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Abstract

We introduce the Image Reconstruction Game,
a fully automated benchmark in which a vision-
language model issues corrective instructions
to an image generator across multiple turns,
making accumulated common ground directly
observable as a rendered image. Benchmarking
two Describer models crossed with two Gen-
erator models across seven image categories,
we find that the describer is the dominant fac-
tor in reconstruction quality, while the gener-
ator determines whether iterative refinement
helps or hurts. Mathematical and geometric
images pose the greatest challenge. The de-
scriber’s token budget strongly affects conver-
gence: shorter budgets yield sparser first ren-
derings with more room for visible improve-
ment, while longer budgets raise absolute qual-
ity but leave less to fix. Stronger describers use
a richer correction vocabulary spanning spa-
tial, numeric, and structural categories, while
weaker describers concentrate on surface prop-
erties and tend to stop after a few turns. Human
validation shows that the best automated judge
reaches only slight-to-fair agreement with hu-
man preferences, and automated scores require
human recalibration to be used reliably.

1 Introduction

Imagine you have a picture “in your head” — a
scene that you saw, a diagram that you think could
explain something, etc. — that you want to see ma-
terialised. Image generation models aim to address
this use case: You describe what is “in your head”
using language, and the model generates an image.
Where early models technically simply were func-
tions from textual prompts to images, modern mod-
els set up this task in a more iterative, incremental
and dialogic way, where earlier attempts can be cor-
rected and modified. Using terminology from the
study of conversations, this can be described as a
process of conversational grounding (Clark, 1996),
where common ground between the interactants is
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Figure 1: In the IR game, one model (the describer)
tries to steer another (the generator) towards faithful
reproduction of a target, using only natural language
descriptions, over several turns. Figure shows example
of how the generated image develops in response to the
instructions (which are not shown), for three different
model pairings and the same target.

reached through an interactive process of clarifi-
cation and correction. This paper uses this setup
to test current models on the various components
of this task: How good are current language and
vision models at describing an image in such a way
as to steer an image generation model to reproduce
it, and how good are such image generation models
at being steered? Figure 1 illustrates the outputs
of three model pairs across turns to reconstruct the
target image through dialogue.

This adds a new dimension to the testing of mod-
els that combine linguistic and visual capabilities,
as commonly the focus in their evaluation is on non-
interactive tasks—captioning, VQA, image—text
alignment—that do not test the capacities (Shrid-
har et al., 2020). Settings such as those used in
CoDraw (Kim et al., 2019) establish that iterative
visual communication can be studied as a collab-
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Multimodal Dialogue Channel
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Figure 2: Overview of the Image Reconstruction Game. The Describer (a VLM) has access to the target image |

and communicates with the Generator (an image model) exclusively through natural language. The Generator
produces a rendering (1 or ) from the accumulated dialogue; the Describer observes both | and the rendering and
issues a corrective instruction for the next turn. Each rendering makes the current state of common ground directly
visible, and the loop continues until the Describer signals convergence or a turn limit is reached. Comparison is

done between target image |

orative task with measurable outcomes, but rely
on human players and fixed symbolic representa-
tions. Conversational image generation systems
(El-Nouby et al., 2019; Huang et al., 2025; Ma
et al., 2026) place the human in the describer role,
targeting user intent rather than evaluating the de-
scriber itself. Neither line holds one component
fixed while varying the other, and neither connects
communication trajectories to human perceptual
judgements of outcomes.

We introduce the Image Reconstruction Game,
a fully automated multimodal dialogue game that
fills these gaps (see Figure 2). A describer model
(a VLM) observes a target image and must steer an
image generator to reproduce it through a sequence
of natural-language turns; at each turn the genera-
tor’s rendering makes the current state of common
ground directly visible, and the describer observes
both target and all renderings up to that point in
the dialogue before issuing a corrective instruc-
tion. No human is in the loop: the game is played
entirely between models under controlled, repro-
ducible conditions. This design lets us investigate
four research questions: RQ1 Can VLMs detect
fine-grained perceptual differences between paired
images and verbalise them as actionable, corrective
instructions? RQ2 Do those instructions measur-
ably reduce the difference between the target and

and the final turn generated image It.

the current rendering over turns? RQ3 Does the
describer—generator pair build common ground pro-
gressively, as reflected in both automated similarity
scores and human ratings? RQ4 Which automated
image-similarity metrics best track human percep-
tual judgements in this setting?

Addressing this last question is non-trivial:
embedding-based similarity metrics are known to
diverge substantially from human perceptual judge-
ments (Ghazanfari et al., 2024), and LLM-based
judges—while better correlated with human ratings
than CLIP or BLIP in text-to-image settings (Lu
et al., 2023)—cannot be assumed to carry over to
image reconstruction without direct empirical vali-
dation (Fu et al., 2024; Marjieh et al., 2024). Our
contributions are: (i) a new task formulation and
instance set spanning seven image categories that
vary the difficulty of perception and verbalisation;
(i1) a benchmark comparing two describer models
against two generators, isolating describer quality
from generator variation; (iii) a human similarity
rating study on a stratified subset, together with
an analysis of which automated metrics are most
reliable proxies; and (iv) a qualitative analysis of
what kinds of differences are hard to perceive or
verbalise'.

1https ://github.com/clp-research/
image-reconstruction-game
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2 Related Work

CoDraw (Kim et al., 2019) establishes the asym-
metric Teller—Drawer paradigm for iterative visual
reconstruction through multi-turn dialogue, and
related work shows how common ground accumu-
lates across turns when agents describe or identify
shared images (Haber et al., 2019; Clark et al.,
2021; Madureira and Schlangen, 2023; Testoni
and Ferndndez, 2024; Han and Schlangen, 2017).
Game-based frameworks have also been adopted
as evaluation instruments for language and multi-
modal models: Chalamalasetti et al. (2023) sys-
tematise this for text-based chat models, and Haki-
mov et al. (2025) extend it to multimodal models
with games probing reference resolution and image
comparison (Zhong et al., 2021; Mohapatra, 2023;
Li et al., 2024). Our game inherits this paradigm
where players are VLM models as describer and
generative image model as generator, making com-
mon ground directly observable as a rendered im-
age at every turn.

A broad family of systems generates or refines
images through multi-turn natural language (Ullah
et al., 2022; ElI-Nouby et al., 2019; Lee et al., 2021;
Wei et al., 2023; Wang et al., 2024; Feng et al.,
2025; Ma et al., 2025; Huang et al., 2025; Wang
et al., 2025; Ma et al., 2026; Hu et al., 2026). In
all cases a human user provides instructions; the
research question is how to build a better generative
pipeline, not how to evaluate the instruction-giver.

Co-creative drawing agents assist human sketch-
ers in open-ended creative tasks (Davis et al.,
2016, 2017; Fan et al., 2019; Huang et al., 2020;
Zhang et al., 2021; Ibarrola et al., 2024; Davis and
Rafner, 2025), while emergent communication re-
search asks whether agents can evolve functional vi-
sual protocols through interaction (Fernando et al.,
2020; Mihai and Hare, 2021; Qiu et al., 2022;
Vinker et al., 2025). Both treat visual output as a
communicative medium, but target artistic expres-
sion or protocol emergence rather than the fidelity
of reconstruction by existing models.

Human evaluation of generated images typically
takes the form of pairwise preference judgements
or direct similarity ratings, and is used as the
ground-truth reference against which automated
metrics are calibrated. Standard metrics such as
SSIM, LPIPS, DINO, and CLIP are known to
diverge from human mid-level perceptual judge-
ments (Ghazanfari et al., 2024), and multimodal
LLMs similarly under-perform humans on explicit

visual similarity tasks (Fu et al., 2024). Lip-
Sim (Ghazanfari et al., 2024) and LLMScore (Lu
et al., 2023) address this by providing provably
robust perceptual similarity estimates and align-
ing metrics to human quality ratings respectively,
while Marjieh et al. (2024, 2022) show that LLMs
can approximate human similarity ratings across
perceptual domains, though with systematic biases.
We extend this line to image reconstruction, using
human ratings to validate LLM judges that also
participated as Describer models.

Recent benchmarks specifically targeting
mathematical and geometric visual perception—
including MathOPEval (Li et al., 2025), GG-
Bench (Wei et al., 2026), MATHGLANCE (Sun
et al., 2025)—consistently show that diagram-level
geometric perception is a critical bottleneck in
current VLMs. Where these benchmarks measure
whether a model can read a geometric figure, the
Image Reconstruction Game asks whether a model
can articulate residual differences between two
such figures—a harder, relational task. Our finding
that Functions and Geometry categories pose
the greatest challenge aligns with and extends
this body of evidence to corrective, goal-directed
communication.

3 The Image Reconstruction Game

3.1 Task definition

Game description. The Image Reconstruction
Game is a two-player dialogue game implemented
within the clem framework for game-based model
evaluation (Chalamalasetti et al., 2023; Hakimov
et al., 2025). In this framework, a programmatic
GAMEMASTER instantiates each game episode
with a given target image, manages turn-by-turn
prompting of the two players, enforces the com-
munication protocol, and records the episode for
scoring.

The two players occupy asymmetric roles with
different information access and capabilities (see
Figure 2). The Describer is a Vision-and-Language
Model that has full access to the target image | .
Its goal is to produce natural-language utterances
that guide the Generator toward a faithful visual
reproduction of | . The Generator is an image gen-
eration model that never observes | directly; it can
only perceive the accumulated dialogue history—
the sequence of Describer utterances—and must
render an image conditioned on that text.

The game unfolds over multiple turns: at each



turn the Describer observes both | and the Gen-
erator’s previous rendering 1; 1 (t stands for the
turn index), then issues a corrective instruction or
signals convergence; the Generator produces a new
image based on the dialogue and previous render-
ing.

This iterative structure operationalises the pro-
gressive building of common ground (Alikhani and
Stone, 2020): each rendering |, is a visible pro-
jection of the shared state constructed so far, and
each Describer utterance is a grounding act that
attempts to reduce the residual gap. The asymmet-
ric information design—where only the Describer
knows I — mirrors the Teller—Drawer setup of Co-
Draw (Kim et al., 2019) and multimodal dialogue
games (referential, collaboration, spatial naviga-
tion) studied by Hakimov et al. (2025), while ex-
tending them to open-ended natural-language com-
munication with modern generative image models.

Capability tested. The game is designed to
probe two interleaved capabilities that standard
VLM benchmarks (Agrawal et al., 2017; Yue et al.,
2024) do not jointly assess. First, the Describer
must perceive fine-grained differences between |
and |; 1— a visual discrimination task that is con-
siderably harder than captioning a single image
and that demands sensitivity to spatial, metric, and
relational properties. Second, it must verbalise
those differences as specific corrective instructions
for the Generator to act on, which requires goal-
directed language production rather than generic
scene description. The Generator, in turn, must
interpret and act on incremental instructions while
maintaining coherence with what has already been
rendered. Jointly, these demands test whether a
VLM can function as a goal-directed communica-
tive agent in a closed-loop, multimodal setting.

3.2 Prompts and communication protocol

Each player’s messages must conform to the com-
munication protocol so that the GAMEMASTER
can validate, parse, and relay them between players.
An episode continues until one of three stopping
criteria is met: (1) Player A signals convergence by
producing a DONE action; (2) the maximum turn
limit of T =10 is reached; or (3) a player violates
the protocol.

Player A (Describer). Player A is a VLM that
receives the target image | and the most re-
cent Generator rendering I, 1 at every turn (on

turn 1, only | is available, as no rendering ex-
ists yet). The GAMEMASTER presents these im-
ages with a prompt that asks Player A either to
describe | in sufficient detail for an image gen-
erator to reproduce it (turn 1), or to identify spe-
cific remaining differences between 1 and I; 1
and issue a targeted corrective instruction (turns
t > 1). Player A must wrap its output in
<DESCRIPTION> ... </DESCRIPTION> tags so that
the GAMEMASTER can parse and relay the mes-
sage to Player B; a response consisting solely of
DONE (without tags) signals convergence and ends
the episode. A token budget of 200 tokens per turn
is imposed to enforce concise, targeted corrections
rather than exhaustive re-descriptions.

The correction turns place a higher demand on
visual reasoning than the initial description: correc-
tions must be relational—specifying what is wrong
relative to the current rendering—should focus on
what to improve rather than descriptions of the im-
age from scratch.

Player B (Generator). Player B is an image gen-
eration model that receives two inputs at each turn:
the previous rendering I; 1 and the text message
produced by Player A in the same turn. It does
not have access to | at any point; its only signal
is the accumulated dialogue history together with
the visual context of its own previous output. The
GAMEMASTER also passes the full sequence of
prior Player A utterances alongside I; 1, ensuring
that compositional information established in early
turns is not lost when later turns focus on local cor-
rections. Player B’s sole output is a new rendered
image l;, which is then forwarded to Player A as
the basis for the next turn.
All prompt templates are given in Appendix C.

4 Experimental Setup
4.1 Models

Describer models. We evaluate a set of publicly
available VLMs in the Describer role. QWEN3-
VL-30B-A3B-INSTRUCT (Yang et al., 2025) was
run locally on a single NVIDIA A100 GPU and
GPT-5.2 model was accessed via API. A fixed
token budget of 200 tokens was used.

Generator models. We use two image genera-
tion models as generators: GEMINI-3.1-NANO-
BANANA and GPT-IMAGE-1.5. Both are ac-
cessed via their respective image generation APIs
in image-to-image conditioning mode: at each



Figure 3: Representative target images (hard level) for seven categories in the dataset

turn the Generator receives the previous render-
ing I; 1 together with the accumulated dialogue
history, not merely the latest instruction. Calls
are made with default sampling parameters; seeds
are not fixed across turns (as neither API exposes
turn-level seed control), so observed score changes
across turns reflect a combination of conditioning
behaviour and sampling stochasticity. Each De-
scriber is evaluated against each Generator, yield-
ing a Describer  Generator grid of results; the
Generator is held fixed within each grid cell so
that outcome differences are attributable to the De-
scriber’s communicative quality rather than to ren-
dering capability.

4.2 Benchmark conditions

The benchmark comprises 14 experiment condi-
tions obtained by crossing seven instance cate-
gories with two difficulty levels, easy and hard.
Each condition contains 10 episodes, yielding
140 episodes in total. The six categories are gen-
erated synthetically by prompting an LL.M to pro-
duce Python code, the code is executed to obtain
the target image (see Figure 22 in Appendix C).
Figure 3 shows representative target images.
Simple Shapes contain coloured geometric primi-
tives at specified positions; differences are visually
salient but require precise spatial and color lan-
guage. Geometry diagrams depict labelled figures
and constructions with subtle metric differences.
Functions show mathematical function graphs; dif-
ferences concern curve shape, scale, and axis labels.
Line Graph, Bar Graph, and Pie Graph encode
statistical data visually; corrections must be numer-
ically precise. We also use real photographs from
the Visual Genome (Krishna et al., 2017) dataset
to compare the with synthetic categories.
Difficulty is defined consistently across synthetic
categories: easy instances use fewer elements, sim-

pler structure, and unambiguous layouts, while
hard instances introduce additional complexity—
more data series, finer geometric detail, denser
labelling—that increases both perceptual and ver-
balisation demands. For Visual Genome, easy in-
stances depict scenes with a small number of salient
objects; hard instances are denser and more clut-
tered. All instances were checked and verified man-
ually (synthetic ones were generated with the com-
plexity included in the prompt and then confirmed,
Visual Genome instances were manually selected).
Hard instances receive consistently lower mean
similarity scores than easy instances across all cat-
egories and model pairs (Table 3, Appendix B),
confirming the intended difficulty ordering.

4.3 Tasks & Evaluation

We evaluate episode outcomes using two tasks.

Task 1: Pairwise Similarity Judges are shown
the target image (Image A) and a Generator ren-
dering (Image B) and asked to rate their visual and
semantic similarity on a 0-10 scale:

How similar is Image B to Image A? Image A is
the original. Image B was generated by a model.
Please rate their overall visual & semantic simi-
larity using the scale below:

0 Completely different image

1-3  Very different; only a few elements in com-
mon

4-6 Partial match; some key elements captured,
but important differences remain

7-9  Strong match; most elements correct, with
minor differences in detail, colour, or placement

10 Identical or indistinguishable

Task 2: Triplet Preference Judges are shown
the target image alongside two Generator render-
ings (from the first and the final turns) and asked
to select which rendering is more visually similar
to the target. This two-alternative forced-choice



format abstracts away from absolute scale calibra-
tion and directly measures relative reconstruction
quality—for example, whether a later-turn render-
ing is preferred over an earlier one considering the
iterative improvement across turns.

Human judges. We collect human ratings for
both tasks by asking them to annotate all 140
episodes. Each data point in both tasks is rated by
three independent annotators with backgrounds in
Computational Linguistics and Computer Science
(who are also authors). The annotation guidelines
and interfaces are given in Appendix A.

LLM judges. We use three LLMs as judges for
both tasks. GPT-5.2 and QWEN3-VL-30B are
drawn from the same model families used in the
Describer role, allowing us to examine whether
a model’s ratings are consistent with—or system-
atically biased by—its prior exposure to the task
as a generator of descriptions. Self-serving eval-
uation, in which a model rates its own outputs
more favourably than an independent observer
would, is a known failure mode of LLM-as-judge
pipelines (Fu et al., 2024; Marjieh et al., 2024);
including these models as judges provides a di-
rect test of whether this bias is present in our set-
ting. CLAUDE-4.5 SONNET was not used in exper-
iments and therefore we included it as an indepen-
dent, out-of-distribution LLM judge. Comparing
the three judges against each other and against hu-
man ratings allows us to assess both the overall reli-
ability of LLM-based evaluation in this setting and
the degree to which judge scores are confounded
by a model’s participation in the task being eval-
vated. All three models receive the same prompt
and rating scale as human annotators.

Automated metrics. LipSim (Ghazanfari et al.,
2024) serves as the automated metric for Task 2;
standard alternatives (SSIM, LPIPS, DINO, CLIP)
are excluded as they are well-documented to di-
verge from human mid-level perceptual judge-
ments (Ghazanfari et al., 2024; Fu et al., 2024).
LipSim provides a provably robust perceptual simi-
larity distance using Lipschitz-constrained neural
networks, offering certified stability under input
perturbations.

5 Results and Analysis

5.1 Automated judge calibration

Table 1 reports pairwise judge agreement for both
evaluation tasks. Figure 4 shows that all three auto-

Table 1: Automatic judge calibration across annotation
tasks (all model pairs). Task 1 — Pairwise Similarity:
Pearson correlation (r) and Spearman rank correlation
() on matched instance—turn pairs. Task 2 — Triplet
Preference: pairwise agreement rate (%) and Cohen’s
on binary final-vs-turn-0 choices. LipSim is treated as
an additional perceptual judge.

Task 1 — Pairwise Similarity

Judge A Judge B r

GPT Claude 0.76  0.74
GPT Qwen3 0.65 0.65
Claude Qwen3 0.63 0.65
Task 2 — Triplet Preference

Judge A Judge B %

GPT Claude  62.28 0.24
GPT Qwen 53.29  0.06
Claude Qwen 49.10 -0.02
GPT LipSim  62.57 0.22
Claude LipSim 5299  0.05
Qwen LipSim 57.78  0.15
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Figure 4: Task-1: Mean similarity scores for all four
describer—generator pairs under LLM judges.

mated judges agree mainly on the overall ranking
of model pairs, with GPT-5.2 + GEMINI-3.1 con-
sistently highest and QWEN3 + GPT-IMAGE-1.5
consistently lowest among all judges.

Task 1 (pairwise similarity). GPT-5.2 and
Claude-4.5 agree more closely (r = 0:76, =
0:74), while Qwen-3 shows lower alignment with
both (r =0:65/ = 0:65vs. GPT-5.2;r = 0:63/

= 0:65 vs. Claude).

Task 2 (triplet preference). GPT-5.2 and
Claude-4.5 reach fair agreement (62.2%, =
0:23), while Qwen-3 shows lower alignment. The
LipSim aligns more closely with GPT-5.2 (62.6%,

= 0:22).

5.2 Overall Performance

Figure 4 shows mean similarity scores for all four
describer—generator pairs (full breakdown in Ta-
ble 3, Appendix B). The describer is the domi-
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Figure 5: Convergence outcome distribution per model
pair (pooled across all three LLM judges). Improved
( > 0), Stable (= 0), Regressed (< 0), No
Refinement (single-turn episode).

nant factor (RQ1): GPT-5.2 outperforms QWEN-
3 by approximately one point across all condi-
tions, with the ranking stable across all three judges.
Within each describer, GEMINI-3.1 yields higher
scores than GPT-IMAGE-1.5 (RQ2). Category-
level results reveal two separable bottlenecks: per-
ception limits scores on Functions and Geometry
hard instances (fine-grained details such as curve
shapes, axis ticks), while verbalisation is the sepa-
rate challenge of converting perceived differences
into actionable instructions.

5.3 Iterative Refinement

The iterative payoff (the difference in scores be-
tween the final turn image in comparison to the
first turn image) is as follows and address the RQ3:

@ = scorer;  scorer;. GEMINI-3.1 pairings
improve across turns; GPT-IMAGE-1.5 pairings
show near-zero or negative deltas—additional
turns degrade rather than improve the recon-
struction (Figures 15 and 16, Appendix B). The
generator also determines whether iterative re-
finement is beneficial. Figure 5 shows conver-
gence outcomes per pair where each category refers
to whether the first turn image has changed in
scores in comparison to the final turn one. Qwen3-
based pairs produce mostly single-turn episodes,
leaving little room for improvement or regres-
sion; GPT-5.2/GPT-IMAGE-1.5 continues to the
turn limit but still regresses in roughly a third of
cases. More turns do not guarantee higher quality
(see also Figure 19, Appendix B). Among all pairs,
GPT-5.2 + GEMINI-3.1 shows the most consistent
per-turn improvement.
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Figure 6: Convergence outcomes by token budget for
GPT-5.2 + GPT-IMAGE-1.5. A shorter budget produces
a sparser first rendering, giving corrections more visible
room to improve it.

5.4 Describer Token Budget

To analyse the effect of the token budget, we also
ran GPT-5.2 + GPT-IMAGE-1.5 with 10, 50 tokens
per turn to compare with 200 tokens experiments
(see Figure 6). A shorter budget yields more visibly
improved final images: at 10 tokens the first ren-
dering I is sparse, so corrections have substantial
room to close the gap; at 200 tokens I; is already
detailed, leaving little room for improvement—and
more for regression. Absolute final-turn scores in-
crease with budget while triplet preference for the
final image decreases because it is easier to tell
apart the first rendering from the final when the
budget is low (full statistics in Figures 17 and 18,
Appendix B). This quality—stability trade-off is
driven by the starting-point quality of 1.

5.5 Correction Language

We collected a list of words for respective cate-
gories that the describer uses to correct the ren-
dering on subsequent turns. Figure 7 summarises
the per-category usage rate per model pair. GPT-
5.2 corrections are lexically broad, spanning L A-
BEL/TEXT, NUMERIC, COMPARISON, and POSI-
TIVE ACKNOWLEDGEMENT in addition to the uni-
versal POSITION and COLOR axes. QWEN3-VL-
30B corrections concentrate almost exclusively on
COLOR and SHAPE, with near-zero NUMERIC use
(GPT-5.2 uses coordinate notation such as x=0,
y=0; Qwen3 contributes almost nothing) and zero
POSITIVE ACKNOWLEDGEMENT. Qwen3-based
pairs produce mostly single-turn episodes, so the
language profile reflects only the coarsest initial
instructions, with no opportunity for the structural
and numeric precision that GPT-5.2 develops over
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Figure 7: Correction language profiles per model pair.

longer dialogues (Table 5: full list of keywords,
Figure 14: top-10 keywords).

5.6 Human Judgements

Table 2 reports human—automated judge calibration
for the GPT-5.2 + GPT-IMAGE-1.5 pair. Human
annotators showed moderate mutual agreement:
mean r = 0:48/ = 0:49 on Task 1 and mean

= 0:29 on Task 2 (Table 4, Appendix A). GPT-
5.2 is the most human-aligned judge (RQ4) but
still very low for practical applications: Task-1
correlation r = 0:56 is the highest among all au-
tomated judges, and Task-2 triplet agreement is

= 0:22. All three automated judges are sys-
tematically more tolerant than humans: human an-
notators assign substantially lower mean similar-
ity scores, with Qwen3 showing the largest up-
ward bias. Automated scores require human
recalibration before they can be used to set
quality thresholds. Qwen3’s near-chance triplet
agreement with humans ( 0), despite competi-
tive static benchmark performance, illustrates that
game-based probing surfaces failure modes that
single-turn evaluation misses. LipSim is a practi-
cal automated complement for Task-2, matching
Claude’s human agreement at lower inference cost.

5.7 Qualitative Analysis

Qualitative samples are available in Figure 8, Fig-
ure 9, and Figure 10 for Functions, Geometry and
Visual Genome instances. Across all three category
types, GPT-5.2 + GEMINI-3.1 produces the clos-
est renderings; GPT-5.2 + GPT-IMAGE-1.5 runs to
ten turns but still falls short on fine details. Lower
token budgets and Qwen3-based pairs yield seman-
tically weaker reconstructions, with key structural

Table 2: Human vs automatic judge calibration (GPT-
5.2/GPT-IMAGE-1.5). Task 1 — Pairwise Similarity:
Pearson correlation (r) and Spearman rank correlation
(). Task 2 — Triplet Preference: agreement rate (%)
and Cohen’s between Human and each LLM judge
and LipSim perceptual metric.

Task 1 — Pairwise Similarity

Judge A Judge B r

Human GPT 0.56  0.60
Human Claude 0.51 0.54
Human Qwen3 041 0.40
Task 2 — Triplet Preference

Judge A Judge B Y%

Human  GPT 60.90 0.22
Human Claude 54.89 0.11
Human Qwen 48.87 -0.01
Human  LipSim 54.89  0.06

elements missing or substituted.

6 Conclusion

We introduced the Image Reconstruction Game,
a fully automated multimodal reference game
that turns common ground into a directly observ-
able artefact: the rendered image produced af-
ter each dialogue turn. Unlike static benchmarks,
the game separately measures two distinct model
competencies—the ability to perceive and verbalise
residual differences (Describer), and the ability
to incorporate targeted corrections without los-
ing prior progress (Generator). Our experiments
show that describer quality is the dominant factor
in reconstruction fidelity, while the generator de-
termines whether multi-turn interaction provides
any benefit at all. Notably, stronger VLMs are
capable of fine-grained visual articulation: even
for mathematically complex and geometrically un-
usual images, they produce detailed, actionable
correction sequences. Functions and geometry cat-
egories nonetheless pose the greatest challenge,
confirming that fine-grained geometric and mathe-
matical perception remains a critical bottleneck for
current VLMs—consistent with recent geometric
benchmarks. Human validation reveals that au-
tomated LLM judges systematically overestimate
reconstruction quality, and even the best-aligned
judge remains unreliable for episode-level deci-
sions without human recalibration.

Limitations

The benchmark comprises 140 episodes across
four Describer—Generator pairs (10 per category—



difficulty condition)—sufficient for exploratory
analysis but modest for robust category-level con-
clusions and cross-model generalisation; the ob-
served rankings may shift with additional model
pairings or larger episode counts. Human anno-
tations are available for a single model pair (GPT-
5.2 + GPT-IMAGE-1.5), limiting the scope of the
human—automated correlation analysis; extending
ratings to further pairs would validate whether it-
erative improvement observed by LLM judges is
also perceived by human raters. All prompts and
evaluations are in English; the game’s generalisa-
tion to other languages is not assessed. The au-
tomated judges are themselves subject to the per-
ceptual and linguistic biases of their training data,
and their ratings should be interpreted alongside,
rather than as a replacement for, human judgements.
The benchmark currently covers seven image cat-
egories; extending it to broader visual domains,
including natural photographs at higher resolution,
remains future work.

Ethics Statement

All images in the dataset are either synthetically
generated or drawn from Visual Genome (Krishna
etal., 2017), a publicly available, consent-collected
dataset. No personally identifiable information is
present in the stimuli. Annotation tasks were de-
signed to be low-risk and non-sensitive. The gen-
erated images produced by the game’s Generator
models may contain artefacts or unintended content.
Automated evaluation with LLM judges carries the
general risk that model-specific biases propagate
into benchmark rankings; we mitigate this by us-
ing three judges from distinct model families and
validating against human ratings. All game tran-
scripts, model outputs, human annotation data, and
evaluation code will be publicly released to support
reproducible follow-up research.
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A Human Annotation Guidelines

Human annotations were collected for both eval-
uation tasks (Section 4.3) on the GPT-5.2 + GPT-
IMAGE-1.5 model pair (140 episodes). Three anno-
tators with backgrounds in Computer Science rated
each episode independently; all 140 episodes were
covered by all three annotators.

Task 1 — Pairwise Similarity Rating

Annotators saw the target image | alongside each
Generator rendering and rated visual and semantic
similarity on a 0-10 integer scale. Figure 11 shows
the interface.

Task 2 — Triplet Preference

Annotators saw the target image alongside the turn-
0 and final-turn renderings and selected which was
more similar to the target. Figure 12 shows the
interface.

B Additional Results

Per-category similarity scores

Table 3 reports mean similarity scores for every
category at both difficulty levels across all four
judges.

Iterative payoff and triplet preference

Figure 15 shows ¢ per model pair and judge:
GEMINI-3.1 pairings yield consistent positive gains
while GPT-IMAGE-1.5 pairings show near-zero or
negative deltas. Figure 16 corroborates this via
Task-2 preference rates, with GEMINI-3.1 pairings
consistently above the 50% chance baseline and
GPT-IMAGE-1.5 pairings at or below it.

Correction language analysis

Correction utterances (turns 2) were la-
belled across ten categories using stem patterns
(\b<stem>\w{0,6}\b) and phrase patterns for
multi-word expressions; a category is flagged if

any pattern fires. Tables 4 and 5 appear together on
the following page.

Figure 13 shows per-category usage rates across
turns. GPT-5.2 pairs sustain broad-coverage pro-
files throughout all ten turns; QWEN3-VL-30B
pairs show narrowing toward COLOR dominance
at later turns, partly reflecting the small number of
episodes that reach them. Figure 14 shows the top-
10 keyword tokens per category: the sharpest con-
trasts are in NUMERIC (coordinate notation absent
in Qwen3), LABEL/TEXT (structural references ab-
sent in Qwen3), and POSITIVE ACKNOWLEDGE-
MENT (zero counts for Qwen3).

Effect of describer token budget

Scores increase monotonically with budget (Fig-
ure 17), confirming that longer descriptions yield
richer first renderings and higher absolute quality
at episode end. Triplet preference for the final-
turn image decreases monotonically (Figure 18): at
10 tokens the gap between |1 and I is large and
visually salient; at 200 tokens 11 is already detailed,
leaving little room for visible improvement.

Score trajectories by category

Figure 19 shows mean similarity score per turn for
every category and model pair: GPT-5.2 pairings
improve steadily across turns; QWEN3-VL-30B
pairings plateau after turn 1.

C Prompt Templates

The prompt templates are given in Figure 20, 21.
The prompt template for generating synthetic im-
ages is given in Figure 22. We used GPT-5.2 for
generating the synthetic images.



Turn 1

gpt-5.2-

gemini3.1

Turn 2

Turn 3

Aline plot on a white background with light gray gridiines shows alncrease the irregular, higher-frequency oscillations Soften the extreme dense spike cluster betw&grix

black, moderately thick curve labeled f(x) versus x. The x-axis spabetween % 1 and % 1.5 (especially clustered
1410 4 (ticks at integers) and the y-axis spans abio 6 (ticks at  around % 0P1.2) to match the jaggier original;
14,12,0,2,4,6). Starting near k4, the curve is arourid.5 and  reduce the smooth, large-wave look there. Shift the
rises quickly with small oscillations, reaching positive values by ~main minimum slightly right and deepen it: lowest
about X! 3 and peaking around §2.5 betweer 2.6 and 1.3 point near % 1.8 at about§! 1.5, with a small ripple
with frequent ripples. It then trends downward with irregular, smalltrin around X1.0D1.3. After %2, make the rise start
oscillations, crossing neat § around %0 and dipping to roughly  a bit earlier and be more continuously convex

and 1.1: reduce oscillation amplitude and make it less
Overtical-barO like, with smaller ripples that taper out
by X' 1.4. Add a slight downward drift through 6B

1.8 50 the curve reaches its minimum closer' &
aty'! 15 (current minimum is too early/shallow).
Make the segment'2.092.6 slightly below zero (not
sitting on y=0), then transition into the steep convex
rise.

Target

curving to end nearb.6 at x=4.

Turn 1
gpt-5.2-

gpt-image-1.5

A2D line plot on a light-gray grid with black axes. The
horizontal axis is labeled OxO and spans roughly! ficim 4

with integer tick labels; the vertical axis is labeled Of(x)O and
shows ticks from about4 up to 6. A thick black curve starts
near ( 4,14.5), rises steeply with small rapid oscillations,
reaching values around 2D2.6 betwer2x and 1.5. It then
trends downward with continued jagged oscillations, crossing
near y 0 around & 0.5 to 0, dipping to aboutl.3 around
X"1.7D1.9. After X2 it turns upward smoothly, accelerating
sharply to end near (4, 5.6).

Turn 1

Qwen3-

gemini3.1

A black line graph on a white background with a grid. The
x-axis ranges from -4 to 4, labeled "x". The y-axis ranges
from -5 to 6, labeled "f(x)". The function starts at (-4, -4.5),
oscillates with increasing frequency and decreasing
amplitude as x increases, crossing the x-axis around x =
-1.5 and again near x = 1.5. After x = 1.5, the oscillations
dampen and the function increases monotonically, rising
steeply to f(4) 5.5.

Turn 1

gpt-5.2-
gpt-image-1.5
10 token budget

Line plot of oscillatory f(x) versus x grid.

Turn 1

gpt-5.2-
gpt-image-1.5
50 token budget

White plot with grid: thick black wavy curve of f(x) vs
from —4 to 4. Starts near (~4,~4.5), rises with
oscillations to ~2.5 around x=~2, dips and jitters near
0-1, then turns upward steeply after x=2 to ~5.5 at
x=4. Axes labeled x and f(x)

I 1.5 near X1.8. After X 2, it turns upward smoothly and steeply, upward with less of a Rat shoulder nes® yround
2.7.

Turn 2

Turn 6 Turn 10

Make the plot match a standard Matplotlib-style framed chartSet x-axis range back tat..4 (currently extends to ~6+) Fix labels: y-axis label must be Of(x)O (not Of(y)0). Adjust left ste

add a full rectangular border; remove arrowheads on axes.

with integer tickd 4 to 4. Set y-axis range to aboi.6  at x= 4 the curve should be arounti y.5 (not neat 1) and then

Place x-axis label OxO centered below and y-axis label Of(x)@ith ticks at! 4,!2, 0, 2, 4, 6. Redraw curve to match: atise; remove the large valley arouriti 8.6 at y! 4.6Nleft side

vertically along left axis (not a large italic at top). Adjust x-
range to exactly 4..4 and y-range aboli6..6 with matching
tick marks. Redraw the curve: start neiat,( 4.5) (not
around! 3); include many Pne, rapid oscillations frofh 8.8
to! 1.2, then additional smaller jagged oscillations around
X' 0.2 10 1.3; keep values ned y1 around %1 and a
shallow minimum around'x..8 at about 1.3 (not a deep U at

=1 4 start near'y 4.5 (not 0) and rise quickly with manghould be a mostly rising jagged ramp frb5 up toward positive

small oscillations; peak around!xL.6 at ¥ 2.6 (higher
than current ~L.5). Frontx 1 to 1.5 keep jagged
oscillations around'y0 (not steadily below1). Add a

values. Increase the main peak height to aboRiyaround X 1.6
(currently ~1.6). For x from abotit to 2, shift the curve upward so
it oscillates around'y0 with jagged spikes and several crossings; it

very tight high-frequency oscillation cluster centered atshould not sit near'y 1. Move the minimum to'x1.891.9 with
! 0.8. Minimum should be shallow around ! 1.3 and eliminate the later dip ne4@@. Ensure a smooth
e LobLo at ' 1.3, then rise smoothly td'§.6 at x=4 monotonic rise begins neat X and reaches about§.6 at x=4.

X"2.5). After % 2, rise smoothly to end near (4, 5.6) without
overshooting to 6.7.

Turn 2

The y-axis label should be "f(x)" instead of "f(x)" (corrected from "f(x)" to
“f(x)"). The y-axis range should be from -5 to 6, not -5 to 6 (corrected from -5
10 6 to -5 to 6). The x-axis label should be "x" and the y-axis label should be
"f(x)", both correctly positioned. The function should start at (-4, -4.5), not (-4,
-4.5). The oscillations should be more frequent near x = -2 and decrease in
amplitude as x increases. The function should cross the x-axis around x = -1.5
and x = 1.5, and rise steeply after x = 2. The amplitude of oscillations should
dampen signibcantly after x = 1. The curve should not be smooth at x = 1; it
should have sharp oscillations. The overall shape should match the original
with the correct axis labels and scale.
Turn 4
Add many jagged oscilations; steep rise near x=4. Set xlimits

Turn 4

Fix x-axis to 4.
Lower left half ver

Fix axes limits: x from —4 to 4 (remove 5-6), y from
about 5 to 6. Curve: left start at (~4,~4.5) ot
positive; main peak near x=-2 at y=2.5 (lower than 5);
include jagged oscillations around —3..—1 and 0.1,

4 only; remove ticks/labels beyond 4.

peak near x=-2 is
(x=0-2): oscillate around 0 with small jtters; set y=-15
shallow minimum near x=2 at y=~1.5, then smooth steep.

(no minimum near’%4.6 aty! 2.4)

Turn 1

Qwen3-

gpt-image-1.5

Ablack line graph on a white background with a grid. The x-axis ranges fror
t0 4, labeled "x", and the y-axis ranges from -4 to 6, labeled "f(x)". The funct
starts at approximately (-4, -4.5), rises with increasing oscillations in amplitt
and frequency near x = -3, reaches a peak around x = -2.5, then oscillates \
decreasing amplitude and frequency, crossing the x-axis around x = -1.5, ai
continues oscillating with very small amplitude near x = 1. After x = 1, the
function sharply increases, crossing the x-axis around x = 2 and rising to
approximately (4, 6). The graph is smooth and continuous with no breaks.

Turn 7 Turn 10

~4.4; start at y=—-4.5 left. Stop x at 4; left segment jagged rising from -4.5.

Turn 7 Turn 10

Crop x-axis to —4...4 (remove ticks 5-6). Lower left
Start to y=~—4.5 at x=—4, rising to near 0 by x=~3
Replace right side: after x=2, curve should dip only to
t x=2, then increase monotonically to y=5.5 at
x=4 (no negative valley near x=3-4)

rtically s y at x=—4 is =~4.5
=2.6 (not 4). Replace midsection

minimum near x=2 at y=—L.5; end at (4,5.5).

rise to y=5.5 at x=d.

Figure 8: Qualitative samples for Functions (hard, instance#2) four model pairs and including token budget

experiments



Turn 1

Qwen3-

gemini3.1

Target

A geometric diagram with a dark teal quadilateral AFEB
nd a circle centered at X with radius XN. Points A, B,
C,D,E,F.N,0, P, Q, M, X are labeled. Angle at O
and P are right angles. Line segments connect various.
points, with a purple arc indicating angle 0 at center
. Tha cicl ntrsecs nes E8 3 OC o pints W

N respectively.

Turn 1 Turn 2 Turn 3

Qwen3-

gpt-image-1.5

‘The image is now very close to the original. The main

gpt-5.2-

gemini3.1

A geometric diagram on a white background featuring a
complex arrangement of shape:

dominates the left an:
averappingtelrlangi, EOC s pasioned sove and
fothe fght ofte pertagon. A gelden e, centred
tpoin . ntarsects the risngl and
oints M and N are located on the
rcumference, it 3 porple re oded s sub!ended by
the angle at X. Lines connect various points:
oD, D 0 b, EtoF and Fto n forsing the
pentagon. Additional lines include A to D, E to P, E to
B,and P to D. A right angle is marked at point P, with
P lying on the segment AB. Another right angle is
marked at point O, which is located on the segment EF.
Point P is marked on AB, and a right angle symbol is
i at P, indicating that the line Ef
perpendicular to diagram uses black dots to
mark points and black lines for all connections and
shapes.

Turn 1

SFape wih Bhaled vrtces A (b 4. (oo
L oo v gl et

Xt o s Fine o
e soomentcomacs 5 5. sxqmer

St e fr e oo th b (ot ) The

A ot o e rom 0.

‘The generated image has several discrepancies. The
pentagon A C.DF I incorrecty colred tes nstead
inal dark green. The triangle EDC is
.~ and neorracty overape the pemtagon afferenty.
circle is golden but the points M and N are
ncorecty paced on he e andthe angle 8
Incorectly aieles. Te palnt X s nt thecanterof
the circle, and the right angle at
ceqment 5 The font angle 37 & ncarecty piced
on segment AB and labeled 90°. The labels for the

similar, but the colors, point placements, and labels
are incorrect.

Turn s

Mate seqment OE st p igh om0 0 [not
erecl S0E st gy T O ng s e
st

(ot s omer e, R e

et s e

issue is the color of the pentagon and triangle, which
green, but they should be  dark teal. The
circle s correctly golden, and the points M and N are
on the arc, with the angle 8 correctly labeled. The
point X is now the center of the circle. The right
angle at O is correctly on the segment EF, and the
right angle at P is correct
However, the right angles are incorrectly labeled as.
90°, which is not in the original image.
the points are correctly placed. The overall structure
is correct, but the colors and the 90° labels need to
be corrected.

Turn 7

e e s gy e ot s
000U the hele3ns et frupuate h arignal

e saco Spaning o0giy 3 uare i o0
e, T e

= ln:m mﬂe mnm e ot ;: o hese
W o scar 12 . pomt

ke 1 lgonat o . cwo nesevericl s
g th e, snd two Satas s rom e
ot fanof many ey Move Gt e cosa 0 Eor

pane ko sogmant O a1 o segmant B A

aht ane er ¢ 0 e N ot e segrant DF

L5 it sl e, bt o Sk ot Contr

e o A s h sgand ouh 0.

oo the il s poson

Turn 8

it sk thepurple ange maring:araw e s
oo s et e e
e s me e

S g e segmnt .t porse s e 8

Crparion.
Turn 1 Turn 2 Turn 4 Turn 6 Turn 7

gpt-5.2

gpt-img

Ageametic comtructc Korouns.Atick Ve the orange cicerightuard 5ot srrounds the Removethe xtra dupicat obel " nsicethe fgre Remove the I ntriorpantiabel 0 ety (oty Move Qo near o o it on thetop g segrment
ooy o a et paygon ki A Tagion (nt centered ear D). Pl poit N on the e oy one part D a the ef pase of te g D ot i e e .o e £ rty ;zmmzmmwmw\mmmqm
(bottom 41 8 (oottom ighb, C g, € ep). £ Santed e Segrent betwgen D and £ (pperien e i o 163 ) and el & e, Rentadice 0 0 cage secment 1 sty e o £ it ehe e e ghLangie marer at £ Removt beth ong
ugper el it s verex D.on e et i o the o hat ‘i) ot near F Mok shesmal ronkangie PO on the slanced top-ight ealedge batween € Fomtanale marier 1.0t 228 e Vel oray s ane houh O and ane s
g wing” it canter e ha bae seament A s marker 3 Qa1 ufied outine sauar (ot s 313 C near € wih 3 smat cutinea e i rangte 5.8 Wi g e cante Fn lbelnear centr epaca 16"
Rorzontal T ray auxliry e comnectvarious black) Romove the led purple wedge secor kop 0. Adet i wing: ke te et &0 ow) o of o s and sty i of 8 on . U 5 Iy i, show s concentc e

e s nero ptnts, A ik pin e on only o 1 purpl e SrokeE ! 5 wit e prtrsng o the ciminate the axr far gt vertca e e 3 1S contered 2 e iock pont | (make 1 biack ot
e Base neor B i § s ightongie marker 17 incating acle  Spering touara C. Adjsk overll (ingle D-C_5). ok » near st rgn boundory: the 1oy i ek shocing.Moke C e ovtusrd ot prle) Floce | ity e o crront cation
(etween e bas andt 2 vertcal aray e Anoner oo t matchorinl & arher rht na Hiner 5 slgniy et o e comer and ke Fon Kb etsen D a5, andplace M on seqment -5, Sht A lnsr o e centen, Aot 1 0 s on
g angle mrkar 3ppeas t & D pant @ onthe A Sharpr pesk e “wing s 8 naro riangie el th n outinea rgh angl o P ro e ont Seqmnt £ (near s midupper par) Remove he scqment .5 th saned adg), not on he ouer ignt

Sante top s e . An range crce DC8 Wi C nedr th top o rat win: D snould bt Pica pintNon saqment £ (lack ot anc ot o long varticlgry ine ropping fom € o the ase dar: veep he nght in 5 rancle 0-C-8 Wi
S e e i eon et 5350 of 3t wing 0 (e i by adge. egmen C 3 oack ) el . Centrhe ance i s

1 cdge)  ower rght on the tet Danttabel and o o i purpe arcs arund |

el and | near ceter) witSeverl o1 ro’ W el ne he arcs
thvouah them Two conceniric purpl e around |

naiate n angi abees 8 pening tonara

Turn 10

Turn 1 Turn 4 Turn 7

gpt-5.2-

gpt-image-1.5
10 token budget

Move D onto teal edge; remove D right-angle; add purple

Replace aByZ5 with only ©; teal outiines; add Q.N; Remove H; add N on left circle chord; add Q on top.
6 arc and label 8 inside circle

reposition polygon rey diagonals from edge; right-angle squares at P,Q; add D label left
ADBE interior

Geometric polygon with Iabeled points, angles,
intersecting lines, circle

Turn 1 Turn 4 Turn 7 Turn 10

gpt-5.2-
gpt-image-1.5
50 token budget

Move base AB up and draw t in teal, connecting

Put base AB directly under polygon; label eft end A
polygon’s A to B. Remove extra left gray base point and

and right end B (remove stray bottom-right “P"). Place
point P on AB near B with right-angle marker at P where the gray diagonal from it. Point P must be on
a gray line from E meets AB. Add gray auxiliary lines Iabel P there (not centered), with
from E 04 B rough | Remove eal vertical €7 perpendicular from E meeting AB at P; delete gray
egment; only gra vertical from | to P. Add thin gray lines from
through I as in original

Geometry dlagram:imagulac tes) polygon A-F-E-0-2 ieh Remove extra right-angle at B and the gray vertical
intemalrangle D-C-8. Points ? on A8 and @ n FE
i ot anles.Orange chce cortered neo &
e ar shows angle 6 ¢ . ray audiary s
from €, 8 through 1; points N and M on ED and BC.

along diagonal from A to interior, labelet

Figure 9: Qualitative samples for Geometry (hard, instance#3) four model pairs and including token budget

experiments



Turn 1

Qwen3-

gemini3.1

A close-up view of a meal on a patterned tablecioth. A

ight. In the background, tere's 3 plate of ried
food, 3 salt shaker, & haker, a smal white
bowl vith sugar fss of water. A hand

Tests o th tabe n the battom e comet:

Turn 1

Qwen3-

gpt-image-1.5

A close-up of a table setting with a plate of food
featuring a sandwich with lettuce, tomato, and egg
salad, topped with shredded purple cabbage and carrots.
Asid o lamon wadges snd agass of cad tes with a
aw are present. The table has a pattern
ablecion Slocrmars, and condiment contaners. A
hand Is visible at the bottom left corner.

Turn 1

gpt-5.2-

gemini3.1

oyt corrs v s

Turn 1

gpt-5.2

gpt-img

Atable set for a casual meal on a white tablecloth
pattemed with small blue motifs. In the foregroun
large ceramic plate holds an open-faced sandwich: leafy
on bread,

small dish with two lemon slices and a pale mound of
colesiawiressing st above the plate. T the gt s
tall glass of iced tea/amber drink with ics
straw. I the center background are a water glass, 8
salt shaker, and a small ramekin of white sugar cubes
with packets. A basket/plate of bread is at upper

fight; other diners’ plates with food appear blurred at
the top. A fork, knife, and part of a hand are visible

Turn 1

gpt-5.2-
gpt-image-1.5
10 token budget

Crab salad plate with iced tea on tablecloth.

Turn 1

gpt-5.2-
gpt-image-1.5
50 token budget

Restaurant table setting with pattered cloth. Plate
holds open-faced salad sandwich: lettuce, tomato,

cucumber, purple cabbage, shredded carrots, and creamy

chicken/tuna salad; lemon siices at top. Iced tea with
straw right, water glasses, salt/pepper, sugar bowl,
utensils, and a hand at left

Turn 2

The tabecloth has o blue and white geometric patiern,
c hice wit small black patterns. The sandwich is
made with whole whest bread. not white bread, and the

s anc
P cabhage, whtcocumber s T chee s 8
Velowsice not s whte s

Turn 2

The sandwich should have shredded purple cabbage and
carrots on top of egg salad, not just egg salad. There
Should be no cucumber slices. The plate is white, not

glass. The tablecloth has a different pattern with

and pepper shakers are present, and there are sugar
ackets n » metal continer. Yhe hand is on the left
the plat

Tumn 2 Tuma

Matchthe orginasmae washes ot fshit ook

Turn 3

“The sandwich is made with whole wheat bread, not white
read. The tuna salad s on th side ofthe pate, not
on top of the e tea has

ot a white pattem with small lack designs. The.
background includes a window, not a dark background.
“The hand has a ring and a watch, which were not

ther condl ere are o visibl salt and pepper

sk a5 of water i clesr, notwith 3 tint.

he sa; carrat Pl cabibage, with

‘Cucumber sices. The cheese 1 a yellow sice, not a
white sice.

Turn4

The sandich s made with whole wheat bread, not white

bread. The tuna salad s on the side o the pate, not
on top of the sandwich. The glass oficed tea has a
Jue and white striped straw, not a plain white one.
The tablecioth has a biue and white geometric pattern,
ot a white patter with small black designs. The.
ackground includes a window, no a dark background.
e hand has 3 rng and a watch, which were not

i purple ca
cocumberices. Th ceese s yelow i, ot o
sice

Target

Tumn s

S e Saars raming, et bege e lde o th S scparte o the puple et he Gutmber s t ewer ece ana o
e citace e and v 50 S oy g he to 1 ket e aemage s st
ot o o sanoui R i vl snressad) manly e o o

lts aapr . e h e G Sy
irgr 0 postions coser o the b’ gt 00

Turn 2

- Make the photo look more like a slightly overexposed,

lower-resolution square snapshot with flatter fighting
d less sharp detail (not crisp studio lighting). -
all, more delicate blue

; Side vegetables shoud nclude 2 few
thinpurple anion srips mixed on top
carotsicabbad - Cucumber rshou\d e thin
Scks 5ome with pal centers how to the
plate’s top-center rather than neany Signed. st e
right edge. - Ramekin should show sugar packets
labeled "Splenda” ben - Add
kground clutter: additional glasses/plates at top,
including a plate with darker food and a small cup of
red sauce at upper left.

Turn 4

Crab salad on bread; no bacon/cheese; busier

Turn 2

ore

Turn 3

- push the image urther toward  rue pone-snapshot
ook slightly more overexposed, warmer c

e tea glas should be argertallr and more
orange-amber; straw s| clearignt staw (not
o ol lamenicaeon 4 shou
closer to the plate’s top-left edge.
rend houd b on 2 e ot {not > becker at
upper right

Turn 7

Use patterned cloth; remove forkinapkin; add pepper.

Turn 3

1d second open-faced half on plate; use white
tablecloth with smal biue motifs (not omate). Chicken
salad should be on right half only. Include hand and
Utensils at lef plates of food in
background; remove omate carpet-like patter.

Use single oval plate, not round. Make toppings.
messier: larger mound of purple cabbage left, carrots
as loose pile at upper right. Add thin red onion
slivers across center. Replace sugar packet caddy with
white ramekin holding sugar cubes and “Splenda” packet.
Remove pepper shaker; add small pepper dish and a glass
‘tumbler behind plate. Add large loaf of bread on plate
behind iced tea.

Tums

IetiCaRomat open 1aced Sanawich. exenang s e

s e s o ek

Turn 10

‘Add butter ramekin; include utensils left edge.

Turn 4

Remove black pepper shaker; keep only salt plus small

bread on small plate behind iced tea (right). Maks
plate more silver/metallc rim, and reduce onion
slivers (only a few).

Figure 10: Qualitative samples for Visual Genome (hard, instance#4) four model pairs and including token budget

experiments



How similar s Imagge 8L Iminge AT
gt Image B

age Al medel and vemant wmiarity
0 Compleely dferent

B Very dileent; only 3 bew elements match
44 Partial match; same key eiements comect, but rtabile dferences
74 Song mabch; mouly comect with misor diferences

M idenmical o indistinguishable

Subemit and continue +

Figure 11: Task 1 interface: target (Image A) and Generator rendering (Image B) side by side; anchor labels calibrate
the 010 slider.

ek punerated imags ook mere similes 1o e orgra”

+ Choose this

+ Choose this

Figure 12: Task 2 interface: annotators choose which of two renderings (first vs. final turn) is more similar to the
target.



Table 3: Mean final-turn similarity score (1-10) per model pair, image category, and difficulty level, broken down
by judge. LipSim reports % of instances where the final-turn image was preferred over turn-0 (triplet task). Human
annotations are available for the gpt-5.2 / gpt-image-1.5 pair only; ‘—’ indicates no annotation.

Model Pair Category Diff. GPT Claude Qwen3 LipSim (%) Human
Bar Graph easy 8.70 8.70 9.00 — -

Bar Graph hard  8.50 8.10 8.80 0.0% -

Functions easy 6.10 6.70 7.40 100.0% -

Functions hard 5.20 5.60 6.00 40.0% -

Geometry easy 7.20 6.40 6.50 40.0% -

Geometry hard 5.20 5.00 5.10 33.3% -

Qwen-3/ gemini-3.1 Line Graph easy 8.00 7.90 8.50 50.0% -
) Line Graph hard  6.90 6.90 7.10 0.0% -

Pie Graph easy 7.90 7.90 8.90 66.7% -

Pie Graph hard 8.10 8.30 8.40 33.3% -

Simple Shapes easy 6.50 5.90 6.70 66.7% -

Simple Shapes hard 7.00 6.30 7.50 33.3% -

Visual Genome easy 6.40 6.70 7.30 55.6% -

Visual Genome hard 6.60 6.70 6.50 44.4% -

Bar Graph easy 7.70 7.60 8.80 — -

Bar Graph hard  7.60 7.10 8.20 — -

Functions easy 4.90 4.40 6.20 100.0% -

Functions hard 4.80 5.90 7.40 100.0% -

Geometry easy 6.30 5.90 5.70 0.0% -

Geometry hard 5.20 5.10 5.30 100.0% -

. Line Graph easy 7.10 7.50 8.00 — -
Qwen-3/gpt-image-1.5 © "Groh  hard 670 720 7.20 100.0% -
Pie Graph easy 8.20 8.10 8.40 0.0% -

Pie Graph hard  8.20 8.00 7.90 0.0% -

Simple Shapes easy 6.80 6.60 7.10 40.0% -

Simple Shapes hard 6.60 6.60 6.50 16.7% -

Visual Genome easy 7.20 7.00 8.10 0.0% -

Visual Genome hard 6.30 6.30 6.70 40.0% -

Bar Graph easy 8.90 8.80 9.20 66.7% -

Bar Graph hard 8.80 8.60 9.20 100.0% -

Functions easy 7.30 7.00 7.20 88.9% -

Functions hard  6.50 7.20 6.70 66.7% -

Geometry easy 8.70 7.70 8.80 87.5% -

Geometry hard  7.90 6.50 7.50 88.9% -

. Line Graph easy 8.50 8.00 9.10 83.3% -

gpt-5.2/ gemini-3.1 Line Graph hard 8.00  8.10  8.60 88.9% -
Pie Graph easy 8.80 8.70 9.20 87.5% -

Pie Graph hard  8.80 8.60 8.80 90.0% -

Simple Shapes easy 7.60 6.60 8.00 50.0% -

Simple Shapes hard 7.70 7.00 7.80 40.0% -

Visual Genome easy 7.80 7.40 8.00 40.0% -

Visual Genome hard 8.00 7.30 8.00 80.0% -

Bar Graph easy 7.90 7.40 8.60 40.0% 6.00

Bar Graph hard  7.40 7.00 8.50 40.0% 5.17

Functions easy 6.10 5.90 7.20 80.0% 5.10

Functions hard 4.80 5.20 6.80 70.0% 5.33

Geometry easy 7.50 6.80 7.10 80.0% 5.63

Geometry hard  6.60 5.70 6.20 100.0% 4.37

{-5.2 / opt-image-1.5 Line Graph easy 6.60 6.70 8.20 80.0% 6.37
EPL-S.2 1 gPLIMAZE-L-S 1 ine Graph hard 600 640  6.90 80.0%  5.40
Pie Graph easy 8.30 8.00 8.40 70.0% 6.93

Pie Graph hard  7.60 7.30 7.80 30.0% 5.97

Simple Shapes easy 7.50 6.30 7.10 42.9% 6.40

Simple Shapes hard 7.50 6.80 7.20 37.5% 7.17

Visual Genome easy 7.90 7.10 7.90 40.0% 7.47

Visual Genome hard 7.60 7.10 7.70 55.6% 6.83




Table 4: Human inter-annotator agreement across both tasks (140 episodes, GPT-5.2 / GPT-IMAGE-1.5 pair). Task 1:

Pearson  and Spearman  on 0-10 similarity scores. Task 2: agreement rate and Cohen’s

on binary triplet choices.

Task 1 Task 2
Pair r Agree. (%)
Avs.B 0421 0.447 63.6 0.247
Avs.C 0562 0.546 65.7 0.308
Bvs.C 0454 0.465 66.4 0316
Mean 0479 0.486 65.2 0290

Table 5: Correction language categories with representative stem roots and phrase patterns. Stems are matched as
\b<stem>\w{@,6}\b to cover inflected forms; a category is flagged if any pattern fires.

Category Representative stem roots Representative phrase patterns

Position mov, shift, left, right, top, bottom, center, centr, above, below, higher, “move to the left/right/top/bottom”; “upper-left”; “top-right corner”;
lower, align, overlap, corner, diagonal, horizon, vertic, perpendicular, “to the left of”
parallel

Size/Scale enlarg, larg, bigg, small, shrink, reduc, widen, narrow, thin, thick, tall, “‘too big/small/wide/narrow”; “scale up/down”; “make it larger/s-
shorter, resize, rescal, upscal, downscal maller”; “slightly narrower”

Color named colours (red, blue, green, orange, purple, yellow, cyan, teal, gray, “color/colour”; “shade of”; “hue”; “more saturated/vivid”; “make it
black, white, ...); darker, lighter, brighter, saturate, desaturat, muted, darker/lighter”
vivid, pale

Add/Remove add, remov, delet, insert, includ, exclud, omit, missing, extra, eliminat, “should not be there”; “add/insert a”; “remove/delete the”’; “no longer
replac, substitut, absent, introduc, eras, drop visible”

Shape round, circular, ellips, oval, squar, rectangl, triangl, polygon, diamond, ‘“‘should be a circle/square/triangle”; “more rounded/pointed”; “right-
arc, curv, straight, angl, vertex, wedge, convex, concave, symmet, wavy  angle”

Label/Text label, mislabel, title, annot, font, legend, caption, tick, axis, note, header, “x/y-axis”; “axis label/tick/title”; “missing/wrong label”; “font
bold, italic, underlin, misalign, misplac size/weight/style”

Style gradient, shadow, blur, smooth, texture, flat, solid, dashed, dotted, stroke, “flat color/fill”; “solid/dashed/dotted line”; “line weight/thickness”;
opaci, transparent, fill, outlin, border, grid, background, blend “stroke width”

Comparison  incorrect, inaccurat, erroneous, mismatch, discrepancy, differ, wrong, ~“instead of”; “rather than”; “should be”; “doesn’t match”; “compared
misrepresent to the original”

Numeric approximat, exactl, precisel, percent, proportion digits with units (%, px, pt, degrees); coordinate notation (x=3.2,

Positive Ack.

correct, accurat, almost, nearly, well

y 1); “about/around/exactly N
“close/similar enough”; “otherwise correct/good”; “other than that”;
“now correct”
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Figure 13: Correction language category usage per turn for each model pair. GPT-5.2 pairs (bottom row) sustain
consistent multi-category coverage; QWEN3-VL-30B pairs (top row) show higher variance and sparse later-turn

coverage.
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Figure 15: Task-1: Mean iterative payoff o =
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SEM). The dashed line marks the no-improvement base-
line.
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Figure 17: Mean final-turn similarity score for GPT-
5.2 + GPT-IMAGE-1.5 at three token budgets, by judge
(error bars: SEM). Absolute quality increases monoton-
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budget; all conditions remain above the 50% chance
baseline (dashed line).
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Figure 19: Score trajectory heatmap: mean similarity score per turn, image category, and describer—generator pair.
Rows are categories; columns are turns; colour encodes mean similarity. The turn scores are assigned by GPT-5.2.
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TEMPLATE C.0.1

Let’s play a game. I will feed you an image and you will produce the most accurate description
possible. The description should capture every detail and be extremely precise. Your description
must be at most 200 tokens long.

The output should consist of an initial tag <DESCRIPTION> followed by the description.

Reply just with the two tags and their related content.

\

7

TEMPLATE C.0.2

You will now receive an image that was generated using your initial description. The goal is to
generate an image as similar as possible to the original one. If you deem that the generated image
is close enough to the original one, reply with "<DONE>".

If not, you will reply with the changes needed to correct the image. The updated description should
ONLY contain the changes/edits that have to be made to the previous image to make it look like the
original image. Do NOT provide the full description again. Your description must be at most 200
tokens long. The output should consist of an initial tag <DESCRIPTION> ,followed by the changes or
just a tag word <DONE> if you deem that the images are similar enough. Reply just with the two tags
and the content related.

Then these steps will repeat until you find the generated image similar enough to the original image.

<GENERATED_IMAGE>

\

Figure 20: Prompt templates for Describer player. The first template is for the initial turn and the next template is
for consecutive turns.

7

TEMPLATE C.0.3
<DESCRIPTION WHAT TO GENERATE>

\

7

TEMPLATE C.0.4
<DESCRIPTION WHAT TO GENERATE>

<PREVIOUS_GENERATED_IMAGE>

\

Figure 21: Prompt templates for Generator player. The first template is for the initial turn and the next template is
for consecutive turns.
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TEMPLATE C.0.5
Generate a description for a simple geometry diagram.

Requirements:

* The diagram should be completely different from the ones generated early,vary the graphical settings
and colours as well.

e The diagram described should be similar to ones found in geometry book
e The diagram should be simple and easily understandable

STRICT OUTPUT FORMAT REQUIREMENT (MANDATORY):
Output ONLY:

<DESCRIPTION> (technical construction details only) </DESCRIPTION>
<SUMMARY> (exactly two lines describing the resulting diagram) </SUMMARY>

’

TEMPLATE C.0.6
When provided with an image description, generate the Python code required to visualize the image.

Requirements:

Output should consist only of the required code, placed between two <CODE> tags.

Do not display the plot using plt.show();

Do not include any title or legend in the picture.

I IMPORTANT! All figures should fit entirely in the image, adjust sizes if necessary

!IMPORTANT! THE CODE MUST CONSISTS OF A FUNCTION NAMED "GENERATE" THAT RETURNS THE PLOT OBJECT
WHEN CALLED AND THAT TAKES NO INPUT

I IMPORTANT! code will be run using the exec command so make sure to include all required imports

I IMPORTANT! DO NOT use ax or subplots

IIMPORTANT: THE CODE MUST BE BETWEEN TWO <CODE TAGS> as in the following example

<CODE> (code goes here) </CODE>

Figure 22: Prompts used to generate synthetic data for the experiment using GPT-5.2. The first prompt produces the
diagrams descriptions (here is shown an example for the easy geometry experiment), the second one produces the
code to generate images with Matplotlib. The first prompt was sent to the LLM alongside with all the previously
generated images summaries.
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