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Abstract

Recognizing and reasoning about occluded (partially or
fully hidden) objects is vital to understanding visual scenes,
as occlusions frequently occur in real-world environments
and act as obstacles for spatial comprehension. To test
models’ ability to reason about multiple occluded objects,
we introduce a novel task, Counting Amodally for Patterns
Through Unseen REgions (CAPTURE), which requires a
model to count objects arranged in a pattern by inferring
how the pattern continues behind an occluder (an object
which blocks parts of the scene). CAPTURE requires both
recognizing visual patterns and reasoning, making it a use-
ful testbed for evaluating vision-language models (VLMs)
on whether they understand occluded patterns and possess
spatial understanding skills. By requiring models to rea-
son about occluded objects, CAPTURE also tests VLMs’
ability to form world models that would allow them to fill
in missing information. CAPTURE consists of two parts:
(1) CAPTURE", with manually filtered images of real ob-
jects in patterns and (2) CAPTURE® " g controlled di-
agnostic with generated patterned images. We evaluate four
strong VLMs (GPT-4o, Intern-VL2, Molmo, and Qwen2-
VL) on CAPTURE, finding that models struggle to count on
both occluded and unoccluded patterns. Crucially, we find
that models perform worse with occlusion, suggesting that
VLMs are also deficient in inferring unseen spatial relation-
ships: even the strongest VLMs like GPT-4o fail to count
with occlusion. In contrast, we find that humans achieve
very little error on CAPTURE. We also find that providing
auxiliary information of occluded object locations increases
performance, underscoring that the model error comes both
from an inability to handle occlusion as well as difficulty in
counting in images.'

1. Introduction

Inferring what lies behind different objects in occluded
scenes is crucial for human perception, as it allows us to

!Code and data: https:/github.com/atinpothiraj/CAPTURe
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Q GPT-40 (Incorrect):

3 rows of cups visible in the
image. 5 cups visible per row.
2 additional columns of cups
hidden behind the black boxes.
This would result in 7 cups per
row. 3 times 7 = 21 cups.

‘oxetete

SIOW®; -

Human (Correct):

(S Imagined

Instruction: Count the exact 4 columns x 4

number of cups in the image, rows = 16
assuming the pattern continues cups!
behind the black box.

Figure 1. CAPTURE example with an output from GPT-4o.

While people can easily infer the missing number of cups and cor-
rectly reason over occluded patterns, models generally struggle to
reason over these occluded scenes.

maintain a coherent understanding of our environment even
when parts are hidden. The human visual system accom-
plishes this by integrating past experiences, context, and
sensory inputs to reconstruct incomplete scenes [19, 27, 30,
45]. Meanwhile, recent advancements in vision-language
models (VLMs) — especially in terms of visual and spatial
reasoning — raise the question of whether these systems can
perform similar inferential tasks. One way of measuring
such capabilities is through amodal completion — the task
of inferring the invisible parts of partially occluded objects;
here, vision-only models are typically evaluated via dense
prediction tasks like object segmentation and image inpaint-
ing [5]. However, this format is not well-suited for assess-
ing VLMs, whose outputs consist of text tokens rather than
pixel-level predictions. This raises a critical question: How
can we quantify the ability of VLMs to form spatial world
modeling [17] in the presence of occlusion?

To address this, we introduce CAPTURE, Counting
Amodally for Patterns Through Unseen REgions, a novel
benchmark that tests a VLM’s world modeling and spa-
tial reasoning abilities through the task of amodal count-
ing, where models are prompted to count occluded objects


https://github.com/atinpothiraj/CAPTURe

by amodally completing a pattern. CAPTURE focuses on
counting as it provides an objective and easy-to-verify out-
put by comparing predicted counts with ground truth values.
Moreover, patterned objects appear in various real-world
domains, especially in man-made environments like park-
ing lots, cities, and warehouses, where counting objects is
often required. Fig. | illustrates the CAPTURE task. We
show a VLM an image where objects are placed in a reg-
ular pattern (e.g., a 4x4 grid) with some objects occluded,
and ask the model to count the total number of objects in
the image assuming that the pattern continues behind the
occlusion. The task requires handling occlusion, pattern
recognition, and counting skills that exist in humans from a
fairly young age [27, 30, 45], thus humans can easily answer
such questions — indeed, we find that people can complete
CAPTURE tasks with almost no error.

CAPTURE consists of two subsets: CAPTURE™ and
CAPTURE®" et Ag shown in Fig. 2, CAPTURE™
contains real-world images and tests the ability of models
to perform amodal counting in naturalistic contexts, while
CAPTURE®"etc allows us to analyze specific factors by
controlling different variables like color, shape, and num-
ber of objects. All images in CAPTURE contain a pattern
of objects and a manually annotated occluding black box
covering some objects. CAPTURE™ contains 924 images
with a diverse range of settings and objects, covering 92 dif-
ferent object types, while CAPTURE™"t¢ contains 1250
images across multiple attribute classes.

By combining vision encoders with large language mod-
els (LLMs), VLMs have the potential to reason in a zero-
shot way about visual inputs. To put this ability to the test
and measure VLMs’ ability to reason about missing visual
information, we evaluate four strong recent VLMs (GPT-
40, InternVL2, Molmo, and Qwen2VL) on CAPTURE.
Our experiment results (Sec. 4) show that models generally
struggle with the multiple aspects of the task, with high er-
ror rates on both CAPTURE™ and CAPTURE®™het¢ for
occluded and unoccluded images. In contrast, we find that
humans can perform the task easily: whereas model perfor-
mance deteriorates as more objects in images are occluded,
humans complete the task almost perfectly. We also com-
pare VLMs to a vision-only model trained to count visible
objects; while this model generally outperforms VLMs, its
error is directly tied to the number of occluded objects — the
more objects are occluded, the higher its error will be.

By objectively measuring VLMs’ spatial reasoning ca-
pabilities under occlusion, CAPTURE highlights an unex-
pected weakness in VLMs. We analyze this weakness by
providing the model with additional clues and information.
Specifically, we test to what degree the VLMs’ failure stems
from an inability to integrate visual information by provid-
ing it with a text-based representation of the visible objects
in the image in the form of object coordinates; here, VLMs
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perform substantially better, indicating that their poor per-
formance on CAPTURE stems partly from an inability to
count objects in images, rather than an inability to count
more generally. Our findings align with previous work,
which similarly finds that VLMs struggle to count in images
[22, 33, 42]. We also test the degree to which VLM errors
stem from an inability to form a world model by provid-
ing it with auxiliary information (the coordinates of the oc-
cluded objects in text, or inpainting the occluded regions).
We find that VLMs perform substantially better with this
auxiliary information, suggesting that VLMs are partly lim-
ited by their inability to imagine the missing visual informa-
tion. Addressing these gaps is critical for VLMs to function
effectively in real-world scenarios, where visual reasoning
often involves occlusions — whether counting stadium seats,
components on production lines, or buildings in neighbor-
hoods. We hope that our work will foster future research on
improving the world modeling capabilities of VLMs.

2. CAPTURE

2.1. Task Overview

Input/output formulation. CAPTURE tests VLMs on
occlusion reasoning, pattern recognition, and counting of
both visible and occluded objects. VLMs already achieve
high accuracy in classifying single, occluded objects [20].
Thus, we also argue that VLMs have the potential to per-
form well on CAPTURE’s challenging task because their
proficiency in handling occlusion ought to enable them to
recognize occluded objects and reason accordingly. All im-
ages in CAPTURE contain a pattern. This makes the task
solvable for models and people — if the objects were not
placed in a pattern, it would be unreasonable to expect mod-
els to infer the position of the occluded objects. For exam-
ple, given an image of a random pile of coins with a region
occluded, it is not easy to infer whether the occluded region
contains no coins or contains roughly the same amount as
the rest of the pile. For this task, the patterns considered
are all regular and fairly small, e.g. grids, circles, triangles,
and other regular shapes — see Fig. 2 for further examples.
The last step of CAPTURE is counting, asking the model
to provide an objectively measurable output. In addition to
VLMs, we also test COUNTGD [3], a state-of-the-art object
detection-based counting method, finding that it fails to ac-
count for the occluded scenario, as its training entails solely
predicting the visible, unoccluded objects in the image.

Metric. We use symmetric mean percent error (SMAPE)
as the primary metric. sSMAPE is given by:

(D

1< Y
SMAPE = 100- = 3 A% =0l
n = |yi| + |3l

where y; represents the actual values, g; represents the pre-



CAPTURer!

Instruction: Count the exact number of [object] in the image. Assume the

pattern of [object] continues behind any black box. Provide the total number

of [object] as if the black box were not there.

GPT-40: Bread rolls are
organized in a 4x4 grid,
which suggests there are
16 rolls in total.
Ground truth: 20

GPT-40: 18 bottle caps
visible...black box
covers...5 caps...total
estimated count...is 23.
Ground truth: 19

L LY ¥

Abcl&l.{

GPT-40: Total nuts in
each row...6 times 6
= 36. Nuts in the
hidden 3x3 section =
9. 36 +9 =45 nuts.
Ground truth: 42

CAPTUResymheiic
Instruction: Your task is to count objects in the image. Assume the

pattern of [object] continues behind the black box. First, state what the

pattern is, then give your final count.

o ©
GPT-40: Pattern: A GPT-4o0: ...pattern GPT-40: Pattern:
circular arrangement... consists of...a 2x2 grid... Triangular arrangement
Visible count: ...8 ... can infer...an additional ... Final Count: 7 red
Total count: ...12 dots. four blue squares inthe  dots (5 visible + 2
Ground truth: 11 obscured section. Final estimated behind the

count: 8 blue squares black box).
Ground truth: 6 Ground truth: 6

Figure 2. Example images with GPT-4o responses to CAPTURE™ and CAPTURE®"™! occluded splits.

dicted values, and n is the number of observations. SMAPE
is capped at 100%, providing a fixed range. This makes
SMAPE ideal for challenging tasks like ours, as we can pe-
nalize responses that fail to produce an answer with a max-
imum error of 100%. For a justification of SMAPE over
other metrics, see Appendix A.1l.

2.2. Dataset

CAPTURE™, We introduce a set of real images with
patterns to test amodal counting in naturalistic settings. The
original images and annotations come from the FSC-147
dataset [37], a diverse counting dataset with manual anno-
tations for the number of target objects and all object bound-
ing boxes in each image. FSC-147 contains a diverse array
of objects, with 6146 real-world images across 147 object
categories. We filter FSC-147 for images that contain iden-
tifiable and regular patterns of objects and manually over-
lay a black box to occlude some objects, resulting in 924
images. Filtering is first performed with GPT-40 and then
manually verified; we also manually verify that determining
objects despite the occlusion is feasible. For each example,
we maintain both occluded and unoccluded versions. Fur-
ther details on CAPTURE™ can be found in Appendix B.

CAPTURE™betic . While CAPTURE™ makes CAP-
TURE more applicable to real-world scenarios, each im-
age is unique, making the data less controlled and challeng-
ing to draw clear conclusions about model performance.
Images without background distractors, texture variance,
and other potential visual obstacles provide a more con-
trolled version of the task. Therefore, we create CAP-
TURE®"eti¢ to examine the task in a fully controlled en-
vironment. CAPTURE®™ comprises 1250 images of
simple objects in patterns, where different variables are held
constant or changed. We vary the following features:

1. Object count: varies from 5 to 15.

2. Object: can be either dots or squares.
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CAPTURE™! CAPTURE®thetic
# Images 924 1250
# Object Types 92 2
Avg. Occluded Obj. 13.97 2.73
Avg. Total Obj. 61.45 10.00
Diverse Objects/Settings Confounder-free
Strengths Naturalistic Controllable Attributes

Realistic Context Uniformly Distributed

Table 1. Statistics and strengths for CAPTURE splits.

3. Arrangement/shape: can be a rectangle, circle, or pyra-
mid (where feasible based on object count).

4. Location: we consider five positions on the page: center,
top-left, top-right, bottom-left, or bottom-right.

5. Color: we randomly choose one of 5 colors for all the
objects in an image.

The CAPTURE®™etic data is split similarly to the CAP-
TURE™ data; each configuration has a variant with an
overlaid occluding box and one without.

2.3. Statistics and Examples

Fig. 2 shows examples from CAPTURE™ and CAP-
TURE®"e¢ paired with their corresponding answers from
GPT-40 and their ground truth answers. These examples
show the range of objects and patterns in the dataset and
highlight the task’s feasibility for humans. Tab. | reports
summary statistics for CAPTURE, including the number
of images and object types, as well as the mean number
of occluded and total objects in both splits of CAPTURE.
The number of objects in CAPTURE™ is shown in Fig. 3,
where most images have between 0 and 30 objects. On
CAPTURE®" eti¢  the maximum number of objects is 15,
and CAPTURE®"!¢ images generally have 1-6 occluded
objects (shown in Fig. 4, as further occlusion could make
the count unresolvable).
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Figure 4. # of occluded objects in CAPTURE®™ ™! images.

3. Experiment Setup

3.1. Models

We experiment with GPT-40 [28], Intern-VL2-Llama3-8B
[9, 10], Qwen2-VL-7B [41], MiniCPM-o 2.6 [47], and
Kimi-VL-A3B [40] for their high scores on other VLM
tasks [29]. We add Molmo 7B-D [13], because of its abil-
ity to “point and count,” giving it a potential advantage on
CAPTURE. Specifically, Molmo is trained on millions of
examples that directly ground text to 2D coordinates (or
“points”) in images. This allows Molmo to directly point
to image coordinates and count more easily by pointing to
several objects. All the VLMs feature a different language
backbone and vision encoder to provide broad coverage of
model architectures. To evaluate models, we provide the
model with the name of the specific object to be counted
and the explicit instruction to count fully visible objects
and objects behind the occluding box (in the occluded im-
ages). For each model, we test ten prompts on a validation
set of 100 images, selecting the best prompt for each model
in each dataset section (CAPTURE™/C APTUREsYtheticy
and for each environment (occluded/unoccluded). We pro-
vide the selected prompts in Appendix D.

3.2. Answer Generation and Extraction

Given the complex nature of CAPTURE, we allow mod-
els to generate open-ended responses and then subsequently
extract answers. Further details (including the maximum
number of tokens) can be found in Appendix A.2.

Answer extraction. Empirically, we found that constrain-
ing the output to a specific format for ease of analysis neg-
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atively impacted benchmark performance. Therefore, we
instead prompt models to generate freely and extract the fi-
nal output number using a separate answer extractor based
on Llama 3.1 8B [1]. This answer extractor takes the out-
put from the model as input and prompts it to extract a sin-
gle number representing the final answer. The answer ex-
tractor also identifies if an output failed to converge on a
singular number answer and assigns a label to these exam-
ples. We mark such incomplete/incoherent model gener-
ations as ‘skipped’ questions and when calculating the er-
ror later, these responses are assigned the worst possible
SMAPE score (100%). The answer extractor outputs were
manually verified on 1000 outputs, and the extractor was
found to be 100% accurate.

Human and object detection baselines. We also report
the performance of humans and a recent counting model
(CouNTGD [3]) as baselines to establish a point of refer-
ence for model performance. To confirm that humans can
perform the CAPTURE task, we provided 100 randomly
selected occluded examples each from the CAPTURE™
and CAPTURE®™"eti¢ gubsets to 3 undergraduate students
with no prior knowledge of the task.

4. Results and Analysis
4.1. Main Results on CAPTURE™

Models consistently struggle with counting and perform
worse on occluded images. We run the VLMs on the
occluded and unoccluded versions of CAPTURE to dis-
cern whether occlusion significantly impacts model perfor-
mance. Tab. 2 shows that all models struggle with count-
ing generally, performing poorly on both splits. Moreover,
we see that every model performs better on the unoc-
cluded images. On average, the models perform 6.28%
worse in CAPTURE™ occluded images and 4.85% worse
in CAPTURE®""¢t¢ occluded images (in terms of abso-
lute SMAPE), indicating increased difficulty from a stan-
dard counting task. The best model for both splits, GPT-4o,
has an error rate of 14.75% on CAPTURE™ and a lower
error rate of 9.71% on CAPTURESY™™tic, Across both the
real and synthetic split, GPT-40’s error increases with oc-
clusion, by 1.41% on the real data and 3.81% on the syn-
thetic split. Interestingly, despite its fine-tuning on count-
ing tasks, Molmo exhibits a sizable error rate of 32.5% on
CAPTURE™ occluded images. The high error rates of
VLMs indicate limited capabilities in visual understanding
under occlusions, pattern recognition, and counting. We
further analyze the source of these errors with oracle ex-
periments in Sec. 4.3.

Humans complete the task with almost no error. Tab. 3,
evaluated on a 100-example subset of each split, confirms
that humans complete the task with ease despite occlusion,



Error (%) [1]

Model

CAPTURE"™! CAPTUREnthetic
Original ~w/ Occlusion (A)  Original ~w/ Occlusion (A)

GPT-40 13.34 14.75 (+1.41) 5.90 9.71 (+3.81)

InternVL2 26.17 32.90 (+6.73) 16.44 17.57 (+1.13)

Molmo 25.90 32.49 (+6.59) 8.40 17.73 (+9.33)

Qwen2VL 18.96 29.33 (+10.37) 6.63 11.74 (+5.11)

MiniCPM-o0 2.6 23.84 30.08 (+6.24) 17.06 19.00 (+1.94)

Kimi-VL-A3B 23.48 25.96 (+2.48) 16.91 18.07 (+1.16)

Avg. of 6 VLMs 21.95 27.59 (+5.64) 11.89 15.64 (+3.75)
Table 2. Results across VLMs on all splits of CAPTURE, with average error for each column. Metric: SMAPE (lower is better).

C G
Model Error (%) [{] “ VLM VLM + CountGD
CAPTUREreal CAPTUREsynthetic w T s T Avg. VLM
PR em— | W TTUEE S Avg. VLM + CountGD
(Baseline) =
Human 3.79 0.92 1O Fremmmmn e CountGD
(VLMs) GPT-40 InternVL2 Molmo Qwen2VL
GPT-40 14.75 9.71
ir/}telrnVLZ ;;Zg i;;; Figure 5. VLM vs. VLM + CountGD hybrid on questions from the
o m;VL 29' 3 ] 1'7 1 CAPTURE™ (occluded split) that are not in COUNTGD training

Qwen : : set. Metric: SMAPE (lower is better).
Avg. of 4 VLMs 27.37 14.19

Table 3. Human baseline vs VLMs on CAPTURE™ and CAP-
TUREY™*t¢ (occluded split). Metric: SMAPE (lower is better).

with an SMAPE of 3.79% on CAPTURE™ and 0.92% on
CAPTURE®"™etc  On the same subset of examples, mod-
els performed 7 times worse on CAPTURE™ and 14
times worse on CAPTURESY"heti than humans, under-
scoring the gap between VLMs and humans in this task.

Object detection-based baseline outperforms VLMs.
We attempt the task with a strong object detection-based
model to highlight that a standard counting approach will
experience a greater loss going from unoccluded to oc-
cluded environments, as it cannot capture any occluded ob-
jects, i.e. cannot reason. We choose COUNTGD [3], the top
solution for unoccluded counting on FSC-147, on which it
was trained. Because we draw our images from FSC-147’s
train and test sets, and COUNTGD trains on FSC-147, we
only evaluate COUNTGD on the subset of our data sourced
from the FSC-147 test set, consisting of 149 images.

We find that COUNTGD deteriorates by 7.19% on oc-
cluded images, increasing from 3.15% sMAPE to 10.34%
as observed in Fig. 5. As expected, COUNTGD outperforms
all VLMs on the unoccluded split as it is trained for count-
ing on FSC-147. CoUNTGD also outperforms the VLMs
on the occluded split, reinforcing that only counting the vis-
ible objects is a hard-to-beat baseline. However, the drop
in performance with occlusion is greater than the average
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VLM’s drop, highlighting a disadvantage of non-reasoning
solutions on CAPTURE: their error is necessarily tied di-
rectly to the number of occluded objects and they cannot
address the task on their own, whereas a VLM might be
able to infer missing objects via reasoning.

Hybrid VLM counting systems improve performance.
Finding that COUNTGD is far better at counting visi-
ble objects than VLMs, we leverage the advantage that
CoUNTGD has by feeding its visible object count infor-
mation to the VLMs as part of the prompt. As expected,
Fig. 5 illustrates that there is a considerable decrease in error
when CountGD and the VLMs are combined. However, this
hybrid system still performs worse than COUNTGD alone,
indicating VLMs are still subpar even at counting just oc-
cluded objects (as further reinforced by Appendix C.3).

4.2. Effect of Data Factors on VLM Performance

Here, we use the CAPTURE®™"et¢ data (which can be con-
trolled precisely and fully annotated ) to examine which fea-
tures correlate with model performance. We test the effect
of the following variables on final performance: (1) Increas-
ing the number of occluded objects; (2) Varying the pattern.
We also investigate whether models can classify patterns,
and to what degree models can predict the number of oc-
cluded objects only (rather than the total).

Models perform worse when more dots are occluded.
In Fig. 6 (right), we observe that error increases with re-
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Figure 7. Effect of pattern type in CAPTURE®™™ (occluded
split) on SsMAPE. Metric: sSMAPE (lower is better).

spect to the number of occluded dots. However, Fig. 6
(left) also shows that performance is less affected by the to-
tal number of dots. This suggests that the task difficulty is
more closely correlated with the difficulty of occlusion —1i.e.
the difficulty of the world modeling task — rather than the
complexity of the pattern. Some models, such as GPT-4o,
deviate from this trend, which has lower error on specific
numbers. We further explore model bias in Appendix C.5.

Performance depends on pattern type. The controllabil-
ity of CAPTURE®""¢¢ allows us to measure the effect of
pattern type on performance. In Fig. 7, we find that model
performance differs across shapes with some regularity: ob-
jects arranged in a circle generally have lower SMAPE than
other shapes, across all models. Qwen2VL has an espe-

Accuracy (%) [1]

Model

Original ~ w/ Occlusion (A)
GPT-40 84.00 78.52 (-5.48)
InternVL2 68.52 47.48 (-21.04)
Molmo 80.70 65.22 (-15.48)
Qwen2VL 88.35 86.43 (-1.92)
Avg. of 4 VLMs  80.39 69.41 (-10.98)

Table 4. VLM accuracy in identifying the correct pattern in CAP-
TUREY"™* ! Metric: accuracy (higher is better).
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cially large decrease in error when given circular arrange-
ments compared to rectangles or triangles.

Models can identify patterns. To determine how much
model errors can be attributed to a lack of pattern recogni-
tion ability, we formulate a separate task where models must
recognize the pattern in the image on CAPTURESY"thetic,
Here, we frame the task as multiple-choice, asking the
model to select from the pattern types available (rectangle,
triangle, or circle). Table 4 illustrates that all perform sub-
stantially better than random at this task, with most models
except InternVL2 achieving accuracy above 80% in the un-
occluded setting. As expected, the patterns were easier to
identify in unoccluded scenarios, with models suffering an
average accuracy drop of 10.95% in the occluded setting.
Notably, GPT-40 and Qwen2VL have a fairly small drop
in performance, suggesting they can generally capture the
pattern even in the presence of occlusion.

4.3. Analysis with Auxiliary Information

In Sec. 4.1, we see that models broadly struggle with
amodal counting. Here, we seek to disentangle whether
this problem results from a failure to reason, the absence
of a world model, or both by giving VLMs two different
types of auxiliary information: oracle information and pre-
dicted information. Oracle information is ground truth and
is directly pulled from CAPTURE’s metadata, e.g., object
locations. Predicted information generates new information
from a completely separate model and gives it to the VLM.
This information is not ground truth and is sourced from an
external model, such as an image inpainting model, rather
than the VLM. By giving the model auxiliary information
in the form of reasoning and spatial clues, we can establish
how much of each model’s error results from an inability to
handle occlusion rather than an inability to recognize and
count visible objects.

Oracle setup. We test two oracles for CAPTURE™’s
occluded split based on its constituent subtasks: counting
the visible objects and inferring/counting occluded objects.
Both oracles provide the VLM with text-based coordinates



With Occlusmn

AII Object Coordlnate Oracle

(w/ Oracle mformatlon)

All Object Coordinate Oracle
Prompt: Count the exact number
cans in the image, including behind

With Occluston Prompt Count
the exact number of cans in the
image. Assume the pattern of cans
continues behind any black box.
Provide the total number of cans as
if the black box were not there.

the black box... Coordinates of all

186), (379, 184), (524, 177), (220,
332), (372, 329), (525, 325)

cans: (59, 43), (219, 38), (356, 43),
(522, 36), (63, 180), (73, 335), (214,

(w/ Oracle lnformatlon)

Visible Object Coordinate
Oracle Prompt: Count the exact
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V|$|ble Object Coordmate Oracle
y )

Inpainting Pipeline

(w/ Predicted information)
Inpainting Pipeline Prompt:
Count the exact number of cans
in the image.

including behind the black box...

Coordinates of visible cans: (59,
43), (219, 38), (356, 43), (522,
36), (63, 180), (73, 335)

(Fading added only for emphasis
to visualize infilling. Final image
given to VLM is not faded)

Figure 8. Example image and text inputs for experiments with auxiliary information experiments (Sec. 4.3). Blue eyes indicate objects for
which the All Object Coordinate Oracle or Visible Object Coordinate Oracle extracts coordinates. The brighter part of the image represents
the area which Inpainting Pipeline fills in. Example prompts are shown in italics. Blue eye overlays and faded parts of images are for

demonstration purposes and are not passed with the image.

Oracle Information

Predicted Information

Original ‘ w/ Occlusion

Model
‘ + All Coordinates (A)  + Visible (A) + Inpainting (A)
GPT-40 13.34 14.75 2.93(-11.82) 9.20 (-5.55) 15.89 (+1.14)
InternVL2 26.17 32.90 17.48 (-15.42) 25.13 (-7.77) 31.12 (-1.78)
Qwen2VL 18.96 29.33 9.62 (-19.71) 17.70 (-11.63) 22.64 (-6.69)
Avg. of 3 VLMs 19.49 25.66 10.01 (-15.65) 17.34 (-8.32) 23.22 (-2.44)
Table 5. Effect of auxiliary information on occluded CAPTURE™. A = (Auxiliary Information) — (w/ Occlusion). Metric: SMAPE.

of objects in the image, simplifying the visual task by as-
suming the VLM effectively has a perfect visual system
that can recognize and localize objects in the image. The
first oracle, the Visible Object Coordinate Oracle, gives the
VLM the coordinates of all unoccluded objects (encoded as
text, as seen in Fig. 8) and instructs the model to estimate
the number of occluded objects, count the number of visi-
ble object coordinates, and add the two. In other words, the
model is given oracle information about what objects are
visible, thus also revealing key information about the pat-
tern. The second oracle, the All Object Coordinate Oracle,
instead gives the model the coordinates of all objects. Here,
the model only needs to count the coordinates in the prompt,
eliminating the need to reason on the visual input. Note
that Molmo is excluded in these tests because it contains a
prompt limit that would truncate the list of coordinates. An
example of the oracle inputs can be seen in Fig. 8.

Prediction setup. In this setting, we provide the VLM
with an external world model representation predicted by
another model. Specifically, we develop the Inpainting
Pipeline to fill in the occluded region via a diffusion-based
inpainting model and pass the inpainted image to the VLMs.
For the inpainting model, we choose FLUX.1-Fill [dev],
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whose backbone FLUX.1 [dev] [21] is a top public model
in the Text to Image Model Arena [7]. An example input to
the VLM can be seen on the far-right of Fig. 8.

Providing visible or all object coordinates improves per-
formance substantially. The results in Tab. 2 indicate that
models struggle on CAPTURE, which requires identifying
a pattern and counting both visible and occluded objects.
Moreover, models generally struggle with counting even
in unoccluded settings. Both oracles simplify the counting
task: All Object Coordinate Oracle reduces the task to sim-
ply counting coordinates with no reasoning involved, and
Visible Object Coordinate Oracle similarly simplifies the
task for visible objects, while still requiring inferring oc-
cluded objects. Additionally, under Visible Object Coordi-
nate Oracle, recognizing the pattern shifts from a visual rea-
soning task to an augmented math problem. Instead of vi-
sually reasoning about where objects are located, the VLM
considers what patterns the coordinates could make. Trans-
lating this task into a text problem results in an average in-
crease of 15% with all objects coordinate oracle; the errors
LLMs make here are due to an inability to count in the text
prompt, as opposed to weaknesses in handling occlusion
(since all object coordinates are given), and the strongest



model, GPT-40, achieves minimal error here. We also ob-
tain an average increase of 8% with the visible objects coor-
dinate oracle (shown in Tab. 5), possibly because it allows
the more powerful LLM backbone (which is far larger than
the vision model in all models tested) to complete the count-
ing task. Taken together, these results suggest that there is
much room for improvement in visual world modeling be-
yond text-based reasoning of VLMs.

Providing diffusion-based inpainting improves perfor-
mance marginally. Similar to the object coordinate or-
acles, the Inpainting Pipeline (rightmost columns in Fig. 8
and Tab. 5) eliminates the need for world modeling and pro-
vides VLMs with an approximation of the image behind the
occluder. With the inpainted images, VLM error decreases
by almost 2% for InternVL2 and 7% for Qwen2VL com-
pared to the original occluded images. GPT-40’s error in-
creases on inpainted images by a small margin; we hypoth-
esize that this may be because GPT-40 has one of the better
world models (based on its superior performance), and thus
does not improve further with the inpainted images. More-
over, every VLM still falls short of its unoccluded image
performance, indicating that the diffusion model is not a
perfect world model. Qualitatively, we find that the inpaint-
ing model sometimes fails to output the correct pattern.

5. Related Work

Spatial reasoning in visual question answering. Past
work measures the spatial reasoning capabilities of VLMs
in the form of visual question answering (VQA) [4, 16]
benchmarks. SpartQA [26] asks VLMs to identify the spa-
tial relation (e.g., above, behind, left of) between objects
in synthetically created 2D images from NLVR [39]. More
recent benchmarks test similar spatial relation understand-
ing with real images [2, 24, 36]. While this past work asks
models to provide a text description for a relation between
two fully observed objects, CAPTURE measures the world
modeling from a partially observed scene, thus requiring
the handling of occlusion, pattern recognition, and count-
ing. Together, these constitute a stricter test of spatial rea-
soning than typical VQA settings.

Amodal completion. Occlusions are common in natural
scenes, and vision solutions for amodal completion have
made significant progress in infilling occlusions [6, 38, 46].
The amodal completion task has evolved from simply com-
pleting a shape to filling in appearance (e.g., texture, color,
etc.) to finally dealing with fine-grained order perception
(multiple stacked occluded objects) [5]. Specifically in Qiu
and Di [34], VLMs classify the hidden objects and extract
fine details from occluded items. CAPTURE, however,
presents a unique category of patterned amodal counting
which requires inferring fully occluded objects based on a
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pattern rather than inferring occluded object wholes based
on object parts. In other words, previous work has only at-
tempted tasks that require amodal completion for one object
at a time [31, 38, 46], whereas CAPTURE handles multi-
ple objects. Multi-object amodal completion is crucial be-
cause in cluttered scenes, entire groups of objects are often
occluded. Moreover, the output space of CAPTURE is lan-
guage (rather than filling pixels).

Counting with vision-and-language models. Within the
task of counting, the most similar application to CAPTURE
is dense counting, where the objects to be counted occlude
each other. There are many practical applications of such a
task, like counting cells on a crowded slide [8], determin-
ing crop yields from densely-packed fields [43], or crowd
counting [14, 44, 48]. Liang et al. [23] improved crowd
counting with an augmented CLIP [35], i.e. also using
VLMs for counting. Additionally, Jenkins et al. [18] in-
troduced an amodal counting benchmark, presenting an oc-
cluded 3D counting task where models must count objects
on retail shelves. However, our work differs in many ways,
as Jenkins et al. [18] only counts retail shelves and uses Li-
DAR input. More broadly, dense counting focuses on over-
lapping objects rather than on counting objects arranged
into patterns, which is the focus of CAPTURE.

6. Conclusion

We introduced CAPTURE, a novel benchmark for amodal
counting that measures spatial reasoning capabilities under
occlusion. CAPTURE is designed to assess VLMs’ abil-
ity to form a robust world model and use that model for
visual reasoning skills under occlusion. By testing count-
ing, we cast the problem as a measurable task with an
objective correct answer that also has real-world utility as
VLMs become more broadly adopted. Our results suggest
that VLMs struggle to combine reasoning, counting, and
world modeling with low performance on occluded and un-
occluded images. Our analysis indicates that models im-
prove with oracle information about visible objects (sim-
plifying the reasoning/counting tasks) and predicted infor-
mation about the occluded objects (also simplifying world
modeling), pointing to directions of model improvement.
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