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Abstract
Humans can integrate multiple visual perspectives and infer how an object appears from unseen sides. This study
investigates whether Large Vision—Language Models (LVLMs) exhibit a comparable ability for reference-grounded
spatial reasoning. We propose two diagnostic tasks: Opposite-Side Reasoning, which determines whether two
images show the same object from opposite viewpoints, and Viewpoint Identification, which predicts the viewpoint
of a target image using a reference image and its label. An additional condition, Viewpoint Identification (no-ref),
removes reference information to reveal cases solvable without it, distinguishing genuine reasoning from bias-driven
shortcuts. Our evaluation shows that both open and proprietary LVLMs fall far short of human performance. Even
state-of-the-art proprietary LVLMs with relatively high accuracy retain many correct answers when reference
information is removed, suggesting that their success often relies on linguistic or dataset-driven priors rather than
genuine reference-based reasoning. These findings indicate that current LVLMs have not yet achieved consistent,
reference-grounded spatial reasoning. Our datasets in this work will be released on the Hugging Face Hub to support

future research on multimodal viewpoint reasoning and spatial understanding.
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1. Introduction

In recent years, Large Vision—-Language Mod-
els (LVLMs) have achieved remarkable progress
across a wide range of multimodal tasks (Grattafiori
et al., 2024; OpenAl et al., 2024; Yin et al., 2024).
With their increasing scale and performance, an
important challenge has emerged: how to evalu-
ate the true reasoning capabilities of these models.
Existing benchmarks assess VLMs from various
perspectives—such as perception, reasoning, and
instruction following (Fu et al., 2024; Yue et al.,
2024a,b; Dingjie et al., 2024; Wang et al., 2024;
Chen et al., 2024)— yet most of them focus on
understanding information that is directly visible in
the input image.

In contrast, human visual understanding extends
beyond what is immediately seen. Humans can in-
fer how an object would appear from unseen sides,
grasp its spatial relations, and mentally transform
viewpoints. Such abilities represent a form of ge-
ometric and relational reasoning that has rarely
been examined in existing VLM evaluations. This
study aims to investigate the extent to which LVLMs
possess this ability to reason about the unseen
sides of objects.

To this end, we propose two diagnostic tasks
to analyze the distinct viewpoint reasoning abili-
ties of LVLMs. The first, Opposite-Side Reason-
ing (OSR), asks whether two images depict the
same object from opposing viewpoints (Figure 1
(left)). The second, Viewpoint Identification (VI),
requires predicting the viewpoint of a target im-

age given a reference image and its viewpoint la-
bel (Figure 1 (center)). Both tasks are designed
not merely to identify visible surface features, but
to directly evaluate a model’s ability to infer how an
object appears from unseen directions.

Additionally, we introduce a supplementary con-
dition for VI tasks, VI (no-ref), in which both the
reference image and its textual viewpoint label are
removed from the input (Figure 1 (right)). This
setting serves as a control condition to detect prob-
lems that can be solved correctly without using
reference information. By comparing VI and VI (no-
ref), we can distinguish genuine reasoning based
on reference information from incidental correct-
ness arising from internal model biases.

In computer vision, reasoning about the invis-
ible parts of objects has long been recognized
as a challenging problem. Previous studies have
mainly focused on “amodal completion”, which
deals with parts hidden by occlusion (Saleh et al.,
2021; Zeng et al., 2020; Mohan and Valada, 2022;
Watahiki et al., 2025). In contrast, our work targets
viewpoint-dependent invisibility—regions that can-
not be seen simply because they fall outside the ob-
server’s perspective. This complementary perspec-
tive enables direct evaluation of how well LVLMs
can perform reference-grounded spatial reasoning.

Our main contributions are summarized as fol-
lows:

» We propose two diagnostic tasks, Opposite-
Side Reasoning and Viewpoint Identifica-
tion, formulated in a VQA task format, to eval-
uate viewpoint reasoning in LVLMs, and to
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Three images show different views of the

same object. First is an overall view and the
second is a rear view of the object.

Question: From which viewpoint is the third
image?

Options: A. front view B. left side view C.

right side view D. bottom view E. top view

Viewpoint Identification (no-ref)
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Two images show different views of the
same object. First is an overall view.

Question: From which viewpoint is the sec-
ond image?

Options: A. right side view B. rear view
C. bottom view D. front view E. left side
view F. top view

Figure 1: Example from the three tasks. From left to right: Opposite-Side Reasoning, Viewpoint Identification, and
Viewpoint Identification (no-ref). Each example consists of two or three images, and the textual prompt is structured

into three parts: premise , question, and options .

construct the corresponding datasets, which
will be publicly released’.

* We introduce a controlled condition for VI
tasks, VI (no-ref), which isolates reasoning
independent of reference information and clar-
ifies the influence of linguistic bias.

» Through evaluations using representative
open and state-of-the-art proprietary mod-
els, we reveal that current LVLMs still strug-
gle to perform visually grounded, reference-
consistent reasoning.

2. Proposed Tasks

We propose two diagnostic multi-image reason-
ing tasks that evaluate distinct yet complemen-
tary aspects of viewpoint understanding in LVLMs:
Opposite-Side Reasoning (OSR) (Figure 1 (left)),
which probes frame-independent geometric rea-
soning between object views, and Viewpoint Iden-
tification (VI) (Figure 1 (center)), which examines
whether models can integrate linguistic and visual
information in a consistent, spatially grounded man-
ner. Additionally, we introduce a control condition,
VI (no-ref) (Figure 1 (right)), to identify cases solv-
able without reference information.

Opposite-Side Reasoning (OSR) The OSR task
asks whether two images depict the same object
from opposite viewpoints. Each example includes
an isometric image Iisometric @nd two comparison
images I and Ig; the model must judge whether
Ip and Ig show opposite sides of the same object.
This task does not rely on any explicit coordinate
frame or linguistic cue; it requires reasoning solely
from geometric and structural correspondences
between views. OSR therefore measures whether
LVLMs maintain an internally coherent represen-
tation of an object’s 3D geometry that supports

Thttps://huggingface.co/datasets/mtake/
Seeing-the-0ther-Side

Correct answers are indicated in green.

relational reasoning across viewpoints. It is inher-
ently frame-independent, as the correct answer
can be inferred without reference to any absolute
coordinate system.

Viewpoint Identification (VI) The VI task ex-
tends OSR by introducing an explicit linguistic ref-
erence, allowing us to assess whether models can
jointly use textual and visual information to infer
viewpoint relations. Each example includes a iso-
metric image lisometric, @ reference image Iieference
and a target image Iarget, typically depicting oppo-
site sides of the same object. The prompt specifies
the viewpoint of the reference and asks the model
to identify the viewpoint of the target image from
five options V\ {uvres}, where ves € V and V ={left
side view, right side view, top view, bottom
view, front view, rear view}. Although textual
information provides an external cue, the task re-
mains frame-independent: It can be solved by un-
derstanding the relative correspondence between
viewpoints (e.g., right «» left, top <> bottom), rather
than by aligning to an absolute coordinate frame.
The VI task is thus designed to evaluate whether a
model can ground linguistic viewpoint descriptions
in visual evidence.

VI (no-ref) The VI (no-ref) condition is an auxil-
iary task designed to complement the VI task. In
this task, both the reference image Ieference @and the
textual prompt describing its viewpoint label v, are
excluded from the VI task. The set of answer op-
tions covers the entire viewpoint space V. This con-
figuration serves as a control condition designed
to detect questions that can be answered correctly
without using reference information. A high accu-
racy in VI (no-ref) suggests that the model relies
not on reference-based reasoning, but on prior reg-
ularities or statistical biases inherent in the dataset.
Therefore, the VI (no-ref) score itself is not a direct
measure of reasoning ability; Its primary purpose is
to be compared with the VI results to quantify how
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effectively the model exploits reference information
when performing viewpoint reasoning.

Relation and Significance of OSR, VI, and VI
(no-ref) OSR and VI serve as complementary
probes of spatial reasoning in LVLMs. OSR
isolates geometric reasoning that operates with-
out any linguistic or contextual frame, while VI
tests whether this visual relation can be coher-
ently aligned with textual descriptions of viewpoint.
By introducing VI (no-ref) as a control, we can
further disentangle evidence-based reasoning—
cases where reference information is genuinely
used—from prior-driven correctness, where mod-
els answer correctly without relying on the refer-
ence.

3. Dataset Construction

We constructed our dataset by rendering im-
ages from the Google Scanned Objects (GSO)
dataset (GoogleResearch, 2022), which contains
3D models of about 1,000 household objects and
is published under the CC BY 4.0 License 2.

For the OSR task, we randomly selected 194
objects from the GSO dataset. For each object,
we used the isometric image provided in GSO. We
rendered two additional opposing-view images in
Blender (Blender Online Community, 2025) at a
resolution of 512 x 512 pixels, forming a pair of op-
posite viewpoints. Each rendered image was as-
signed one of six viewpoint labels V based on an
egocentric coordinate frame. Positive pairs con-
sisted of true opposite pairs (e.g., left—right), while
negative pairs were generated by replacing one
image in a positive pair with a non-opposing view
(e.g., left—top). In total, the dataset contains 1,164
examples, comprising 582 positive pairs and 582
negative pairs. A uniform textual prompt was used
for all examples.

The dataset for the VI task was constructed us-
ing the positive pairs from the OSR dataset. For
each positive pair (Ia, Ig), we used I, as the ref-
erence image Iieference and Ig as the target image
Liarget- To account for both directional relations be-
tween the two images, the dataset was augmented
by including the reversed correspondence (/g as
Ieterence @nd In as Iiarget), resulting in a total of
1,164 examples. The textual prompt describes the
viewpoint vrgference € V Of Ireference @nd presents five
answer options V\ {vreference | in random order.

2https ://creativecommons.org/licenses/by/4.0/

4. Experiments and Results

4.1.

LVLMs We conducted experiments using three
major proprietary LVLMs (GPT-5 (Singh et al,,
2025), Claude Sonnet-4 (Anthropic, 2025), and
Gemini-2.5 (Gemini Team et al., 2024)) and a di-
verse set of open LVLMs. For open LVLMs, se-
lection was guided by two criteria: (i) relevance
to the current state of the art and (ii) support for
multi-image inputs. Since our tasks require rea-
soning over multiple images simultaneously, we
prioritized open LVLMs that natively support multi-
image inputs. We included 13 multi-image LVLMs
covering three major families (InternVL3_5 (Wang
et al., 2025a), Qwen2.5-VL (Bai et al., 2025), and
Deepseek_vI2 (Wu et al., 2024)), along with addi-
tional LVLMs such as ldefics3 (Laurengon et al.,
2024), Mantis (Jiang et al., 2024), Pixtral (Agrawal
et al., 2024), and LLaVA-next (Liu et al., 2024b; Li
et al., 2024; Liu et al., 2024a).

For comparison, we also evaluated two single-
image LVLMs (LLaVA-v1.5 (Liu et al., 2023) and
MiniCPM-Llama3-V (Yao et al., 2024)). Because
these models do not natively support multiple-
image inputs, we concatenated the input images
into a single composite image prior to inference.

Experimental Setting

Evaluation Protocol Each task is formulated
as a Multiple-Choice Question (MCQ), where the
LVLM must select the correct answer from several
options. To mitigate the known selection bias of
LVLMs (Atabuzzaman et al., 2025)—such as a ten-
dency to favor certain option symbols (e.g., “A”) or
positions—we create three datasets with randomly
shuffled option orders for each task, and report the
average accuracy across the three runs. For con-
sistent response formatting, each prompt ends with
“Select the correct option and enclose your
final answer between <answer> and </answer>.”
Model outputs are parsed by extracting the text en-
closed in these tags and matching either the option
symbol or the corresponding label. If the tags are
absent, we check model-specific patterns such as
“Answer:” or “Answer is.”

We also compare the models’ performance
against the random-choice baselines and human
evaluation. Human evaluation was conducted by
two adult annotators on randomly sampled sub-
sets, consisting of 300 instances for OSR and 150
instances each for VI and VI (no-ref). The anno-
tators achieved average accuracies of 97.2Inter-
annotator agreement, measured by Cohen’s x, was
0.927 for OSR, 0.983 for VI, and 0.567 for VI (no-
ref). The moderate agreement observed in VI (no-
ref) suggests that this condition introduces greater
ambiguity even for human annotators, consistent
with the lower accuracy under this setting.
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Table 1: Performance comparison on the proposed
tasks. We evaluated three paraphrased prompts to as-
sess prompt sensitivity; however, the variations had neg-
ligible effect on the overall results.

Model OSR VI VI (no-ref)
Open LVLMs (Multi-Image)
InternVL3_5-4B 58.3 46.3 29.8
InternVL3_5-8B 51.4 50.7 31.1
InternVL3_5-38B 49.3 59.8 42.3
Qwen2.5-VL-3B-Instruct 49.3 52.1 28.7
Qwen2.5-VL-7B-Instruct 53.2 65.8 39.2
Qwen2.5-VL-32B-Instruct 64.1 54.8 414
Mantis-8B-clip-llama3 50.6 44.3 21.4
Pixtral-12B 496 524 25.7
Idefics3-8B-Llama3 49.4 20.0 16.7
llava_next_interleave_7b 50.0 54.9 28.1
deepseek_vl2_tiny 49.4 45.0 31.6
deepseek_vI2_small 511 56.5 43.8
Open LVLMs (Single-Image)
MiniCPM-Llama3-V-2_5 49.8 40.3 29.4
llava_v1.5 7b 50.0 28.6 18.9
Proprietary LVLMs
gpt-5-2025-08-07 69.9 794 58.7
gpt-5-nano-2025-08-07 50.8 234 18.9
claude-sonnet-4-20250514 76.6 79.3 54.4
gemini-2.5-flash 74.7 571
random 50.0 20.0 16.7
human 97.2 994 74.7
4.2. Results

The results are shown in Table 1. Across the open
LVLMs, performance on the OSR task remained
near chance level (50%) for all models except
Qwen2.5-VL-32B, indicating limited ability to main-
tain geometrically consistent multi-view represen-
tations. In contrast, proprietary LVLMs achieved
substantially higher accuracies, suggesting that
large-scale instruction tuning improves opposite-
side reasoning. However, a considerable gap re-
mains between these LVLMs and human perfor-
mance, highlighting that consistent 3D structural
understanding across viewpoints is still underde-
veloped.

For the VI task, performance varied markedly
across LVLMs. Among open LVLMs, InternVL and
Deepseek exhibited modest improvements with
larger parameter scales, whereas the Qwen family
did not show a consistent size-dependent trend.
Thus, no clear correlation between model capacity
and viewpoint reasoning emerged. Under the VI
(no-ref) condition, all LVLMs showed a substantial
decrease in accuracy relative to the full VI setting,
but proprietary (excluding GPT-5-nano) maintained
comparatively high scores. High performance in VI
(no-ref) implies an alignment between the model’s
internal representation and the egocentric annota-
tion frame used in our dataset. This observation is
qualitatively consistent with previous findings that
LVLMs exhibit a bias towards egocentric spatial
frame (Zhang et al., 2025), suggesting that such
bias partially contributes to their viewpoint judg-
ments.

pt-5-2025-08-07 claude-sonnet-4-20250514

B A B A B
0.18 0.03 0.16 0.05 { 0.17 0.06
¢ * e ’ €
0.23 £ 0.26
(a) GPT-5 (b) Claude sonnet4  (c) Gemini 2.5 flash

Figure 2: Confusion matrix of correct and incorrect
cases across the two conditions: VI and VI (no-ref) on
proprietary LVLMs.

4.3. Open vs. Proprietary LVLMs

A consistent performance gap is observed between
open and proprietary LVLMs in all three tasks. On
OSR, open models remain 50-53%, while propri-
etary models reach 70-77%, yielding a margin of
more than 20 percentage points. In both VI and
VI (no-ref), proprietary systems similarly outper-
form open models by approximately 15-20 points,
indicating that the disparity persists across task
settings.

This gap may be influenced by differences in
the model scale, architectural design, and the size
and diversity of the pretraining data. Larger mul-
timodal pretraining corpora and more advanced
fusion mechanisms may support more coherent
multi-view representations. However, since the
detailed training configurations of the proprietary
models are not publicly available, these interpreta-
tions remain speculative. Moreover, the lack of a
clear scaling trend within open models suggests
that parameter size alone may not fully explain the
observed differences.

4.4. Analysis of Reference Utilization

Correct predictions in the VI (no-ref) condition in-
dicate that a model may answer correctly without
relying on external reference information, such as
the reference image or its viewpoint label. There-
fore, even if the same instance is also answered
correctly in the VI condition, the correctness cannot
necessarily be attributed to the use of reference
information.

To disentangle the effect of reference informa-
tion, we compare model predictions between the
VI and VI (no-ref) settings and categorize each
instance into four regions based on prediction cor-
rectness in the two settings: Region A (incorrect
in both conditions), Region B (correct only in VI
(no-ref)), Region C (correct only in VI), and Region
D (correct in both conditions).

The region C represents cases that are correctly
answered only when reference information is avail-
able, providing a conservative lower bound on the
proportion of samples for which the model uses the
reference image and its viewpoint label. An exam-
ple instance in Region C'is shown in Appendix A.1.
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Figure 3: Viewpoint label distributions for proprietary LVLMs; GPT-5, Claude Sonnet 4, and Gemini 2.5 Flash.

Figure 2 shows the confusion matrices for these
regions using proprietary models. The results re-
veal that even state-of-the-art LVLMs exhibit only
a limited proportion of Region C cases, suggest-
ing that their ability to connect linguistic viewpoint
descriptions with visual spatial evidence remains
limited.

We further analyze whether viewpoint labels ex-
hibit different levels of dependence on reference
information by comparing the distributions of view-
point labels in Region C with those in Regions
B and D. An example instance in Regions D is
shown in Appendix A.2.

As shown in Figure 3, viewpoint labels exhibit
systematic differences in reference dependence.
Figure 3a shows that the top view label appears
more frequently in Regions B or D, indicating that
these cases are often solved correctly without ref-
erence information. This may be because many
objects have a relatively well-defined vertical ori-
entation, making top and bottom viewpoints easier
to infer even without reference information. In con-
trast, Figure 3b shows that lateral viewpoints such
as left and right appear more frequently in Re-
gion C, suggesting that distinguishing left from right
often requires reference information to determine
object orientation.

Although the exact proportions vary across mod-
els, the qualitative pattern remains consistent: top
tends to occur more frequently in cases solvable
without reference information, whereas left and
right appear more frequently in cases where refer-
ence information contributes to correct predictions.
This pattern suggests that LVLMs may rely on di-
rect visual cues for some viewpoints while relying
on relational reference information for others when
performing viewpoint reasoning.

5. Related Work

The proposed task suite is closely related to the
concept of mental rotation in cognitive psychol-
ogy (Shepard and Jacqueline, 1971; Surtees et al.,
2013). Classical studies have shown that humans
can mentally rotate objects in a three-dimensional

space and compare their spatial configurations.

Recently, several benchmarks have been in-
troduced to systematically evaluate the spa-
tial reasoning ability of vision—language models
through mental-rotation-related tasks. For exam-
ple, LogicVista (Xiao et al., 2024) and its curated
extension SITE (Wang et al., 2025b) include sub-
tasks that estimate the viewpoint of 3D polycube
objects, thereby assessing spatial visualization
skills based on abstract geometric forms. Mean-
while, BLINK (Fu et al., 2024) introduces a multi-
view reasoning task using pairs of real-world im-
ages, where models judge whether the camera
motion between them is clockwise or counterclock-
wise.

In contrast, our task suite enables evaluation
grounded in the visual statistics of the real world by
employing real object images. Moreover, by requir-
ing models to infer the appearance of the opposite
side of background-free objects, our tasks assess
a more stringent mental rotation that cannot rely
on background continuity or motion cues. Further-
more, the comparison between VI and VI (no-ref)
establishes a new framework for quantifying how
effectively models exploit reference information—
namely, their capacity for reference-grounded spa-
tial reasoning.

6. Conclusion

We proposed two diagnostic tasks to assess view-
point reasoning and evaluated them on open
and proprietary LVLMs. Open models showed
large gaps from humans, while proprietary LVLMs
achieved higher accuracy but often succeeded
without reference information, revealing reliance on
linguistic or dataset biases. These results indicate
that current LVLMSs have not yet achieved robust,
visually grounded viewpoint reasoning. Our task
suite provides a foundation for future research on
reference-based spatial reasoning in LVLMs.
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7. Limitations

This study has several limitations. First, we do
not have access to the detailed training configura-
tions of proprietary models, including data sources,
model scales, and alignment procedures. As a
result, comparisons with open models may not re-
flect fully equivalent conditions, and the observed
performance gaps should be interpreted with cau-
tion.

Second, due to computational constraints, our
evaluation of open models was limited to relatively
small-parameter models, which may favor propri-
etary systems with larger capacity and broader
training corpora.

Third, although human evaluation was con-
ducted with two annotators and inter-annotator
agreement was reported, the evaluation was per-
formed on sampled subsets due to budget con-
straints. While agreement was high for OSR and VI
and moderate for VI (no-ref), a larger-scale human
evaluation would provide a more comprehensive
assessment of task difficulty and ambiguity.
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A. Appendices

A.1. Reference-Dependent Left/Right
Disambiguation.

Figure 4 illustrates an example belonging to region
C, where the model answers correctly under the
VI setting but fails in the VI (no-ref) condition. The
task is to determine the viewpoint of a target image
showing a sneaker.

In the VI setting, three images are provided: an
overall view, a labeled reference image explicitly
identified as the “left-side view”, and the target im-
age. The model correctly observes that the target
image presents the opposite profile relative to the
labeled left view. By comparing the two side pro-
files, it is inferred that the target must correspond to
the right-side view and produce the correct answer.

In contrast, under the no-ref condition, only the
overall view and the target image are given. Al-
though the model accurately describes visual de-
tails such as the shoe’s tiger-stripe pattern, side
profile, and structural components, it incorrectly
predicts “left-side view”. Without an explicit refer-
ence anchor, the model lacks a stable coordinate
frame to disambiguate lateral orientation.

This example demonstrates that left/right distinc-
tions are intrinsically relational and often require
explicit reference grounding, even when perceptual
matching remains intact.

A.2. Top View Correct Without
Reference.

Figure 5 illustrates an example belongs to region
D, where the model answers correctly even with-
out the reference image I eference- 1he task is to
determine the viewpoint of a woven basket with a
white fabric liner.

Under the VI setting, three images are provided:
an isometric view, a reference image explicitly la-
beled as the bottom view, and the target image.
The model identifies that the target image shows

the interior of the basket from above. It observes
that the opening of the basket is fully visible, the
interior space and white fabric liner can be seen,
and the metal handles appear on opposite sides.
Based on these geometric and structural cues, the
model correctly predicts “top view”.

Importantly, under the VI (no-ref) condition,
where [gference 1S NOt provided, the model still
produces the correct answer. The same visual
cues—interior visibility, opening shape, and handle
placement—are sufficient to infer that the viewpoint
is from above.

This example illustrates that vertically oriented
viewpoints, such as top views, can often be de-
termined without explicit reference grounding. In
contrast to lateral distinctions, the geometry of in-
terior visibility provides strong visual evidence that
enables stable viewpoint inference.
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Iisometric Ireference Itarget

Viewpoint Identification (with I eference)

Input

Three images show different views of the same object. The first is an overall view, the second is a left side view.
Question: From which viewpoint is the third image?

Options:

A. right side view

B. top view

C. rear view

D. front view

E. bottom view

Select the correct option and enclose your final answer between <answer> and </answers.

Output

| need to analyze the three images to determine the viewpoint of the third image.

Looking at the images:

Image 1: Shows an overall/three-quarter view of an orange and black striped high-top sneaker. | can see the front, side, and top portions of
the shoe.

Image 2: Shows the left side view of the same sneaker. | can see the profile of the shoe from the left side, showing the side panel with the
striped pattern.

Image 3: Shows the same sneaker from what appears to be the opposite side - the right side view. | can see the profile of the shoe from the
right side, showing the right side panel with the same striped pattern, but from the mirror perspective compared to image 2.

Comparing images 2 and 3, they show opposite profiles of the same shoe. Since image 2 is explicitly identified as the left side view, image 3
must be the right side view.

<answer>A</answer> v/

Viewpoint Identification (no-ref)

Input

Two images show different views of the same object. The first is an overall view. Question: From which viewpoint is the second image?
Options:

A. rear view

B. right side view

C. left side view

D. bottom view

E. front view

F. top view

Select the correct option and enclose your final answer between <answer> and </answers.

Output

| need to analyze both images to determine the viewpoint of the second image. Looking at the first image, | can see a basketball shoe with
orange and black tiger-stripe pattern, viewed from what appears to be a three-quarter front angle showing the medial (inner) side of the shoe.
In the second image, | can see the same shoe but from a different angle. The shoe is now shown from the side, and | can see:

- The full profile of the shoe from toe to heel

- The lacing system clearly visible

- The ankle collar and heel area

- The sole/midsole structure

- The tiger stripe pattern continuing along the side

Comparing the two images, the second image shows the shoe from a side perspective. Given the orientation and the way the shoe is
positioned, this appears to be the left side view of the shoe (showing the lateral side).

<answer>C. left side view</answer> X

Figure 4: Example from region C generated by Claude Sonnet 4. The top row shows the input images. In the middle
row, the upper panel shows the VI input prompt, and the lower panel shows the corresponding model output. In the
bottom row, the upper panel shows the VI (no-ref) input prompt, and the lower panel shows its output. In the no-ref
setting, Ireference iS NOt provided. With a labeled reference image, the model correctly infers the “right-side view”;
without reference information, it misclassifies the lateral orientation.
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Iisometric Ireference Itarget

Viewpoint Identification (with I eerence)

Input

Three images show different views of the same object. The first is an overall view, the second is a bottom view.
Question: From which viewpoint is the third image?

Options:

A. top view

B. right side view

C. front view

D. left side view

E. rear view

Select the correct option and enclose your final answer between <answer> and </answers.

Output

| need to analyze these three images of the same woven basket to determine the viewpoint of the third image.

Looking at the images:

1. First image: Shows an overall/perspective view of a square woven basket with a white fabric liner. | can see the basket from an angled
view that shows the front and side, with the white liner visible at the top.

2. Second image: Shows the bottom view of the basket. | can see the flat woven pattern of the basket’s base from underneath.

3. Third image: Shows the interior of the basket looking down into it. | can see the white fabric liner draped inside the basket, and | can see
down into the basket’s interior space. The metal handles are visible on the sides.

Since the third image shows me looking down into the basket’s interior from above, this is a top view.

<answer>A</answer> v

Viewpoint Identification (no-ref)

Input

Two images show different views of the same object. The first is an overall view.

Question: From which viewpoint is the second image?

Options:

A. rear view

B. right side view

C. left side view

D. bottom view

E. front view

F. top view

Select the correct option and enclose your final answer between <answer> and </answers.

Output

| need to analyze both images to determine the viewpoint of the second image.

In the first image, | can see a wicker basket with a white fabric liner. The basket appears to be shown from a three-quarter angle view,
allowing me to see the front and one side of the basket. The basket has a square/rectangular shape with woven wicker exterior and a white
fabric liner that’s folded over the rim.

In the second image, | can see what appears to be the same white fabric liner, but now I'm looking down into the basket from above. | can
see the interior of the basket with the white liner fabric, and | can see the handles on opposite sides. The view shows the opening of the
basket and the interior space, which indicates this is taken from above looking down.

<answer>F. top view</answer> v/

Figure 5: Example from region D generated by Claude Sonnet 4. The top row shows the input images. In the middle
row, the upper panel shows the VI input prompt, and the lower panel shows the corresponding model output. In the
bottom row, the upper panel shows the VI (no-ref) input prompt, and the lower panel shows its output. In the no-ref
setting, Ireference iS NOt provided. The model correctly identifies the top view in both settings, indicating that explicit
reference information is not required.
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