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Abstract

Bistable images, also known as ambiguous
or reversible images, present visual stimuli
that can be seen in two distinct interpretations,
though not simultaneously, by the observer.
In this study, we conduct the most extensive
examination of vision-language models using
bistable images to date. We manually gathered
a dataset of 29 bistable images, along with their
associated labels, and subjected them to 121
different manipulations in brightness, tint, rota-
tion, and resolution. We evaluated twelve dif-
ferent models in both classification and genera-
tive tasks across six model architectures. Our
findings reveal that, with the exception of mod-
els from the Idefics family and LLaVA1.5-13b,
there is a pronounced preference for one inter-
pretation over another among the models, and
minimal variance under image manipulations,
with few exceptions on image rotations. Addi-
tionally, we compared the models’ preferences
with humans, noting that the models do not ex-
hibit the same continuity biases as humans and
often diverge from human initial interpretations.
We also investigated the influence of variations
in prompts and the use of synonymous labels,
discovering that these factors significantly af-
fect model interpretations more than image ma-
nipulations showing a higher influence of the
language priors on bistable image interpreta-
tions compared to image-text training data. All
code and data is open sourced !.

1 Introduction

Bistable images, also known as ambiguous or
reversible images, offer unique visual stim-
uli that present two distinct interpretations,
though a viewer cannot simultaneously perceive
both (Khalil, 2021). An example of this is de-
picted in Figure 1, which can be seen as either
a rabbit or a duck. The rapid advancements in

! https://github.com/artemisp/Bistable-Illusions-MLLMs.git
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User
"describe the image"

LLaVa
“The image
features a
black and
white
drawing of a
duck.”

InstructBLIP
"The image

IDEFICS
"An image of a
duckling."

mPLUG-OWL
"The image features a
black and white drawing of
a duck sitting on a rock.
The duck is positioned in
the center of the image,
with its head and neck
facing the viewer. The rock
is located to the left of the
duck, and the background
is a darker shade of gray."

features a
black and
white drawing
of a bird sitting
in a square,
with its beak
open."

BLIP-2
"of the duck"

Figure 1: Depiction of generative models’ descriptions
of a Duck-Rabbit image. Responses are drawn directly
from model outputs.

vision-language models (VLMs) (Ye et al., 2023;
Radford et al., 2021; Dai et al., 2023; Liu et al.,
2023b; Li et al., 2023a) have sparked interest in
testing these models against various types of vi-
sual challenges, including optical illusions. While
considerable research has been done on how these
models interpret geometric and color-varying opti-
cal illusions (Guan et al., 2023; Villa et al., 2019;
Zhang et al., 2023b; Afifi and Brown, 2019; Ben-
jamin et al., 2019; Sun and Dekel, 2021), explo-
ration into their performance with bistable images
remains sparse.

Motivated by this gap, this work aims to con-
duct a comprehensive investigation into how vision-
language models process and interpret bistable im-
ages. We assemble the largest dataset of bistable
images to date, apply a range of visual transforma-
tions, and examine the models’ interpretations and
their alignment with human perception.

In particular, we collect 29 bistable images from
diverse online sources and cognitive science lit-
erature. Each image is subjected to 121 transfor-
mations affecting brightness, tint, and resolution
resulting in a total of 3,509 processed images. We
assessed the behaviors of twelve vision-language
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models across six distinct model families in both
classification and generative settings. Our analy-
sis shows that, apart from a few exceptions, these
models generally demonstrate a preference for one
interpretation of bistable images over the other.
Notably, models from the Idefics family (Lau-
rencon et al., 2024) and LLaVA1.5-13b (Liu et al.,
2023b,a) exhibit more balanced preferences. Ad-
ditionally, while most model responses show lit-
tle variation to image manipulations, exceptions
include CLIP (Radford et al., 2021) and BLIP2
OPT6.7 (Li et al., 2023a), which are sensitive to
such changes.

To further understand the influence of training
data, we considered multiple models from the same
families, trained on identical datasets but using
different base language models (LLMs). This ap-
proach revealed that even when trained on the same
visual data, the models do not consistently align in
their preferences, suggesting that LLM priors play
a major role in ambiguous image interpretation.
This observation underscores that image-text inter-
action during training is not the sole determinant
of how vision-language models perceive ambigu-
ity, echoing earlier findings on the importance of
textual signal in VLMs (Jabri et al., 2016; Goyal
etal., 2017a; Agrawal et al., 2018).

Additionally, we explored how variations in
prompts and the use of synonymous labels affect
model interpretations. These textual modifications
significantly influenced the models’ interpretations,
reinforcing the importance of LLM priors on the
VLM processing of bistable images. This finding
contrasts with previous research on convolutional
neural networks (CNNs) focused on geometric op-
tical illusions (Villa et al., 2019; Gomez-Villa et al.,
2020; Afifi and Brown, 2019; Benjamin et al., 2019;
Sun and Dekel, 2021), which typically show bi-
ases consistent with human perception. The CNNs
studied did not utilize language model priors, high-
lighting a fundamental difference in how traditional
vision models and VLMs handle visual ambiguity.
Our contributions are as follows:

* We have curated the largest collection of
bistable images from various online sources
and cognitive studies, consisting of 29 unique
images. These images have been modified
through 121 transformations, creating a com-
prehensive set of 3.5k images for analysis.

* We analyze the behavior of twelve different
vision-language models across six architec-
tural types in both classification and gener-

ative tasks, providing a detailed account of

their performance on bistable images.
* We examine the influence of prompt varia-
tions and synonymous labeling on model in-
terpretations, finding that these textual modifi-
cations significantly impact how models per-
ceive bistable images.
Through direct comparison with human sub-
jects and reference to established cognitive
science studies, we assess the degree to which
model preferences align with humans. Inter-
estingly, we find that unlike previous work on
CNNs (Villa et al., 2019; Gomez-Villa et al.,
2020; Afifi and Brown, 2019; Benjamin et al.,
2019; Sun and Dekel, 2021), VLMs do not
exhibit human biases in bistable images inter-
pretations.

2 Background
2.1 Bistable Images

Bistable images, a unique class of cognitive illu-
sions, present two or more plausible perceptual
states, yet viewers cannot observe multiple percepts
simultaneously (Khalil, 2021). Instead, observers
typically "switch" between the percepts in a seem-
ingly random manner (Kornmeier and Bach, 2005).
This phenomenon prompts two primary questions
in Cognitive Science regarding bistable images:

1. What causes an individual to initially perceive
a particular percept?

2. What triggers the seemingly random switch-
ing between percepts?

The exploration of these questions incorpo-
rates both bottom-up and top-down considerations
(Wang et al., 2013). Bottom-up explanations focus
on how the brain processes visual stimuli, start-
ing from the simplest sensory inputs and moving
to more complex interpretations. This process in-
volves the detection of subtle visual cues and the
neural computation within the visual cortex that
ultimately determines the perceived image. Con-
versely, top-down explanations emphasize the role
of cognitive processes, such as expectations, which
heavily influence initial perceptions. For instance,
a person’s previous experiences, like frequently
viewing cubes from above, shape their initial inter-
pretation of a Necker Cube (Kuc et al., 2023).

Regarding the switching phenomenon, the domi-
nant bottom-up explanation involves neural mecha-
nisms like spike frequency adaptation or synaptic



depression, where the neural connections produc-
ing one percept become fatigued, allowing the alter-
native percept to emerge (Laing and Chow, 2002).
Other bottom-up theories propose that this switch-
ing is influenced by the brain’s inherent noise or
randomness (Moreno-Bote et al., 2007) or by un-
conscious, subtle cues within the images (Ward
and Scholl, 2015). On the other hand, top-down ex-
planations suggest that higher cognitive functions,
such as motivation and attention, can also induce
switching. Studies have shown that individuals
can exert some control over their perceptual focus,
which influences the switching between different
states (Hugrass and Crewther, 2012; Slotnick and
Yantis, 2005).

2.2 Vision-Language Models (VLMs)

VLMs integrate visual information as input and
generate text as output. VLMs are categorized
into contrastive and generative types. Contrastive
VLM, such as the prototypical model CLIP (Rad-
ford et al., 2021), are trained to match visual repre-
sentations with corresponding textual descriptions
by distinguishing between different data points.
These models create a latent embedding space
where similar text and images are drawn closer
together, while dissimilar ones are pushed apart.
Generative VLMs extend this by incorporating a
vision-to-language connection module that projects
visual information into the LLM space. This mod-
ule can either prepend to the input layer of the LLM
or condition deeper layers through cross-attention.
The integration allows for flexible and dynamic text
generation based on visual inputs. For our experi-
ments, we employed models from various families,
including CLIP, Idefics (Laurengon et al., 2024),
LLaVAL1.5 (Liu et al., 2023b,a), mPLUG-OwlI (Ye
et al., 2023), InstructBLIP (Dai et al., 2023), and
BLIP-2 (Li et al., 2023a). Detailed information on
the model architectures and the datasets used for
training these models is presented in the appendix,
in Tables 1 and 2.

2.3 VLMs and Cognitive Illusions

While prior studies have investigated how Convo-
lutional Neural Networks (CNNs) process optical
illusions, showing that they often mimic human
perceptual errors (Gomez-Villa et al., 2020; Villa
etal., 2019; Afifi and Brown, 2019; Benjamin et al.,
2019; Sun and Dekel, 2021), the interaction of
VLMs with cognitive illusions, especially bistable
images, remains underexplored. In contemporary
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work, Luo et al. (2024) introduce a benchmark de-
signed to evaluate the performance of VLMs on
ambiguous, context-dependent visual inputs. Their
findings reveal that VLLMs significantly underper-
form compared to humans in these scenarios. More
closely related to this work, Zhang et al. (2023b)
evaluated VLMs on optical illusions by solicit-
ing binary Yes/No responses and found that larger
VLMs tend to be more susceptible to such illusions.
However, their study was limited to 16 root images
with 100 manually edited variations, focusing pri-
marily on color, shape, and geometric illusions and
did not include bistable images. Furthermore, they
experimented with only three families of models,
whereas our study encompasses six. Limited re-
sources restricted our ability to test some of the
larger models that Zhang et al. (2023b) included.
Hallusion-bench (Guan et al., 2023) integrates a
subset of these optical illusion images, predomi-
nantly sourced from Zhang et al. (2023b), but lacks
bistable examples.

3 Methodology

3.1 Data Collection

Our dataset comprises 29 bistable images catego-
rized into seven distinct types, sourced from both
online platforms, such as Wikipedia, and academic
studies (Schooler, 2015; Trautmann, 2021; Wilson,
2012; Pastukhov et al., 2019; Fields et al., 2013;
Di Blasi, 2014). Notably, we source all images
from the Takashima et al. (2012) research on face
perception illusions to compare VLMs to the re-
sults of the human study. Among these, twelve
images are organized into four classic categories
of bistable illusions: the Rubin Vase, Necker Cube,
Duck-Rabbit, and Young-Old Woman. Each cate-
gory includes several iconic versions of the respec-
tive illusion type.

To explore the influence of visual modifications
on perception, we created 121 variations for each
image through a series of controlled manipulations.
These manipulations include adjustments to image
resolution, rotation, brightness—both increases and
decreases—and the application of color tints. The
specific colors used for the tints, along with their
RGB values, are as follows: red, , blue,

, magenta, and cyan. The intensity of each tint
was varied by 0.1 from 0 (no change) to 1.0 (max-
imum change), and the brightness was adjusted
within a range from -1 (darker) to 1 (brighter). We
also applied image rotations from 0 to 360 degrees



A photo of
a vase | two faces
VLM
Neg. Log Loss -7.8 -4.5
SoftMax 0.05 0.95

Figure 2: Classification Setup for Generative Models:
Each candidate label and corresponding image is for-
warded to the model. The prediction is set to be the one
with lower loss (higher negative log loss).

every 10 degrees. Finally, we scale the resolution
of the images from 0.5 to 1.0 in increments of .1.

3.2 Experimental Setup

We utilized six VLM families, encompassing a to-
tal of twelve different models, to evaluate bistable
image description. We employed all six VLMs for
classification tasks and five for generation tasks
(excluding CLIP). The models used and their corre-
sponding implementations on Huggingface Trans-
formers are listed in the footnotes: CLIP (Rad-
ford et al., 2021)2, Idefics 9b (Laurencon et al.,
2024)3, LLaVAL.5 (Liu et al., 2023b,a)*, mPLUG-
Owl (Ye et al., 2023)°, InstructBLIP (Dai et al.,
2023)°, and BLIP-2 (Li et al., 2023a)’. Each model
was queried with the default generation parameters
and the prompt suggested by their respective model
page on Huggingface. All experiments were con-
ducted on a single A100 40GB GPU.

Although all VLMs used, except for CLIP, are
generative models, we adapted their outputs to
simulate classification. Specifically, we utilized
a loss ranking technique (Wei et al., 2022; Li et al.,
2021, 2023a; Dai et al., 2023) for classification. As
depicted in Figure 2, this technique employs the
score to determine the negative log likelihood of
each candidate label. In the classification setup,

2openai/clip—vit—base-patch32, openai/clip-vit-base-patch16
laion/CLIP-ViT-B-32-1laion2B-s34B-b79K

3HuggingFaceM4/idefics—9b,HuggingFaceM4/idefics—9b—instruct
1lava-hf/1lava-1.5-7b-hf, 11lava-hf/1lava-1.5-13b-hf
5MAGAer13/mp1ug—ow1—llama—7b
6Salesforce/instructblip—Flan—tS—xl

7Salesf0rce/blip2—opt—247b, Salesforce/blip2-opt-6.7b
Salesforce/blip2-flan-t5-x1
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we prompted each VLM with each image along
with a pair of strings corresponding to its potential
interpretations?.

In the generative setup, we prompted the models
with the format suggested in the HuggingFace doc-
umentation for captioning. In addition to model-
specific setups, all models were presented with

each image and asked to “describe the image.”

4 Results
4.1 VLMs on Original Images

The models displayed clear preferences between in-
terpretations for the original bistable images. Very
rarely were models indifferent between interpreta-
tions. The averages between models for our four
image categories are shown in Figure 3. We see a
strong preference for the ‘two faces’ interpretation
in the Rubin Vase group moderate preferences for
‘a cube seen from above’ and ‘duck’ interpretations
in Necker Cube and Duck-Rabbit groups. Less
classical illusions such at the ‘Grimace-Begger,
‘Idaho-face’, and ‘Lion-Gorilla-Tree® also show
strong inclinations towards one interpretation. The
images with the highest variation across models
where the ‘Woman-Trumpeter’, ‘Schroeder Stairs’,
and ‘Raven-Bear’ with CLIP variants showing al-
most consistently opposite preferences to the LLM
based generative models.

While the six models generally showed align-
ment in their interpretation preferences, there was
significant variance observed. Figure 4 shows a
heat map of model preference correlation coeffi-
cients. For more details, refer to Figure 9 in the
Appendix which displays the probability distribu-
tions for each image category across individual
models, revealing some noteworthy model-specific
trends. Firstly, all CLIP variants exhibited the exact
same probability distributions, with high variance
across images within the same category, suggesting
a heightened sensitivity to bistability. Secondly,
the variants of Idefics 9b and LLaVA 13b demon-
strated minimal variance among images of the same
category and exhibited relatively moderate prefer-
ences, indicating a lower sensitivity to bistability.
Moreover, BLIP2-FlanT5, InstructBLIP FlanTS5,
and mPLUG-Owl showed opposite preferences to
CLIP, despite it being used to encode images for
these models. This is likely due to the underlying
LLM, highlighting the importance of language pri-
ors in VLM predictions. Interestingly, all models

8Image interpretations are found in Appendix C
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Figure 3: Between-model averages of probability of the
favored interpretation for each image category.

showed a preference for the two animals over the
tree in the ‘Lion-Gorilla-Tree’ illusion, despite the
frequent appearance of all these objects in their
training sets. Additionally, there was a consistent
preference for the face over the full-body abstract
silhouette in the ‘Grimace-Begger’ illusion across
all models, except those based on the Flan T5x] ar-
chitecture. This further accentuates the significant
impact of the underlying LLM on image interpreta-
tion in VLMs. Notably, although BLIP2 OPT was
trained on the same image-text data as the Flan T5
variants, it exhibited almost opposite preferences
in some image categories.

4.2 VLMs on Image Manipulations

We observed minimal effects from image manipula-
tions on interpretation probabilities. When adjust-
ing brightness levels, resolution, color tints, and
tint intensities, the probabilities for each model
remained largely unchanged. Figures 5a and 5b
illustrate the minimal impact of these manipula-
tions on model interpretations. This suggests that
VLMs tend to overlook minor, low-level perturba-
tions in favor of holistic image processing. More-
over, this finding highlights a significant divergence
between VLM processing and human perception
of bistable images, which often relies on bottom-
up cues according to certain theories (Ward and
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Figure 4: Correlation Among Model Preferences in
Original Images

Scholl, 2015). Notably, the models did not shift in-
terpretations based on subtle cues of brightness and
color. The primary exception was the CLIP vari-
ants, which demonstrated sensitivity to variations
in brightness and tint, particularly in the ‘Young-
Old Woman, ‘Cat-Dog,’” ‘Grimace-Begger,” and
‘Woman-Trumpeter’ illusions. We hypothesize that
contrastive learning across aggregation of patches
in these models enhance their sensitivity to global
changes in the image, as each layer encompasses a
more substantial portion of the visual input, mak-
ing any variations more influential to the model’s
output. This sensitivity was also observed, though
to a lesser extent, in BLIP2-OPT6.7, especially
regarding brightness changes in the ‘Rubin-Vase’
and ‘Woman-Trumpeter’ illusions. These varia-
tions were less pronounced in BLIP2-OPT2.7, par-
ticularly for the ‘Duck-Rabbit’ illusion, and were
absent in the corresponding FlanT5-xI variant, un-
derscoring the impact of the underlying LLM’s
priors on generative vision-language models. In-
terestingly, when transformations were applied at
maximum scale, resulting in a monochrome im-
age, most models exhibited similar preferences,
reinforcing the role of language priors in their pro-
cessing.

Figure 5c shows the variation of interpretations
across rotated versions of the images. We find that
this manipulation causes significantly higher vari-
ation to the color-based manipulations. The varia-
tions typically follow the same pattern across mod-
els for some bistable images, such as ‘Rubin-Vase’
and ‘Duck-Rabbit’. Notably, contrastive based
CLIP-variants once again exhibit the most vari-
ation despite being trained with ‘minor rotations’
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Figure 5: Bistable image interpretation under brightness (a), tint (b), rotation (c), resolution (d), and prompt (e)
manipulations.
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data augmentations. From the generative models
mPLUG-Owl seems to exhibit the highest sensi-
tivity to rotation despite also employing rotation
augmentation in training. We also observe that the
larger LLM variants of LLaVA1.5 and BLIP2-OPT
exhibit less variation compared to their smaller
counterparts, likely due to the stronger language
prior.

1T HE'SR

pattern 3

pattern 1 pattern 4

pattem 5 pattem 6

Figure 6: Variations of Rubin Vase images presented to
participants in Takashima et al. (2012).

paitern 2

Figure 7: Comparison of between-subject average (top)
and between-model average (bottom) probabilities of in-
terpreting each image pattern as two faces in Takashima
et al. (2012) and our research, respectively.

4.3 Synonymous Interpretations

To investigate the influence of synonymous inter-
pretation labels on bistable image perception in
VLMs, we substituted the original labels with syn-
onyms. Figure 3b displays the effects of these
changes on model preferences. The impact is gen-
erally mild, but a notable exception occurs with
the *Grimace-Begger’ image, where the preference
shifts dramatically. In this case, models show a
clear preference for interpreting the image as a face
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rather than a beggar. This shift is likely attributable
to the relative unfamiliarity of the synonym ‘pan-
handler’ compared to the more commonly recog-
nized term ‘face,” making the facial interpretation
more likely for the models due to term frequency.

4.4 Prompt Variation

To investigate the effect of prompt variation on
VLM bistable image interpretations we examine 7
different prompts. Figure 3¢ shows little variation
on average, however, the individual decomposition
of the results in figure 5e shows significant varia-
tions within models, especially for CLIP-B/32 and
CLIP-B/32-Laion. In fact, while these two models
are trained on distinct data of different sizes (400M
vs 2B) they exhibit identical behavior across ma-
nipulations, indicating the improtance of the archi-
tecture in bistable image interpretation. The BLIP
family models show higher variation in prompt ma-
nipulations compared to LLaVA and Idefics vari-
ants. This is likely due to the conditioning of the
visual feature extraction module to the instruction
prompt.

4.5 Human Interpretations

To compare human initial interpretations with
model preferences, we conducted a human eval-
uation using all original bistable images from
our dataset, except for those from Takashima’s
study (Takashima et al., 2012). We presented these
images to three human annotators, asking them to
identify "which interpretation they saw first?" They
were also given the option to select an alternative
interpretation. Figure 3d displays the average re-
sults for each interpretation, calculated based on
the frequency each interpretation was selected by
the annotators across all annotations for that image.

The results reveal a limited correspondence be-
tween human and VLM interpretations, contrast-
ing with findings for geometric illusions (Afifi and
Brown, 2019; Villa et al., 2019; Gomez-Villa et al.,
2020). This discrepancy suggests that the training
datasets for VLMs do not trigger the same cogni-
tive biases as those encoded in humans through ev-
eryday environmental interactions and conceptual
influences. It is important to note that all annota-
tors are students at an American institution, which
might influence the results; interpretations could
vary significantly based on different socio-cultural
experiences and the priors encoded through them.
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Figure 8: Depiction of generative models’ descriptions for various bistable images. Orange and darker blue colors
indicate selection of one interpretation, Green of both, and light blue of neither.

4.6 Replicating Takashima et al. (2012)

We sought to evaluate VLM-human alignment on
bistable image processing by comparing our results
to a human study. Takashima et al. (2012) pre-
sented eight versions of the Rubin Vase illusion
n=70 participants. The images are shown in Fig-
ure 6 and the human results are shown in Figure 7
(top). They highlight two primary findings: human
subjects favored the two faces interpretation for
patterns where the profiles’ homogeneity is broken
(patterns 3 and 4) and favored ‘vase’ interpreta-
tion for patterns where the faces form a continuous
background by Gestalt principles (Koffka, 1922)
(patterns 6 and 8).

VLMs did not replicate these results, as per the
bottom plot in Figure 7. While the models exhib-
ited a strong preference for the ‘two faces’ inter-
pretation on patterns 3 and 4, the same preference
is exhibited in patterns 1 and 2 (where profiles are
homogeneous). Furthermore, the models did not
exhibit any preference for the ‘vase’ interpretation
in patterns 6 and 8. Even when examined individu-
ally in Figure 6 no model exhibited similar patterns
to humans. Similar to earlier results, LLaVA and
Idefics variants showed high consistency across the

15

images in their tamed preferences. The CLIP vari-
ants showed identical patterns despite the varying
patch size, unlike in the more global interventions
of tint and brightness. Finally, BLIP-2 variants
trained on the same image-text data with different
LLMs show starkly different preferences, reinforc-
ing the importance of language priors.

4.7 Generative Results

In the generative setup, we performed a qualita-
tive analysis of the results. We found that several
interpretation preferences discovered in the classi-
fication setup were amplified in generation. Across
models, the heavily favored interpretations were
faces and ducks for Rubin Vase and Duck-Rabbit
images. Figure 1 shows the output of each gen-
erative model when prompted to describe a Duck-
Rabbit image. Each model employs its own ex-
planatory style, but all favor the duck interpreta-
tion. Few models commented on the age of the
individual in Young-Old Woman images, but the
majority of those comments described the woman
as a “girl" or “young woman." An overview of the
responses of the models on a subset of the images
is delineated in figure 8 and all examples are listed
in the Appendix Section D. We observe that most



models only comment on a single interpretation, if
at all, with some notable exceptions highlighted in
green. In few cases, models “hallucinate” descrip-
tions, such as InstructBLIP’s interpretation of “two
giraffes” for the Lion-Gorilla-Tree illusion. Nev-
ertheless, human inspection of the outputs showed
that this was a rare occurrence. We find that for
the lion-gorilla-tree image, models are able to iden-
tify at least one of the animals, and the tree almost
consistently. We hypothesize that this is because
of the detail expressed in both interpretations of
the image, making it easier even for humans to
consciously identify both interpretations simultane-
ously, even if they are unable to visually perceive
both at the same time. Indeed, in the human study,
the ‘Lion-Gorilla-Tree’ image received the most
balanced responses across the annotators.

5 Discussion and Limitations

This original analysis of VLM behavior on bistable
images has yielded some interesting preliminary
results. Similar to humans, VLMs have preferred
initial interpretations for most classical bistable
images. Five out of six models showed a prefer-
ence for "two faces’ in Rubin Vase images, ’a cube
seen from above’ in Necker Cube images, and "a
duck’ in Duck-Rabbit images. Young-Old Woman
images is the only category for which models’ pref-
erences were more neutral and mixed.

We have seen minimal alignment between VLMs
and humans when replicating Takashima et al.
(2012) and conducting human annotations on the
rest of the images. This analysis highlights that
VLM:s are not sensitive to the same variations that
heavily impact human preferences. Models vary
greatly in their sensitivity to bistablility. CLIP
emerged as a model with strong, variable prefer-
ences, while LLaVa is more neutral. CLIP’s vari-
ability could be attributed to the contrastive pre-
training, that might sensitize the model to smaller
differences. Moreover, the synthetic nature of
bistable images renders them out of domain from
most pretraining data, especially for VLMs that are
predominantly trained on realistic images.

Nevertheless, making comparisons between hu-
man and machine perception of bistable images is
difficult beyond the initial biases. Human percep-
tion of bistable images exhibits the phenomenon
of switching interpretations through extended fo-
cus on the image. Replicating the phenomenon
of switching is difficult because VLMs take static
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images at a single point in time. We loosely ap-
proximated the movement of time by testing the
models on dozens of subtle variations of each im-
age, as discussed above. Under the theories that
subtle bottom-up cues precipitate switching in hu-
man processing, VLMs do not replicate this phe-
nomenon. We saw that all models’ preferences
remained steady with variations in brightness, res-
olution, color, and color tint intensity. Neverthe-
less, this was in contrast to linguistic variations,
highlighting the importance of language priors in
generative VLMs.

More research is needed to further our under-
standing of VLM bistable image interpretation. Us-
ing VLMs that process videos could be a tractable
way of mimicking the passage of time. Further-
more, additional interventions through design ma-
nipulations either through the employment of text-
to-image models or human artists could reveal addi-
tional insight on VLM behavior for bistable image
inputs.

6 Conclusion

In this study we explore the behavior of VLMs on
bistable images. We construct the largest bistable
image dataset and evaluate 12 different models
across six model families under various pertur-
bations: pixel-color based perturbations, resolu-
tion, rotations, interpretation label synonyms, and
prompt variations. We find that prompts have
the highest impact on model preferences whereas,
pixel-color perturbations have minimal effects. We
further conduct human study comparisons, and find
that VLMs do not exhibit the same initial biases on
bistable images as human subjects.
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A Model Details

We summarize the architectural differences for the
models used in our study in Table 1 and list the
various datasets they were trained on both for pre-
training and instruction tuning (where applicable)
in Table 2.

B Additional Results

B.1 Individual Results: Original Images

Figure 9 we list the individual model results for the
original labels.

B.2 Individual Results: Synonymous
Interpretations

Figure 10 we list the individual model results for
the synononymous labels. We find that there is non-
trivial variation that is attributed to the likelihood
of the terms used as the labels.

B.3 Individual Results: Takashima et al.
(2012)

Figure 11 lists the individual results for each model
on the Takashima et al. (2012) image study.
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B.4 Tint Variation Individual Plots

Figures 12, 13, 14, 15, 16, 17 show the individual
variations of each model for each image category
based on tint variations. We find limited effect in
preferences with highest variability observed by
the CLIP variants. Interestingly, most models seem
to show same preferences when full tint is applied,
indicating a monochrome image - hence the lin-
guistic priors play a large role in model behavior
as indicated by the synonym and prompt variation
experiments.

C Bistable Image Collection

We present examples of original images in our
dataset, without any visual manipulations in fig-
ures 18, 19, 20, 21.

D Generative Examples

We present examples of generations from the mod-
els prompted with "describe the image" in figures
22,23, 24, 25, 26 with the exception of few ques-
tion based prompts: “What is the orientation of the
staircase/cube?" for the Shroeder stairs and Necker
Cube illusions, and “What is the dancer’s spinning
direction?" for ‘Spinning Dancer’.



Model #Train LLM Res. ViT LLM V-L Type V-L Size #Tokens Deep V-L Frozen  Frozen
Param. Size LLM ViT
Idefics 9b (Laurengon et al., 2024) 9b LLaMA(Touvron et al., 2023) 224 OpenCLIP-H’ 7o Perceiver (Jacgle et al., 2021) 194M 64 v v v
Idefics 9b Instruct 9b LIaMA 224 OpenCLIP 7o erceiver 194M 64 v v v
LLaVA-1.5 7b (Liu et al., 2023b,a) 20M Vicunal 5-7B (Chiang et al., 2023) 336 CLIP ViT-L (Radford et al., 2021) 7o Linear 20M 577 X X s
LLaVA-1.5 13b 20M Vicunal 5-13B 336 CLIP ViT-L 13b Linear 20M 577 X X v
BLIP-2 OPT2.7b (Li et al., 2023a) 188M OPT2.7b (Zhang et al., 2022) 224 EVA-CLIP-g 27b Q-Former 188M 32 X v v
BLIP-2 OPT6.7b 188M OPT6.7b 224 EVA-CLIP-g 6.7b Q-Former 188M 32 X v v
BLIP-2 FlanT5x] 188M FlanT5x1 224 EVA-CLIP-g 3b Q-Former 188M 32 X v v
InstructBLIP FlanT5xl (Dai et al., 2023) 188M FlanT5x1 (Chung et al., 2024) 224 EVA-CLIP-g(Sun et al., 2023) 3b Q-Former (Li et al., 2023b) 188M 32 X s v
mPLUG-OWI (Ye et al., 2023) 500M LLaMA 224 CLIP ViT-L 7o Visual Abstractor (Ye et al., 2023) 64 X X X

Table 1: Overview of Generative VLMs architectures examined on their perception of bistable images.

Model Pretraining Data Instruction Tuning Data
CLIP 400M image-caption data (undisclosed) N/A
Idefics 9b OBELICS (Laurencon et al., 2024), WikipcdialU‘Conceplual Captions(Sharma et al., 2018), N/A
Conceptual Captions 12M (Changpinyo et al., 2021), WIT (Srinivasan et al., 2021), Localized
Narratives (Pont-Tuset et al., 2020), RedCaps (Desai et al., 2021), COCO (Chen et al., 2015), SBU
Captions (Ordonez et al., 2011), Visual Genome (Krishna et al., 2017), YFCC100M (Thomee
etal., 2016)
Idefics 9b Instruct OBELICS (Laurencon et al., 2024), Wikipedia1 1 ,CC3M(Sharma et al., 2018), CC12M (Chang- M3IT (Li et al., 2023c), LRV-Instruction (), LLaVA150k (Liu et al., 2023b),LLaVAR-
pinyo et al., 2021), WIT (Srinivasan et al., 2021), Localized Narratives (Pont-Tuset et al., 2020), Instruct (Zhang et al., 2023a),SVIT (Zhao et al., 2023), UltraChat (Ding et al., 2023)
RedCaps (Desai et al., 2021), COCO (Chen et al., 2015), SBU (Ordonez et al., 2011), Visual
Genome (Krishna et al., 2017), YFCC100M (Thomee et al., 2016)
LLaVA-1.5 LLaVA (Liu et al., 2023a) [subsets of LAION-400M (Schuhmann et al., 2021), CC3M (Sharma VQAV2 (Goyal et al., 2017b), GQA (Hudson and Manning, 2019),0KVQA (Marino et al., 2019),
etal,, 2018), SBU (Ordonez et al., 2011)] A-OKVQA (Schwenk et al., 2022),0CRVQA (Mishra et al., 2019), TextCaps (Sidorov et al.,
2020), LLaVA150k (Liu et al., 2023b), ShareGPT 12
BLIP-2 COCO (Chen et al., 2015), CC3M (Sharma et al., 2018), CC12M (Changpinyo et al., 2021), N/A
LAION400M (Schuhmann et al., 2021), Visual Genome (Krishna et al., 2017)
InstructBLIP COCO (Chen et al., 2015), CC3M (Sharma et al., 2018), CC12M (Changpinyo et al., 2021), COCO (Chen et al., 2015), Web CapFilt (Li et al., 2023a), TextCaps (Sidorov et al., 2020),
LAION400M (Schuhmann et al., 2021), Visual Genome (Krishna et al., 2017) VQAV2 (Goyal et al., 2017b), OKVQA (Marino et al., 2019), A-OKVQA (Schwenk et al., 2022),
LLaVA150k (Liu et al., 2023b), OCRVQA (Mishra et al., 2019)
mPLUG-Owl LAION-400M (Schuhmann et al., 2021), COYO (Carlini et al., 2023), COCO (Chen et al., 2015), VQAV2 (Goyal et al., 2017b), OKVQA (Marino et al., 2019), OCR-VQA (Mishra et al., 2019),

Laion-en (Schuhmann et al., 2022), DataComp (Gadre et al., 2024)

GQA (Hudson and Manning, 2019), A-OKVQA (Schwenk et al., 2022), RefCOCO (Yu et al.,
2016), Visual Genome (Krishna et al., 2017), LLaVA150K (Liu et al., 2023b), ShareGPT,
SlimOrca (Lian et al., 2023)

Table 2: Overview of Pretraining and Instruction Tuning

Datasets (adapted from Wang et al. (2024))
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Rubin Vase

Necker Cube

Figure 14: Magenta Tint Variation
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Figure 15: Yellow Tint Variation
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Figure 16: Blue Tint Variation
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Figure 17: Green Tint Variation

1

Figure 18: Rubin Vase illusions (interpretations: ["vase", "two faces"]) and Necker Cube illusions (interpretations:
["a cube seen from below", "a cube seen from above"]).
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Welde Thieve gleigen ein:
ander am meiften?

Ranindjen und Ente.

Figure 19: Duck-Rabbit illusion (interpretations: ["duck”, "rabbit"]) and Young-Old Woman illusion (interpretations:

"non

["young woman", "old woman"]).

7

7 @

Figure 20: Shroeder Stairs illusion (interpretations: ["upright stairs", "sideways stairs"]), Lion-Gorilla-Tree illusion

non

(interpretations: ["lion and gorilla", "tree"]) and Grimace-Begger illusion (interpretations: ["grimace", "beggar"]).

-

¢ %

Figure 21: Various illusions from left to right: Woman-Trumpeter (interpretations: ["woman’s face", "saxophonist"],
Idaho-Face (interpretations: ["the state of Idaho", "face"]), Spinning Dancer (interpretations: ["dancer spinning
clockwise", "dancer spinning counter-clockwise"]), and Raven-Bear (interpretations: ["bird", "bear"]).
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Welde THhiere gleiden ein-
ander am meifien?

RKanindjen und Cnte.

N
Idefics-9b
An image of a duck.
7

N
Idefics-9b
An image of a duckling.
v

N
Idefics-9b
An image of a rabbit.
v

r

Y4

( Idefics-9b | N )
CLIEEE 5| R Idefics-9b Instruct

Glrsling et bl uilic e g el A drawing of a duck's head and neck
and beak) \ y

Idefics-9b Instruct )
The image is a drawing of a rabbit with
a bird's beak. )

LLaVA1.57b )
The image features a black and white
picture of a bird's head )

LLaVA1.57b |
The image features a black and white
drawing of a duck)

LLavA1.57b |
The image features a black and white
drawing of a duck )

LLaVA1.513b )
The image features a black and white
picture of a bird's head )

LLaVA 1.513b |
The image features a black and white
drawing of a baby duck. )

LLaVA1.513b |
The image features a black and white
drawing of a bird )

mPLUG-Owl | [ mPLUG-OwL ) mPLUG-Owl )
The image features a black and white The image is a black and white The image features a black and white
drawing of a duck with a long neck drawing of a duckling sitting on a drawing of a bird's head, specifically a
and abeak ) \_ black background. ) \_ goose's head, with a beak. j

InstructBLIP Flan T5xl |
The image features a black-and-white
drawing of a duck with its head open. )

InstructBLIP Flan T5xl | InstructBLIP Flan T5xl |
The image features a black-and-white a black and white drawing of a bird
L drawing of a duck with its head open. ) L sitting in a square, with its beak open. )

.
3\ { 3 ( 3
BLIP2 OPT2.7b BLIP2 OPT2.7b BLIP2 OPT2.7b
. " 7 . - 7 - - v
{ 3 { 3 ( 3\
BLIP2 OPT6.7b BLIP2 OPT6.7b BLIP2 OPT6.7b
- aduck aduck
. v . 7 - 7
e N\ N '
BLIP2 Flan T5xl BLIP2 Flan T5xl BLIP2 Flan T5xl
a duck with a hat a bird a duck head
. J U J . J

Figure 22: Duck-Rabbit generative examples
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N\ 4 3\ { H ! \
JelE o5 Idefics-9b The image is a hot;d;ﬂ(;\so?:
a woman with her head down. An image of awoman in a hat. g P g' P .
\ J \ J \ woman with a veil. J
s
( Idefics-9b Instruct ) ( Idefics-9b Instruct ) Idefics-9b Instruct )
The image shows a silhouette of a A drawing of a woman with long hair The image is a portrait of a young girl
L woman with long hair. y L and a hat) L wearing a bonnet. y
( LLavA1.57b | [ LLavA157b | [ LLaVA1.57b |
The image is a black and white The image features a woman wearing The image features a woman wearing
L drawing of a person's face ) L a black hat and a black coat ) L a bonnet and a white dress )
-
LLavA1.513b | [ LlavA1.513b | [ LLaVA 1.513b |
The image is a black and white The image is a black and white The image is a black and white
L drawing of a woman’s head) L drawing ofawomanJ L photograph ofawoman)
( mPLUG-Owl | [~ mPLUG-Owl ) [~ mPLUG-Owl )
The image features a black and white The image features a black and white The image features a young girl with
drawing of a woman with a hat on her drawing of a woman wearing a hat and long, dark hair wearing a white dress
\_ head. ) \_ along black dress. ) \_ and a white bonnet. )
( InstructBLIP FlanT5xl | [ InstructBLIP FlanTsxt | [ InstructBLIP Flan T5xl |
The image features a black and white a black and white drawing of a a black and white drawing of a girl
L drawing of a woman with a hat.) L woman wearing a fur coat and hat) L wearing a hat.)
{ 3\ { 3 ( 3
BLIP2 OPT2.7b BLIP2 OPT2.7b BLIP2 OPT2.7b
awoman in a hat the woman in the hat the girlin the hat
\ v \ 7 - 7
f BLIP20PT6.7b | [ BLIP20OPT6.7b | [ BLIP2 OPT6.7b |
a woman with a hat on her head - =
. v . v - 7
e N\ A '
BLIP2 Flan T5xl BLIP2 Flan T5xl BLIP2 Flan T5xl
awoman with a hat awoman in a fur coat a girl with a hat
\ J U y, \ y,

Figure 23: Young Old woman generative examples
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H - 3\ 3\ { 3\
: Idefics-9b Idefics-9b Idefics-9b
An image of a person lookingin a . \ . .
> An image of a man's face. a wrought-iron lattice tower
. mirror. J . J \ J
e N\ e ™
Idefics-9b Instruct Idefics-9b Instruct Idefics-9b Instruct
The silhouette of a man and a a silhouette of a man's head and Two faces, one male and one female,
L woman's heads together. J L shoulders J L are shown on the left side. J
s N\ s A
LLaVA 1.5 7b LLaVA 1.57b ) LLaVA 1.57b
The image features a black and white The image features a black and white The image features a black and white
L silhouette of a person ) LU drawing of a person's face ) L drawing of a person's face )
s s A
LLavA1.513b | [ LLaVA1.513b | LLaVA 1.513b
The image features a black and white The image is a black and white The image features a black and white
L photo of two men's faces ) L drawing of a person's head ) L design of two faces, )
( 5 N\ ( (
. mPLUG-Ow! mPLUG-OwL mPLUG-Owl
The image features a black and white . . . .
. . The image features a black and white The image features a black and white
silhouette of two people facing each . \ X ,
drawing of a man's face, silhouette of two people's faces.
\_ other. ) \_ \_
s N\ e
InstructBLIP Flan T5xl InstructBLIP Flan T5xl ) InstructBLIP Flan T5xl )
The image features a silhouette of two The image features a silhouette of a two silhouettes of heads facing each
L men facing each other ) | Person's head in the shape of a vase. ) L other on a black background )
f BLIP20PT2.7b | [ BLIP20PT2.7b | | BLIP2 OPT2.7b |
L two people in silhouette | L = L two people silhouettes |
f BLIP20OPT6.7b | [ BLIP20OPT6.7b | [ BLIP2 OPT6.7b |
L two people facing each other | L - L two people silhouettes
e N\ A (
BLIP2 Flan T5xl BLIP2 Flan T5xl BLIP2 Flan T5xl
two heads facing each other a silhouette of a person -
\ J \ y, \ J
Figure 24: Vase-Faces woman generative examples



4 ) r A r )
Idefics-9b Idefics-9b Idefics-9b
Itis a right-handed cube Itis a right-handed cube Itis a cube
. J L J \_ J
A
( Idefics-9b Instruct ( Idefics-9b Instruct\ ( Idefics-9b Instruct\
The cube is oriented in the shape of a The cube is oriented in the top-right The cube is oriented with its top face
L square. ) L corner of the image ) L visible.
N
( LLavA1.57b | [ LLavA1.57b | [ e orientation of th ""ab‘”‘. 1> Z'; )
The orientation of the cube is such The orientation of the cube is such e ; ?snfzrc]::iglir;)\?vardz CvL\J/itE L?\Z:op
L that it is facing upwards. J L that it is facing the viewer. ) L e oretief
N N
( LLaVA1.513b | [ LLaVA 1.5 13b ( LLaVA1.513b |
The cube is oriented in a way that it is The cube is oriented in a way that it is The cube in the image is oriented in a
L facing upwards J L facing upwards L way that it appears to be a square. J
( N\ N\ )
mPLUG-Owl mPLUG-Owl mPLUG-Owl
The ocube is oriented as a square.. The orientation of the cube is square.. The cube is oriented horizontally.
\ J U /L J
4 B e )\ e N\
InstructBLIP Flan T5xl InstructBLIP Flan T5xl InstructBLIP Flan T5xl
right right side up The cube is oriented vertically
. /L J . J
f BLIP20PT2.7b | [ BLIP20PT2.7b | [ BLIP2 OPT2.7b |
1 BLIP20PT6.7b | [ BLIP20PT6.7b | [ BLIP2 OPT6.7b |
L ~J L —J L _J
( BLIP2FlanTsxl | [ BLIP2FlanTsxl | [ BLIP2 Flan T5xl |
the cube is oriented in the direction of the cube is oriented in the direction of the cube is oriented in the vertical
L the x axis J L the x axis y L direction y

Figure 25: Necker-Cube generative examples on question “What is the orientation of the cube?"
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5 Idefics- q
[ Ig:):::vizz ] [ The staircase is in the shape of a [ Itis ;d:[fa';:;:: ] i Idefics-9b
square. n image of the Idaho state flag
( ) e Tdefics-9b Instruct ) ( ) - \
Idefics-9b Instruct The staircase is oriented in a way that Idefics-9b Instruct i Ideflcs-?b In§truct
The dancer is spinning to the left. the first step is on the left, and the last The staircase is facing upwards. REErn eI SHRcR el Wil em
\ J \ tepisontheright. ) '\ J \ image of a brown bear.
( LLaVA1.57b | [ LLavA157b | [ ) ( LLaVA1.57b )
The image features a silhouette of a The staircase is oriented in a way that . e The image features a brown and
" . . The staircase is facing upwards.
\ pemsnshody) it appears to be going upwards. } | ) L white sign with the word "ldaho’ |
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Figure 26: Spinning Dancer results on question “What is the dancer’s spinning direction?", Shroeder Stairs on
“What is the orientation of the stairs" and Idaho-Face on "describe the image".

29



