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ABSTRACT

Vision language models often produce step by step reasoning traces even in zero-
shot settings, but it is unclear how this “reasoning length” scales with spatial
problem complexity. We introduce the Largest Circle Puzzle, an easily scalable
synthetic benchmark that requires connectivity-based relational filtering and rel-
ative size comparison under increasing visual clutter. By varying the number of
circles, we control problem complexity, and by controlling answer location, we
probe positional effects. Across several state of the art VLMs with explicit rea-
soning behavior, accuracy declines steadily as scenes become more crowded. On
instances solved correctly, reasoning length usage typically grows with problem
size and can follow an approximately linear trend, consistent with scan-like strate-
gies. However, reasoning length alone does not predict robustness: some models
exhibit strong location-dependent performance, with large accuracy gaps between
corner placements even when successful reasoning length scaling remains stable.

1 INTRODUCTION

Figure 1: Example instance of the
Largest Circle Puzzle with 10 la-
beled circles. The task is to out-
put the label inside the largest circle
among those connected to the speci-
fied shape type (here, the small hol-
low circle). The correct answer is 6.

Vision language models perform strongly on many multi-
modal tasks and increasingly produce explicit step by step
reasoning traces even in zero-shot settings, raising a key
question for spatial reasoning: how does reasoning length
scale with visual problem complexity, and does more rea-
soning yield more reliable decisions? This matters because
spatial reasoning often requires combining visual perception
with reasoning over relationships between multiple objects,
rather than recognizing objects in isolation Liu et al. (2025).
Moreover, spatial predictions can depend on where critical
evidence appears in the image, making positional bias an es-
sential factor to evaluate Zhu et al. (2025). Taken together,
measuring accuracy and token usage across different com-
plexity levels and target locations helps reveal whether VLM
reasoning scales efficiently or fails under different settings.

In this work, we address these questions using the Largest
Circle Puzzle1, a scalable synthetic task where a model must
output the label inside the largest circle among those con-
nected to a specified shape type (for example, a small hol-
low circle). The task probes relative size comparison and
connectivity-based relational filtering under increasing clutter. Because the scenes are synthetic, we
can scale difficulty by varying the number of circles and test positional bias by placing the answer
in different locations. Since humans can solve the puzzle in essentially linear time by scanning

1Reproducibility code: https://github.com/hakanmuluk/LargestCirclePuzzle
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valid connections and tracking a maximum, we evaluate whether VLMs’ reasoning scale similarly,
reporting success rates, reasoning lengths and performance changes across placements.

2 RELATED WORK

Reasoning traces in (V)LMs. Following Wei et al. (2022), chain of thought prompting emerged
as a simple way to elicit multi step reasoning in LLMs, and it is now widely used in VLMs for
multimodal reasoning, including spatial tasks (Liu et al., 2025). In parallel, recent work has begun
to study reasoning length scaling by linking token usage to problem complexity (Estermann & Wat-
tenhofer, 2025). We follow a similar analysis framework by extending scaling analyses to VLMs
on a controlled spatial reasoning task, the Largest Circle Puzzle introduced in this work, and by
incorporating spatial-specific factors such as answer location (positional) effects.

Controlled spatial VQA benchmarks and size comparison. Spatial reasoning has long been
studied through controlled VQA benchmarks that aim to separate compositional skills from dataset
shortcuts, including classic testbeds such as CLEVR (Johnson et al., 2017) and GQA (Hudson &
Manning, 2019), as well as newer spatial evaluations showing that even strong VLMs struggle with
basic relations under controlled perturbations (Liu et al., 2023; Kamath et al., 2023; Wang et al.,
2024; Stogiannidis et al., 2025). A closely related thread concerns relative attribute comparison, es-
pecially relative size comparison, where models must compare objects rather than merely recognize
them. PhysBench highlights persistent failures on grounded comparative judgments (Chow et al.,
2025), while stronger grounding signals, including 3D-aware supervision from structured cues such
as scene graphs and depth, can improve spatial generalization (Cheng et al., 2024). Our work fol-
lows this diagnostic tradition but focuses on a compact primitive that combines relational filtering
with comparative selection under increasing clutter.

Multi-object failure modes and improving spatial competence. Recent studies also highlight
systematic biases and failure modes amplified in multi-object scenes. Predictions can be sensitive
to where evidence appears in the image, motivating explicit tests of corner placements (Zhu et al.,
2025). Multi-object settings increase confusion and hallucination, and analyses of CLIP-like rep-
resentations suggest biases toward salient or larger objects, which can interfere with ”largest under
constraint” queries (Abbasi et al., 2024; Chen et al., 2024). Proposed improvements include infer-
ence time attention control and reinforcement learning based post-training for spatial competence
(Chen et al., 2025; Pan & Liu, 2025). Finally, symbolic-graphics evaluations suggest a modality
gap: when spatial structure is explicit and compositional, LLMs can be comparatively robust to
translations and rotations, motivating measurement of both task accuracy and reasoning behavior in
VLMs (Qiu et al., 2024).

3 METHODS

3.1 THE LARGEST CIRCLE PROBLEM

In this work, we use the Largest Circle Puzzle, a synthetic spatial reasoning task that is solvable by
humans with sufficient effort, and scalable for evaluating test-time computation in vision language
models. Each instance contains n labeled circles of varying radii (labels 1 to n), with large high-
contrast text to avoid OCR confounds. Circles may be connected by a short line to a nearby small
shape; the circles connected to a specified shape type (by default, a small hollow circle tag) form the
candidate set C , and the model must output the label of the largest candidate circle 2.

The puzzle requires two core skills: relational filtering, to identify which circles are connected
to the specified shape, and relative size comparison, to select the largest among those candidates.
To discourage shortcut strategies, each instance also includes at least one circle that is larger than
the correct answer but connected to a different shape type, so choosing the globally largest circle
produces an incorrect output. The correct answer circle is further guaranteed to be substantially
larger than the other circles connected to the specified shape type, typically by about 40–60% in

2In our default data-generation setting, |C| = n
5

.
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area relative to the largest competing candidate, with randomness in this margin to avoid near-
ties. Because the data are synthetic, we can scale difficulty by varying n, which increases clutter
and distractors in a controlled way. Finally, to study positional bias, we vary answer placement
by placing the answer circle either randomly or fixing it to a corner (top-left, top-right, bottom-left,
bottom-right). All models are evaluated zero-shot with a single prompt, and we record both accuracy
and reasoning-token usage across problem sizes and placement modes.

3.2 EVALUATION METRICS

Our evaluation focuses on two metrics: success rate and reasoning length. Success is binary, indicat-
ing whether the model outputs the correct label for a Largest Circle Puzzle instance, which requires
selecting the largest circle among those connected to the specified shape type. We measure problem
complexity by the number of circles, n, which increases object count and distractors. As a proxy for
the model’s reasoning length, we measure total generated tokens (thinking + output), which we refer
to as reasoning tokens. Because the output is constrained to a single number (typically 1–2 tokens)
or “NONE,” this total primarily reflects the length of the model’s reasoning. We allow models to an-
swer “NONE” (see Appendix A.1) in case they detect no circle connected to the target tag; however,
in our dataset construction, an answer is always guaranteed to exist (at least one circle is connected
to the specified shape type). We include the “NONE” option to avoid forcing a potentially arbitrary
numeric guess when a model fails to identify any valid candidates. Also, since humans can solve
the task in essentially linear time in n by scanning valid connections and tracking the maximum, we
examine whether VLM computation scales similarly by fitting a linear model to average token usage
versus n and reporting the R2 goodness of fit. We also report average accuracy and average token
usage, versus n. Finally, to evaluate positional bias, we compare accuracy across different answer
location settings (random and fixed corners: top-left, top-right, bottom-left, bottom-right).

3.3 CONSIDERED MODELS

We evaluated the spatial reasoning performance of the following vision language models with ex-
plicit reasoning capabilities: GPT-5 mini and Gemini 3 Flash, both run with medium reasoning
effort (Singh et al., 2025; Google DeepMind, 2025), and Qwen3-VL-235B-A22B-Thinking (Bai
et al., 2025).

4 RESULTS

(a) (b)

Figure 2: Performance and reasoning length versus problem size n on the Largest Circle Puzzle
for GPT-5 mini, Gemini 3 Flash, and Qwen3-VL-235B-A22B-Thinking with randomized answer
locations. For each n, all models are evaluated on the same 50 instances. (a) Success rate versus n.
(b) Average reasoning token count conditioned on successful attempts, after trimming the top/bottom
1% per model to reduce outliers; dashed lines show weighted linear fits (R2 = 0.922 for GPT-5 mini,
0.934 for Gemini 3 Flash, 0.734 for Qwen3-VL Thinking 235B).

Figure 2a shows how accuracy changes with problem size n. All models degrade as n increases,
indicating that adding more circles and distractors makes the relational filtering and size comparison
steps substantially harder. Gemini 3 Flash is the most robust across most values of n, maintaining
the highest success rates at larger problem sizes. GPT-5 mini performs strongly at small n but drops
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sharply as complexity increases, reaching near-zero accuracy at the largest n. Qwen3-VL-235B-
A22B-Thinking generally performs the worst across the range, with accuracy deteriorating quickly
as the scene becomes more crowded.

Figure 2b reports average reasoning-token counts conditioned on successful attempts at each n,
after trimming the top and bottom 1% per model to reduce outlier effects and using weighted linear
fits. Under this success-only view, GPT-5 mini and Gemini 3 Flash show strong linear scaling of
reasoning tokens with problem size (R2 = 0.922 and 0.934, respectively), consistent with a stable
“scan-and-max” style strategy on instances they can solve. In contrast, Qwen3-VL-235B-A22B-
Thinking exhibits weaker linearity (R2 = 0.734), suggesting a less consistent scaling behavior.
Overall, reasoning length increases predictably with n for the stronger models on solvable instances,
yet this does not prevent the pronounced accuracy degradation with growing clutter in Figure 2a.

(a) (b)

Figure 3: Gemini 3 Flash accuracy and reasoning length versus problem size n under different
answer locations. (a) Success rate for random, top-left, and bottom-right answer placement; 95%
Wilson CIs are shown for top-left and bottom-right (shared 200 puzzles per n), while random uses
the earlier 50-puzzle setting (no CIs). (b) Average reasoning tokens for top-left and bottom-right af-
ter trimming the top/bottom 1% reasoning lengths (per positional setting); dashed lines are weighted
linear fits to successful attempts(R2 = 0.952 for top-left, 0.918 for bottom-right).

We conducted additional experiments to probe positional bias and analyzed the most notable cases
(Appendix A.2). Among the evaluated models, Gemini 3 Flash exhibits the strongest location sen-
sitivity. As shown in Figure 3a, top-left placement consistently improves success rates over bottom-
right across problem sizes, with bottom-right remaining the weakest condition. This gap is striking
because the task and nominal difficulty (as measured by n) are unchanged, suggesting that where
critical evidence appears can materially affect spatial decision quality.

Figure 3b reports the corresponding average reasoning-token counts conditioned on successful at-
tempts for the same placements, after trimming the top/bottom 1% token lengths and fitting weighted
linear trends. Token usage scales highly linearly with problem size in both settings (R2 = 0.952
top-left; R2 = 0.918 bottom-right), indicating stable growth in reasoning length as n increases, for
the successful attempts. Importantly, this argues against a simple “shortcut” explanation: even in the
top-left setting, Gemini’s reasoning length still increases predictably with n (also see Appendix A.4,
Figure 9b), yet accuracy remains much higher than bottom-right. Also, the bottom-right setting
clearly tends to use more tokens (also see Appendix A.4, Figure 9), yet achieves notably lower ac-
curacy than top-left. Thus, answer location impacts success in a way that is not captured by problem
complexity alone, consistent with positional sensitivity in visual processing or attention allocation.

5 CONCLUSION

This study analyzes reasoning length scaling in vision language models using the Largest Circle
Puzzle, a scalable synthetic benchmark for connectivity-based filtering and size comparison under
varying clutter. On correctly solved instances, models show roughly linear token growth with prob-
lem size, yet accuracy drops as scenes become more crowded. We also find positional effects: Gem-
ini 3 Flash shows a persistent top-left vs. bottom-right accuracy gap, and bottom-right often uses
more tokens despite lower accuracy. Overall, token growth can track complexity on solvable cases
but is insufficient for robustness to clutter or positional shifts; future work should test additional
primitives and interventions that improve reliability without simply increasing token budget.
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A APPENDIX

A.1 PROMPT

The following prompt was used for all models.

Task: Return the number inside the LARGEST circle among
the circles that are connected by a line to a small hollow
circle (tag). Answer ONLY the number or NONE.

A.2 ADDITIONAL POSITIONAL-BIAS EXPERIMENTS

We report additional experiments on positional (locational) bias beyond those shown in the main
paper. For an initial screening pass, we evaluated multiple answer location settings at a fixed problem
complexity of n = 75 using 20 examples per setting (Tables 1, 2, and 3). Based on these preliminary
results, we identified the settings with the largest deviations from the random-placement baseline and
followed them up with higher-coverage evaluations using 50 examples per setting. In particular, we
further analyzed the top-left placement for all models, and additionally the bottom-right placement
for Gemini 3 Flash, extending the analysis to larger values of n. Except for this initial screening
stage, all other experiments reported in this work use 50 examples per setting for each combination
of problem complexity, model, and answer location setting; the only exception is Gemini 3 Flash in
the top-left and bottom-right conditions, where we use 200 examples per setting.

A.2.1 GPT-5 MINI

Table 1: Success rates (%) for GPT-5 mini on the Largest Circle Puzzle under different answer lo-
cation settings. “Random” places the answer circle uniformly at random (reported at n ∈ {70, 80}),
while the corner settings fix the answer circle to the specified corner (reported at n = 75).

Setting (n) Success rate (%)
Random (n = 70) 32.00
Random (n = 80) 14.00
Top-left (n = 75) 53.33
Top-right (n = 75) 50.00
Bottom-left (n = 75) 16.67
Bottom-right (n = 75) 20.00

(a) (b)

Figure 4: (a) Mean success rate versus problem complexity n for GPT-5 mini, comparing random
placement and top-left placement. (b) Average reasoning token usage versus n for the same two
settings.

In the initial screening (Table 1), the top-left setting showed the largest deviation from the random-
placement baseline for GPT-5 mini, so we selected it for a higher coverage follow-up. When we
reran random and top-left with 50 examples per setting and swept n from 50 to 100, the two curves
were largely similar across most complexities (Figure 4). A clearer separation only emerges at n =
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100, where the random setting falls to near-zero accuracy while top-left remains higher, indicating
that any location effect for GPT-5 mini is limited in this range and most visible at the highest tested
complexity.

A.2.2 GEMINI 3 FLASH

Table 2: Success rates (%) for Gemini 3 Flash on the Largest Circle Puzzle under different answer lo-
cation settings. “Random” places the answer circle uniformly at random (reported at n ∈ {70, 80}),
while the corner settings fix the answer circle to the specified corner (reported at n = 75).

Setting (n) Success rate (%)
Random (n = 70) 52.00
Random (n = 80) 36.00
Top-left (n = 75) 66.67
Top-right (n = 75) 56.67
Bottom-left (n = 75) 56.67
Bottom-right (n = 75) 13.33

In the initial screening for Gemini 3 Flash (Table 2), the top-left position achieved the highest suc-
cess rate, while bottom-right showed a sharp drop relative to both random placement and the other
corners. Given this strong spread, we selected top-left (best performing) and bottom-right (worst
performing) for a higher-coverage follow-up. Figure 3 compares these two positions against the
random baseline across a wider sweep of problem sizes, showing that the top-left advantage persists
over increasing complexity, whereas bottom-right remains consistently weaker and degrades more
rapidly as n grows.

A.2.3 QWEN3-VL-235B-A22B-THINKING

Table 3: Success rates (%) for Qwen3-VL-235B-A22B-Thinking on the Largest Circle Puzzle under
different answer location settings. “Random” places the answer circle uniformly at random (reported
at n ∈ {70, 80}), while the corner settings fix the answer circle to the specified corner (reported at
n = 75).

Setting (n) Success rate (%)
Random (n = 70) 18.00
Random (n = 80) 12.00
Top-left (n = 75) 30.00
Top-right (n = 75) 30.00
Bottom-left (n = 75) 20.00
Bottom-right (n = 75) 16.67

(a) (b)

Figure 5: (a) Mean success rate versus problem complexity n for Qwen3-VL-235B-A22B-Thinking,
comparing random placement and top-left placement. (b) Average reasoning token usage versus n
for the same two settings.
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In the initial screening (Table 3), Qwen3-VL-235B-A22B-Thinking showed its strongest corner
performance in the top-left setting, so we selected top-left for follow-up comparisons against the
random baseline. In the higher coverage sweep across n ∈ [50, 100] (Figure 5), the random and top-
left curves are broadly similar, indicating no consistent location effect for Qwen3-VL in this range.
The main exception occurs at n = 80, where top-left performs noticeably better than random, while
at other complexities the differences are small and negligible.

A.3 EXAMPLE PUZZLES

Figure 6: Example Largest Circle Puzzle instance from the top-left answer location setting, with n
= 50 and 47 as the answer.

Figure 7: Example Largest Circle Puzzle instance from the bottom-right answer location setting,
with n = 50 and 18 as the answer.
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A.4 ADDITIONAL RESULTS

(a) (b)

Figure 8: Average reasoning tokens versus problem size n, computed over all attempts (not only
successful ones). In all plots, we trim the top and bottom 1% of reasoning token lengths (per model)
to reduce outlier effects, and show weighted linear fits (dashed). (a) Trimmed averages over 50
instances per model–n: GPT-5 mini (R2 = 0.820), Gemini 3 Flash (R2 = 0.786), and Qwen3-VL-
235B-A22B-Thinking (R2 = 0.742). (b) Trimmed averages for Gemini 3 Flash with 200 instances
per n under top-left (R2 = 0.924) and bottom-right (R2 = 0.851) answer locations.

Figure 8 reports average reasoning token usage as a function of problem size n when all attempts
are included, rather than conditioning on success. This view captures both solved and failed runs,
so it reflects how each model allocates test-time computation under increasing clutter even when it
does not reach the correct answer. In Figure 8(a), all three models show an overall upward trend
in trimmed average tokens with n, and the weighted linear fits indicate that token usage remains
approximately linear in this aggregate sense (GPT-5 mini R2 = 0.820, Gemini 3 Flash R2 = 0.786,
Qwen3-VL-235B-A22B-Thinking R2 = 0.742). Compared to the success-only analyses in the
main text, these fits are generally weaker, which is expected because failures introduce additional
variability in both stopping behavior and reasoning length. Figure 8(b) performs the same analysis
for Gemini under higher coverage (200 instances per n) and shows that linear scaling persists across
placements, with stronger linearity for top-left than bottom-right (R2 = 0.924 vs. 0.851). Together,
these results suggest that average token consumption still grows with problem size even when un-
successful attempts are included, while positional changes can measurably affect the stability of this
scaling.

Figure 9: Accuracy gap between top-left and bottom-right answer locations for Gemini 3 Flash as
a function of problem size n. Points show the paired difference in success rate, ∆ = top-left −
bottom-right, evaluated on the same 200 puzzle instances per n; error bars indicate 95% paired
bootstrap confidence intervals. The horizontal line at ∆ = 0 marks no positional effect.
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