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Abstract

A useful test of visual concept learning is not just whether
a model can recognize a concept in a single image, but
whether it can preserve and manipulate concept-level prop-
erties under transformation and transfer them to new
scenes. We introduce VISANALOG, a controlled suite for
this setting on natural images. Each example instantiates
A:B :: C:7 images B and a hidden target image D
are produced by applying the same deterministic transfor-
mation sequence to source images A and C. Given A, B,
and C, a model must answer a multiple-choice question
about D. The benchmark contains 617 human-validated
questions spanning one- to four-step transformations such
as zoom, quadrant swap, rotation, flip, and hue rotation.
Across strong proprietary and open-source VLMs, end-to-
end accuracy is substantially lower than oracle accuracy
when D is directly shown, and degrades sharply as trans-
formation depth increases, while human performance re-
mains near the ceiling. A program-conditioned evalua-
tion further separates failures of relation inference from
failures of transformation application, showing that infer-
ring the visual relation from A — B is the dominant
bottleneck, with additional application errors emerging on
harder multi-step cases. The dataset is publicly available at
https://huggingface.co/datasets/z1i99/
VisAnalog.

1. Introduction

A central goal of visual concept learning is to understand
whether models can use visual concepts and relations be-
yond one-shot recognition. If a multimodal model has
learned meaningful visual concepts, it should not only rec-
ognize them in a single image, but also track how visual
properties and relations change under transformation and
transfer those changes to new instances. This capability
matters for visual reasoning, scene understanding, and con-
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Question: What are the characteristics of the large text visible on the
main aircraft's fuselage?

Options:

A: The text is blue-colored, appears upside down and horizontally
mirrored, and is in the bottom-right quadrant.

B: The text is gold-colored, appears upside down and horizontally
mirrored, and is in the bottom-right quadrant.

Figure 1. An example of the visual analogy questions for our
benchmark. In these questions, source images A and C' undergo
the same transformation 7', a sequence of image-editing opera-
tions, to become images B and D, respectively. During evaluation,
the model is provided with images A, B, and C, and is tasked
with answering a question about the hidden image D. To solve
the question, the model must infer the abstract visual relationships
between A and B, then apply them to C' to mentally visualize D.
The question assesses specific visual details in D that depend on
accurately inferring the transformed image. In this example, the
question focuses on the color, orientation, and position of the text.

trollable generation, where success depends on preserving
and manipulating visual information rather than merely de-
scribing what is directly visible. We study this capability
through a controlled visual analogy task on natural images.
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Each example instantiates an analogy A : B :: C' :7, where
B and a hidden target image D are produced by apply-
ing the same deterministic transformation sequence to two
source images A and C. The model receives A, B, and C,
but not D, and must answer a question about D. To suc-
ceed, it must infer the relation expressed by A — B, trans-
fer that relation to C, and reason about the resulting hidden
image. We use visual concepts to refer to controllable im-
age properties and visual relations to refer to deterministic
transformations over those properties. VISANALOG tests
whether models can use such concepts and relations in a
way that supports manipulation, composition, and transfer,
rather than only recognizing them in a single image. Un-
like ARC- or RAVEN-style analogy benchmarks built on
synthetic patterns, our setting uses natural images, requir-
ing models to identify and track these relations in realistic
scenes while preserving precise control over the underlying
transformation. Across strong proprietary and open-source
VLMs, performance is substantially higher when the true
target image D is directly visible than when it must be in-
ferred, and end-to-end accuracy declines sharply as trans-
formation depth increases, even while human performance
remains near ceiling.

Contributions. We make three contributions: (1) we in-
troduce VISANALOG, a controlled benchmark for testing
concept-level visual transfer under transformation on natu-
ral images; (2) we show that strong VLMs struggle on this
task, especially under multi-step composition; and (3) we
introduce a program-conditioned diagnostic that makes the
benchmark more interpretable by separating failures of re-
lation inference from failures of transformation application.

2. Related Work

Vision-centric evaluation of VLMs. Vision benchmarks
for multimodal models span several settings. Knowledge-
centric VQA benchmarks test whether models can identify
scene content and combine it with external or world knowl-
edge [8, 14, 18, 19, 22]. Relational and perception-focused
benchmarks instead emphasize properties that must be read
from the image itself, including spatial relations, orienta-
tion, and perceptual judgments [6, 10, 21]. These works
show that modern VLMs often struggle even when the rel-
evant evidence is directly present in the input image. Our
benchmark is complementary: rather than asking about vis-
ible evidence alone, we ask models to reason about a hidden
transformed target derived from an observed image pair.

Analogical reasoning and relational transfer. Analogi-
cal reasoning has long been studied as the transfer of re-
lational structure rather than surface similarity [7], with
links to visuospatial simulation and mental rotation in cog-
nitive science [12, 17, 20]. In language models, analog-
ical ability has been shown to emerge in some settings,
but remains brittle when structure must be induced and

transferred rather than recalled [9, 23, 27]. Visual anal-
ogy benchmarks such as ARC, ConceptARC, and RAVEN
similarly probe abstract relational transfer, but typically do
so in synthetic or symbolic domains [4, 15, 16, 29]. We
view VISANALOG as complementary to these benchmarks:
instead of abstract symbolic patterns, we study controlled
transformation-based transfer in natural images.
Multimodal models and concept use under transforma-
tion. Recent unified multimodal models increasingly sup-
port both visual understanding and generation within a sin-
gle architecture [1, 3, 5, 24, 25]. At the same time, recent
evaluations continue to find major weaknesses in abstract,
spatial, and transformation-based reasoning [2, 13, 26, 28,
30]. Our work differs from open-ended generation bench-
marks and broad capability surveys in two ways. First, we
use a deterministic transformation family, which makes the
underlying relation explicit and interpretable. Second, we
focus on whether visual information is processed in a way
that supports compositional transfer and downstream rea-
soning. In this sense, VISANALOG is best viewed not as a
general benchmark of visual reasoning, but as a controlled
probe of how multimodal models use visual concepts under
relational transformation.

3. VISANALOG: Task and Construction

Task definition. We study a narrow form of visual analogy:
visually grounded relational transfer. Each example instan-
tiates an analogy of the form A : B :: C :7, where B and
a hidden target image D are obtained by applying the same
transformation sequence 7" to two source images A and C,
respectively. At test time, the model is given A, B, and
C, but not D, and must answer a multiple-choice question
about D. To succeed, it must infer the relation expressed
by A — B, transfer that relation to C, and reason about the
resulting hidden image.

We view this setup as a controlled concept probe rather

than a comprehensive benchmark of visual reasoning. The
goal is to test whether models can preserve and manipulate
concept-level visual properties and relations—such as color,
orientation, and spatial position—under controlled transfor-
mations in natural scenes.
Controlled transformation family. We restrict 7" to a fixed
family of deterministic image edits: (i) centered zoom (an
80% crop resized back to the original resolution), (ii) quad-
rant swap (exchanging two tiles in a 2 x 2 grid), (iii) counter-
clockwise rotation (90°, 180°, or 270°), (iv) horizontal or
vertical flip, and (v) hue rotation (90°, 180°, or 270°). Any
example may contain a subset of these operations, with each
operation used at most once. When multiple operations are
present, they are applied in a fixed order. This keeps the task
narrow but well specified: the underlying transformation is
explicit, ambiguity from edit ordering is reduced, and diffi-
culty can be controlled by the number of composed steps.



Source images and instance generation. We construct
examples from natural images sampled from SA-1B [11],
favoring images with sufficient resolution and scene com-
plexity. For each instance, we sample two source images A
and C, generate a random transformation sequence 7", and
produce B = T(A) and D = T(C) using PIL. The use
of natural images places these controlled transformations in
visually rich scenes, while the synthetic edit family keeps
the task programmatically precise.

Question generation. For each pair (C, D), we generate
one multiple-choice question about D. Questions are writ-
ten to target visual consequences of the transformation se-
quence. The question, ground-truth answer, and distractor
options are proposed by Gemini 2.5 Pro, conditioned on C,
D, and the ground-truth transformation sequence. Distrac-
tors are designed to reflect plausible partial failures, such as
omitting one step or misapplying the transformation order.
This design ensures success depends on correctly transfer-
ring the visual relation, rather than on language priors alone.
Quality control. We apply a two-stage filtering process.
First, annotators verify that the transformation relating A
and B is uniquely identifiable, removing ambiguous cases
such as near-symmetries or repeated quadrants. Second, an-
notators verify that the question has a unique correct an-
swer given accurate reasoning about . We retain only
items accepted by two annotators on both criteria. To reduce
residual annotation errors in answerability, we then apply a
lightweight oracle-solvability check with two open-source
VLMs, Qwen2.5-VL-72B and Llama-3.2-90B-Vision, us-
ing the question together with oracle D, and keep only items
solved by at least one model. We use this step only to re-
move clearly problematic items, not to argue that the bench-
mark is easy or saturated. The final benchmark contains 617
questions spanning one- to four-step sequences.

4. Experiments

Evaluation settings. We report three settings. End-to-end
analogy is the main task: the model receives A, B, and
C, and answers a multiple-choice question about hidden
D. Oracle VQA provides the ground-truth target image
D directly and measures whether the question is answer-
able given correct visual evidence. Wrong-image control
replaces D with C' and tests whether success can be ex-
plained by generic priors or superficial cues instead of rea-
soning about the transformed target.

Model selection. = We report a representative set of
strong proprietary and open-source VLMs, spanning fron-
tier closed models (GPT-03, Gemini-2.5-Flash, Gemini-
2.5-Pro) and strong open models (Qwen2.5-VL-72B,
InternVL3.5-38B-Instruct, Qwen3-VL-8B-Instruct).
Human baseline. We treat the human result as a sanity-
check estimate rather than a high-precision benchmark.
Following the benchmark protocol, we randomly sample

Model Stepl Step2 Step3 Step4
Human 100.0 90.0 90.0 90.0
GPT-03 774  66.0 49.0 30.7
Gemini-2.5-Flash 673 59.7 51.6 240
Gemini-2.5-Pro 712 497 484 293
Qwen2.5-VL-72B 51.8 39.6 433 520

InternVL3.5-38B-Instruct 51.3 32.1 21.7 26.7
Qwen3-VL-8B-Instruct 584 340 293 307

Table 1. End-to-end analogy accuracy (%) on VISANALOG.

40 questions (10 per step count), ask two annotators to
solve them independently with access to A, B, C, and
the transformation family, and adjudicate disagreements to
form consensus labels.

4.1. Main benchmark results

Strong models still struggle with transformation-based
visual analogy. Table | reports representative end-to-
end results. Humans remain near ceiling across all step
counts, while strong closed and open models are substan-
tially worse and, for most models, degrade as the number
of composed transformations increases. This trend is es-
pecially clear for GPT-03 and the Gemini models: for ex-
ample, GPT-03 drops from 77.4% on 1-step questions to
30.7% on 4-step questions, while humans remain at 90—
100% across all four bins. Overall, the table shows that
transferring a visually specified relation and then reasoning
about the hidden result is much harder than ordinary single-
image question answering.

The benchmark requires transferring transformed vi-
sual concepts, not guessing from the source image. Fig-
ure 2 provides the key control. Questions are explicitly writ-
ten to target properties and relations that are true in D, must
follow from the transformation sequence, and are not an-
swerable from C alone; distractors are designed to reflect
plausible misapplications such as omitted steps or wrong
order. Consistent with that design, models perform below
chance in the wrong-image control, where they are asked
the question using the source image C' instead of the hidden
target D. In contrast, when the ground-truth target image
D is directly provided, oracle accuracy remains high across
models, often above 80%. Together, these controls show
that the task is not solved by generic priors or by reading
off concepts already visible in the source image. Instead,
success requires transferring concept-level visual informa-
tion through the inferred transformation and then reasoning
over the resulting hidden target.

The main difficulty is the analogy gap, and it widens
with composition. Taken together, Table 1 and Figure 2
isolate the core difficulty of VISANALOG. The questions
are answerable when correct visual evidence is available,
but not from the untransformed source image, which means
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Figure 2. Comparison of end-to-end analogy solving, wrong-
image control, and oracle VQA. Models perform much better
when the true target image D is visible than when they must in-
fer it, while the wrong-image control stays near or below chance.
Dashed lines indicate 25% random-guessing accuracy.

the remaining gap is specifically about analogical transfer
of visual relations. Moreover, the separation between ora-
cle grounding and end-to-end analogy grows as the trans-
formation chain becomes longer, indicating that errors ac-
cumulate when models must preserve and manipulate trans-
formed visual concepts across multiple steps. The central
empirical finding of our benchmark is a growing composi-
tion gap: current VLMs remain much stronger at answering
from direct visual evidence than at inferring, composing,
and applying multi-step transformations.

4.2. Diagnosing inference and application errors

Motivation. Figure 2 measures end-to-end performance on
the analogy reasoning task, requiring the model to both in-
fer the composition of visual concepts and relations from
A to B and apply it to C. To better understand this ca-
pability, we isolate two failure modes, separating errors in
inferring the analogy from errors in applying it. We add
a program-conditioned setting in which the model receives
C together with the exact ground-truth transformation pro-
gram 7', and must answer the same question about hidden
D. This removes relation inference while preserving the
need to apply a multi-step transformation and reason over
the resulting target.

Metrics. We report program-conditioned accuracy
Acc(C,T) and two signed gaps:

Aing = Ace(C,T) — Acc(A4, B, 0),
Aapp = Acc(D) — Ace(C, T).

where Acc(A, B, C) is end-to-end analogy accuracy and
Acc(D) is oracle VQA accuracy. A large A;,¢ indicates
that inferring the relation from A — B is a major bottle-
neck; a positive A, indicates residual difficulty in apply-
ing the known transformation and using the transformed vi-
sual concepts for question answering.

Findings. Across both models, the inference gap is large
at every step and is generally larger beyond Step 1, indi-
cating that relation inference is a major source of error in

Model Metric S1 S2  S3 S4
Acc(C,T) 708 704 624 533

InternVL3.5-38B  Ajnr 19.5 384 40.8 26.7
Aapp 9.7 8.8 153 26.7
Acc(C, T) 721 679 61.8 52.0

Qwen3-VL-8B JANTY: 13.7 340 325 21.3
Aapp 1.8 06 64 173

Table 2. Program-conditioned evaluation. Acc(C,T) gives accu-
racy when the model is provided image C' and the exact trans-
formation program 7. Ay measures the gain from removing
relation inference, and A,p, measures the residual gap to oracle
grounding. Results are reported separately for each step count.

VISANALOG. This suggests that a substantial portion of
the end-to-end failure arises before the model ever reasons
about the hidden target: it often fails to recover how vi-
sual properties and relations change from A to B. At the
same time, the application gap is also consistently positive
and becomes more pronounced as the composition grows
longer. For InternVL3.5-38B-Instruct, A,, rises from 9.7
points at Step 1 to 26.7 points at Step 4, indicating substan-
tial residual difficulty even when the correct transformation
is provided. Qwen3-VL-8B-Instruct shows a smaller resid-
ual gap, but it too increases with depth, from near zero on
Steps 1-2 to 17.3 points on Step 4. Taken together, these
trends show that both error sources are meaningful, and that
both become more visible as the sequence of visual concept
changes grows. More broadly, the negative correlation with
step number suggests that current models do not yet exhibit
robust, compositional mastery of visual concept recognition
and transfer.

5. Conclusion

We introduced VISANALOG, a diagnostic benchmark for
evaluating whether VLM can recover a visual relation from
one pair of natural images and use it to reason about an
unseen counterpart. Each example instantiates an analogy
A : B :: C :7, where the model must infer the edit sequence
underlying A — B, compose the corresponding operations
on (', and answer a question about the latent target. Con-
trolled evaluations confirm that the benchmark measures vi-
sually grounded relation identification and execution rather
than single-image recognition or shortcut reasoning from
the source image. Our main finding is a widening compo-
sition gap: as transformation depth increases, end-to-end
accuracy falls substantially, revealing a weakness in current
VLMs’ ability to maintain and manipulate visual concepts
across multi-step edits. Program-conditioned experiments
show that this gap reflects both relation-inference failures
and residual errors in applying known transformations, both
worsening with composition length.
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A. Model Prompts

Question Generati

1) Context and Inputs

You are a question generator that writes exactly one
diagnostic multiple-choice question (MCQ) about
the target image D.

You are given:
- C: the source image.
- D: the ground-truth target image produced by
applying a sequence of transformations to C.
- Sigma = [tau_l, tau_2, ..., tau_k]: an ordered list
of transformations mapping C -> D.

Transformation types are for your internal reasoning
only; do NOT mention them in the question or
options:

- Operational: pixel-space edits, e.g., rotation,
center crop, flip, hue shift, quadrant swaps.

Evaluation usage: Later, a solver model will not see
D. It will receive A, B, and C, infer A -> B,
apply the inferred transformation(s) to C to
imagine D, and then answer your question about D

Your question must probe visual details of D
that are consequences of the transformation(s),
thereby testing whether the solver can simulate
transformations mentally.

2) Objective

1. Understand the visual consequences that
distinguish D from C via Sigma.

2. Write one self-contained MCQ about D that:

- Makes sense on its own.

- Never mentions C, D, transformation, analogy, or

step names.

- Requires correct simulation of the full sequence

of transformations to answer.

- Is not answerable from C alone, generic priors,
or an incorrect visualization of the target
image.

3. Provide four options, labeled A, B, C, and D, with

exactly one correct answer.

4. Make each distractor a plausible outcome of a
specific mis-simulation: omitted step, wrong
order, or wrong interpretation.

5. Provide an explanation proving why the correct

option is uniquely true in D and diagnosing each
distractor.

3) Hard Leak-Prevention Rules

Never reveal, hint at, or imply any of the following
in the question or options:

— The existence of transformations, Sigma, step types
, or operation names.

- Any verbs or phrases that imply change or causality
, €.9., becomes, turned, after, before, now,
transformed, once rotated, when aged, if winter
arrives, gets flipped, or shifted.

- Any meta-language about the protocol, e.g., A/B/C/D
, analogy, simulation, or apply the
transformation.

- Direct references to D, such as in the final image.

Focus on neutral, stative facts about what is true in
D: objects, attributes, spatial relations, and
states. Do not ask what changed; only ask what
is.

4) Robustness and Diagnostic Power

- Not answerable from C alone or generic priors. The
correct answer must hinge on the effects of the
transformation sequence that produces D.

- Plausible failure modes. Write distractors that
reflect realistic mis-visualizations, e.g.,
skipped steps, wrong order, or wrong magnitude,
so the item challenges an unfaithful visualizer.

- Salient, stable consequences. Target robust,
clearly visible outcomes that persist in a
correct rendering of D; avoid tiny details or
subtle, hairline differences.

— Parallel and balanced options. Keep the answer
choices similar in length and style.

5) Output Format

Print exactly this JSON object, with no extra text
and no code fences:

rationale: <brief reasoning: which consequences of
C -> D are targeted; why solving requires the
entire sequence; how each distractor challenges
an incorrect or inaccurate visualizer>,

question: <one single-sentence MCQ about D; no
mention of C, D, transformations, or analogy>,

options: [<A>, <B>, <C>, <D>],

explanation: <why the chosen option is uniquely
correct for D only when all steps are applied>,

answer: <A|B|C|D>

Analogy Reasoning with Search Space Information

You are a Visual Analogical Reasoner.

Task

- Solve the analogy A : B :: C : D.

- You are given three images: A, B, and C.

- Infer the minimal transformation T that maps A -> B
, then mentally apply T to C to imagine D.

— Then answer a fine-grained multiple-choice question
about the imagined D.

Input

- image_A, image_B, image_C

- question: a fine-grained query about the imagined D
— choices: four options labeled A, B, C, and D




Output
- Let's think step by step, and then output only one
capital letter in a LaTeX box, e.g., \boxed{A}.

Each transformed image is produced by up to 4 non-

repeating operations applied in a fixed order: a
centered zoom, a swap of two tiles in a 2x2
quadrant grid, a counter-clockwise rotation of
90, 180, or 270 degrees, a horizontal or

vertical flip, and a hue rotation of 90, 180, or
270 degrees. Any subset of these operations may
be used, but whenever an operation is included,
it appears in this order.

Question:
[Question]

Options:
[Options]

Image A:
[Image A]

Image B:
[Image B]

Image C:
[Image C]

Standalone A Evaluation

You are a Visual Question Answering model.

Task
— Answer a multiple-choice question about the image.

Input

- image

- question: a query about the image

— choices: four options labeled A, B, C, and D

Output
- Let's think step by step, and then output only one
capital letter in a LaTeX box, e.g., \boxed{A}.

Question:
[Question]

Options:
[Options]

[Input Image]
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