conditioning images for each class.

IllusionBench -LOGOAnother category of shapes that are speci�cally designed to be visually
distinct and easily recognizable are logos, which provide an interesting contrast to the shapes in
IllusionBench -IN, as recognizing them requires world knowledge speci�c to the category of
product brands (rather than culturally-nonspeci�c real-world object classes).3 Thus, we expand our
dataset to this domain by collecting 39 different logo conditioning images across 21 brands.

IllusionBench -ICON Finally, we develop a third dataset to test whether VLMs can be trained
to recognize cross-modal abstractions over perceptually distinct shapes representing semantically
related concepts (e.g., where images representing shapes of owls or turtles are both recognized as
instances of the “animal” class, despite having very different shapes). We create a coarse-grained
dataset of 6 (informal) hypernym categories across 456 emojis as shape conditioning images.

Validating Dataset Quality Although ground truth labels for object classes and scene types are
available, image generators may sometimes produce low-quality or high-dif�culty images whose
object shape is not human-recognizable. To minimize the proportion of such images, we begin by
restricting the hyperparameters that control the in�uence of the conditioning image to ranges that
we qualitatively found to produce clearly distinguishable shapes (see Appendix B.2). To validate
that the shapes in the resulting images are indeed human-recognizable, we recruited 60 participants
(information is anonymized) to manually annotate randomly sampled subsets ofIllusionBench -IN,
IllusionBench -LOGO, IllusionBench -ICON, obtaining an average annotator accuracy of 95.6%,
97.17% and 96.8%, respectively, indicating that humans are indeed able to recognize the shapes in
the vast majority of the generated images.4 (See Appendix B.1 for further details.)

3.3 Evaluation

Given imagex ij , we prompt VLMf with bothx ij and promptspk corresponding to the shape, scene,
and both the shape and scene (i.e., wherepk is variouslypC ; pS ; or pC;S , respectively), yielding
responsesr k = f (x ij ; pk ) for each promptpk . For eachx ij , we evaluateshape recallon the basis of
whether the termci appears in the responser C or r C;S (yielding 1 if so, or0 if not), and evaluate
scene recallby whethersj appears inrT or rC;S (similarly yielding1 or 0), and report the shape
and scene recall for each dataset as the sum of the recall �gures across allx ij instances divided by
the size of each dataset. In contrast to prior related works (e.g., Geirhos et al. 2019, 2021, Gavrikov
et al. 2024), our proposed metrics are designed such that shape recognition performance is not in
competition with the ability to recognise other visual elements (e.g., textures or scene elements), as –
unlike traditional classi�ers, which must select only one among a pre-de�ned set of discrete classes

3Given that this task requires both world knowledge of product brandsand abstract shape recognition
capabilities, and considering that our goal withIllusionBench is only to evaluate the latter, we normalize
scores by averaging results for each VLM exclusively on samples obtained from raw shapes that the VLM can
recognise in a zero-shot setting, meaning that models are not penalized for lacking world knowledge of speci�c
brands. See Appendices C.5 and D.7 for non-normalized results by class.

4Note that human annotator accuracies are only intended tovalidate the quality of the generated dataset
andcon�rm that the resulting abstract shapes are indeed human-perceptible. They arenot intended for direct
comparison with VLM performance, as there are a few fundamental differences in how annotators and VLMs
are tested. For instance, where VLMs do not know the purpose or structure of the task beyond what is included
in the prompt, annotators are shown onboarding materials describing the task, including several pre-annotated
examples.
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Figure 3:Zero-Shot Results. Average shape and scene recall of VLMs across eachIllusionBench
dataset, compared with Stylized-ImageNet [Geirhos et al., 2019] (rightmost, shaded).

– generative VLMs can respond with detailed descriptions of images including information about
shape, scene, or other visual elements at the same time (or given different prompts).

3.4 Experimental Overview

In the following sections, we evaluate the shape perception capabilities of modern VLMs on
IllusionBench under the following paradigms:

• Zero-Shot Recognition: Given that an instruction-tuned VLM can recognise a shapex i ,
can it identify the same shape when it emerges from the combination of visual elements in
x ij without any explicit examples or specialized �ne-tuning? (Section 4)

• Few-Shot Learning: Given that a multi-modal in-context learner can recognise a shapex i
zero-shot, can it leverage few examples to learn to identify it inx ij ? (Section 5)

• Domain Generalization: Given training samplesf x ij g representing a shapex i in certain
types of scenes, can models learn to recognise the same shape in other, unseen scene types?
(Section 6)

4 Can Instruction-Tuned VLMs Recognize Shapes Zero-Shot?

Experimental Design In this experiment, we prompt VLMs zero-shot to identify the abstract shape
represented in a visual scene among a closed set of object classes. We begin by testing whether
models can correctly classify the shape conditioning images (binary shape images), and generate
images forIllusionBench exclusively using these condition shapes. We then prompt models with
respect to the shape and scene in each generated image, and measure the corresponding recall metrics
as described in Section 3.3. (See Appendix C for additional details regarding the experimental design,
prompts, and models used in this experiment.)

Models We consider the following VLMs for evaluation:GPT-4o[OpenAI, 2023],Gemini-Flash
[Gemini Team et al., 2023],LLaVA1.5/6-7/13b [Liu et al., 2024c],CogVLM[Wang et al., 2024],
BLIPv2-t5 [Li et al., 2023c],InstructBLIP-7/13b [Dai et al., 2024],Qwen-VL-Chat[Bai et al.,
2023], andMoE-StableLM/Qwen/Phi2[Lin et al., 2024].

Results Our main �ndings in this experiment (visualized in Figure 3) are as follows:

• For each of our datasets, shape recall is quite low, with most models ranging between
10-30% (in contrast to the previous dataset, Stylized-ImageNet [Geirhos et al., 2019], where
all fourteen models exceed 30%).

• For nearly all models and datasets, models exhibit superior scene recall relative to shape
recall. This indicates that the recognition capacity of current VLMs is still biased towards
scene/texture features, similar to earlier work studying CNN classi�ers (see Section 2).

• GPT-4oandGEMINIshow superior shape recall to all other models in 3/3 and 2/3 of our
datasets, respectively, demonstrating a shape-recognition gap between the best available
open- and closed-source VLMs.
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Figure 4:ICL Learning Tasks. Figure depicting the four ICL learning tasks,ICL 1; ICL 2; ICL 3
andICL 4, de�ned by constraints on demonstration example selection as introduced Section 5.

• Mixture of Experts (MoE) (likeMoE-StableLM, MoE-Qwen, andMoE-Phi2), which are
generally employed to improve models' performance, exhibit neither superior shape nor
scene recall with respect to individual models or closed-source models.

• Among all open source models,LLava attains the strongest shape recall performance
across all our datasets. In contrast,Blipv2 attains the highest scene recall (except for the
IllusionBench -LOGOsplit).

See Appendix C for more �ne-grained results and analysis.

5 Can In-Context Learners Learn to Identify Abstract Shapes?

Given zero-shot prompting exhibits poor performance at detecting abstract shapes and shows VLMs
mostly focus on background stimuli, a natural question is whether it is possible to teach models
to recognise known shapes with a few samples by leveraging their In-Context Learning (ICL) or
few-shot capabilities.5

Experimental Design We restrict our experiments to samples generated from conditioning images
x i that models can correctly classify in a zero-shot fashion (see Appendix D.2). Let us focus on the
predictive task� C (as analogous formulations of ICL apply for� S and� C;S ). Given that the model
can correctly assign the classci to the conditioning imagex i , we provide it with the context sequence
f (x i w ;j w ; ci w )gjW j

w=1 , whereW is the context window plus a test imagex i � ;j � , and prompt the model
to predict the object's shapeci � .

Using speci�c constraints on context sampling relative to a test sample, we de�ne four learning tasks
corresponding to perceptual challenges:

• ICL1 : Given the context lacks any image depicting the scene or shape type of the test sample
x i;j , can the model recognize its shapeci ?

• ICL2 : Given the context includes an image of the shape type but not the scene type of the
test samplex i;j , can the model recognize its shapeci ?

• ICL3 : Given the context includes an image of the scene type but not the shape type of the
test samplex i;j , can the model recognize its shapeci ?

• ICL4 : Given the context includes images of the scene type and shape type of the test sample
x i;j (separately and exactly once), can the model recognize the test sample's shapeci ?

Samples in the context are selected uniformly at random, excluding those that do not satisfy the
constraints for a given test sample. Random selection serves as a simple baseline for ICL example
selection, avoiding confounding factors like similarity bias or majority [Bertini Baldassini et al., 2024].
We perform0; 1; 2; 4; 8-shot onIllusionBench -LOGOandIllusionBench -IN, and1; 2; 4; 5-shot
on IllusionBench -ICON. Further details of ICL experiments can be found in Appendix D.2. We
additionally perform ablations to examine the sensitivity of our results to the prompt template used or
to the order in which in-context examples are given to the model. These additional results can be
found in Appendix D.9.

Models. We consider several state-of-the-art models that have been designed to support ICL: (1)
LLaVA-Next [Liu et al., 2024b], (2)Qwen-VL-Chat[Bai et al., 2023], (3)Otter-MPT [Li et al.,
2023a], (4)IDEFICS-9B-Instruct [Laurençon et al., 2024], and (5)MMICL-T5-XXL[Zhao et al.,
2023]. (We describe each models, the prompts they are provided, and a detailed motivation for
selecting these particular models in Appendix D.3.)

5See Appendix D.1 for a brief introduction to ICL.
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Figure 5:ICL Results. Few-shot (0,1,2 and 4-shot) shape and scene recall of VLMs averaged across
theIllusionBench -LOGO, IllusionBench -IN andIllusionBench -ICONdatasets, displayed for
the different ICL learning tasks and the different prediction tasks.

Results. We summarise the average results across all three dataset splits for0; 1; 2 and4-shot ICL
as show in Figure 5 following the recall metrics introduced in Section 3.3 (for results for individual
datasets and for5-shot and8-shot performance onIllusionBench -ICONandIllusionBench -IN/
IllusionBench -LOGOrespectively, see Appendix D.7.)6 We report here the main trends in the data.
Discussion of exceptions that do not follow the reported general trends can be found in Appendix D.6.

• ICL does not mitigate tendency to predict scene over shape.As shown in Figure 5, ICL
has minimal effect in altering the models' tendency to predict the scenesj , regardless of
whether the prediction task is� C (predict shape),� S (predict scene), or� C;S (predict both).

• On average,MMICL-t5-XXLexhibits the strongest scene and shape recall for the highest
number of shots(i.e., when majority voting biases decay; see [Bertini Baldassini et al.,
2024]).

• Increasing the number of shots has mixed effects on performance.We observe in Figure 5
that the models often exhibit non-monotonic performance trends for both shape and scene
recall across all prediction tasks and demonstration selection constraints. In general, this
indicates that the models struggle in general to adapt to tasks� C , � S , and� C;S , even with
increasing demonstration examples. These results are in line with previous �ndings that
complex ICL tasks remain challenging for current visual language models (VLMs) [Zong
et al., 2024].

• Context selection strategy effects prediction tasks differently.
– � C (shape prediction):As shown in the top row of Figure 5 for task� C (shape

prediction), including the shape in the context (ICL2 and ICL4) either maintains or
reduces performance for most models such asMMICLandIDEFICS. This suggests that
most models struggle to identify and disentangle shape from the scene through ICL.

– � S (scene prediction):The second row of Figure 5 shows the mixed effect of including
the scene within the context (ICL3 and ICL4) compared to not including it (ICL1
and ICL2). Models such asLLAVA, OTTERshow a reduction in scene recall and when
including the scene in the context.MMICLmaintains comparable performance, whereas
LLaVAandQWENshow improved performance.

– � C;S (predicting both shape and scene):The �nal row of Figure 5 typically shows
trends similar to� C and� S – e.g., scene recall and shape recall forMMICL(whose zero-
shot shape recall is lower on this task than in� C ), IDEFICS, andLLaVAare comparable
with respect to those in� C;S and� S (respectively).

6In Figure 5, we observe thatLLaVAshows often close to zero recall on either shape of scene prediction. We
explore a few possible reasons for these results in Appendix D.8.
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Overall, we observe that ICL does not substantially aid models in learning to detect abstract shapes
within scenes or to help reduce scene prediction bias. The non-uniformity of relative results between
models further highlights the immaturity of ICL for multi-modal models, particularly for complex
tasks like abstract shape recognition.

6 Can VLMs Learn Invariant Representations Across Domains?

A compelling application ofIllusionBench -IN lies in Domain Generalisation (DG) [Gulrajani and
Lopez-Paz, 2020]. A visual domain is a set of samples with shared characteristics that in�uence
the appearance of objects (e.g., shared style, such as cartoons, paintings, or photos; shared lighting
conditions, such as photos taken at similar times of day with similar weather conditions; etc.). In
DG, the goal is for models to learn domain-invariant representations – i.e., generalisable features that
are predictive of task labels across any domain – by training across multiple “source” domains and
testing how well models generalise to unseen test domains. (See Appendix E.1 for a more detailed
introduction to DG.)

Experimental Design. We consider all images generated using the same
scene prompt sj as coming from the same domainD j . As shown in Fig-
ure 6, we partition the IllusionBench -IN dataset split into train domains
sj 2 f Cloud, Forest, Ocean, Origami, Sand Dune g and test domainssj 2
f Bazaar Market, City, Medieval Village, Museum, Times Square, Underwater g.
(Conditioning imagesx i used to generate the training domains are not contained in the test domains.)
We then consider a contrastive language-vision encoder (CLIP [Radford et al., 2021]) and prompt
CLIP in order to identify the classci � of a test samplex i � among all possible shape classes7.
Throughout the experiment, we use “A photo of {class_name} ” as the prompt template. (See
Appendix E.2 for further experimental details.)

Figure 6: IllusionBench -IN for Domain Generalisation. We split the dataset into �ve source
domains for training and six target domains for testing. The condition images for generated data
samples are only shared among source and target domains, respectively, without overlapping.

Methods Considered. We compare various domain generalisation methods including ERM, MixUp
[Yan et al., 2020], RegMixUp [Pinto et al., 2022b], GroupDRO [Sagawa et al., 2019], and VREx
[Krueger et al., 2021], using both linear probing and full-parameter �netuning. Besides linear probing,
we also consider DPLCLIP [Zhang et al., 2023b], a prompt optimization approach speci�cally
designed for CLIP domain generalisation.

Results. We summarise our �ndings (reported in Figure 7) as follows:

• CLIP cannot recognise shapes well in a zero-shot setting.The CLIP model attains on
average extremely low performance in zero-shot settings, with the exception of theMuseum
domain. This can be attributed to the fact that certain samples within this domain do not
simply assembleci from visual cues of other objects, but incorporate it as a sculpture.

• CLIP embeddings only partially capture shape information.Applying prompt learning
for domain generalisation via DPLCLIP is not particularly effective with an average test
accuracy of 13.62%, and ERM results are more effective in improving over the zero-shot
performance with accuracy 22.36%, outperforming all other probing techniques. However,
the relatively low absolute values of accuracy indicate the embedding space does not render
the test samples linearly separable based on shape criteria.

7Since the zero-shot performance is particularly low, we do not confuse the model further asking it to
distinguish the shape from the background type. This also allows us to make the comparison with probing and
�ne-tuning techniques that deliberately aim at extracting shape more fairly.
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