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ABSTRACT

Deep learning and vision-language models (VLMs) are increasingly deployed
for real-world visual understanding tasks, yet their ability to perform the fun-
damental cognitive skill of basic enumeration remains poorly characterized. We
present a systematic evaluation of three frontier VLMs (GPT-5, Gemini 3 Flash,
and Claude Sonnet 4.6) on synthetic dot-counting images spanning 1-120 objects
(360 trials each). Our results reveal dramatic performance differences: Gemini 3
Flash achieves 72.5% overall accuracy with a mean absolute error (MAE) of 1.26,
demonstrating that accurate enumeration is achievable by current VLMs. By con-
trast, GPT-5 achieves only 15.6% accuracy (MAE 6.01) and Claude Sonnet 4.6
only 5.6% (MAE 25.04), with Claude exhibiting a severe positive bias of +25.04
reflecting systematic overcounting. For GPT-5, we observe two distinct behavioral
regimes: a counting regime up to ~70 objects characterized by consistent under-
counting, and an estimation regime beyond ~70 objects where predictions anchor
strongly around 100. Chain-of-thought prompting and stimulus variation applied
to Claude produced negligible improvement, pointing to architectural rather than
prompt-level explanations. These findings demonstrate that enumeration failure
is model-dependent rather than task-inherent, with implications for safety-critical
applications including medical imaging, crowd monitoring, and scientific figure
interpretation.

1 INTRODUCTION

Vision-language models (VLMs) have achieved impressive performance on complex visual reason-
ing tasks, from image captioning to visual question answering (Tong et al., |2024; |Fu et al., [2024).
This success has led to their deployment in increasingly consequential applications: analyzing sci-
entific charts (Masry et al.| 2022)), counting cells in medical images (Falk et al.| [2019), monitoring
crowd density for public safety (Bai et al.,[2020), and detecting objects in aerial imagery (Xia et al.,
2018). These applications share a common requirement: accurate enumeration.

Yet recent work suggests VLMs struggle with precisely this capability. |Guo et al.| (2025) found
that even state-of-the-art models “can’t count to 20,” while |[Zanchi et al.| (2024) demonstrated that
GPT-4V behaves as a “4-knower,” reliably enumerating only up to 4 items, consistent with human
subitizing limits but failing to develop true counting skills. These findings echo broader concerns
about VLM perceptual limitations: [Kamath et al.| (2023)) showed VLMs fail at basic spatial reason-
ing, and the BLINK benchmark revealed that humans outperform GPT-4V by over 40% on tasks
solvable “within a blink” (Fu et al.| 2024).

We contribute a rigorous empirical investigation of enumeration across three frontier VLMs using
a controlled synthetic setup, and further test chain-of-thought prompting and stimulus variation to
assess whether failures can be mitigated. Our key findings are:

¢ Enumeration failure is model-dependent, not task-inherent: Gemini 3 Flash achieves
72.5% accuracy (MAE 1.26), while GPT-5 (15.6%, MAE 6.01) and Claude Sonnet 4.6
(5.6%, MAE 25.04) fail dramatically.

*Corresponding author: afsharrad@stanford.edu
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* Qualitatively distinct failure modes: GPT-5 exhibits a “100-anchor” phenomenon where
predictions gravitate toward 100 for counts in the 85-105 range, while Claude Sonnet 4.6
displays severe systematic overcounting (bias 4-25.04) that grows with the true count.

* Two distinct regimes in GPT-5: A counting regime (up to ~70 objects) characterized by
consistent undercounting, and an estimation regime (beyond ~70 objects) with haphazard,
high-variance outputs.

* Interventions fail to rescue poor models: Chain-of-thought prompting and stimulus vari-
ation applied to Claude produce negligible accuracy improvements (5.6% to 6.7% at best),
pointing to architectural rather than prompt-level explanations.

2 EXPERIMENTAL SETUP

Stimulus Generation. We generated synthetic images of black dots (radius 10 pixels) on white
backgrounds (800800 pixels). Dot positions were randomized with minimum spacing of 2.5x ra-
dius to prevent overlap, isolating pure enumeration ability from confounds such as object recognition
or occlusion.

Models and Protocol. We evaluated GPT-5, Gemini 3 Flash, and Claude Sonnet 4.6 via their
respective APIs using structured JSON output with two fields: count (integer) and confidence
(high/medium/low). We tested counts from 1 to 120 with 3 repetitions per count (360 trials per
model) at default temperature (1.0).

Prompting Conditions. All three models were evaluated under an original prompt asking for pre-
cise, systematic counting of black dots. To test whether failures could be mitigated, we additionally
evaluated Claude Sonnet 4.6 under two intervention conditions: a chain-of-thought (CoT) prompt
instructing the model to divide the image into sections and sum the per-section counts, and a var-
ied objects condition using images with mixed shapes and colors. Full prompt text is provided in

Appendix [A]

Metrics. We report accuracy (exact match), mean absolute error (MAE), signed bias (mean signed
error), and prediction variance across repetitions.

3 RESULTS

Figure[I|presents the cross-model comparison. Per-model detailed figures are in Appendix[B} Claude
intervention results are in Appendix [C]

3.1 DRAMATIC CROSS-MODEL DIFFERENCES

The most striking finding is the range of performance across models evaluated under identical con-
ditions. Gemini 3 Flash achieves 72.5% accuracy (MAE 1.26), demonstrating that accurate enumer-
ation of synthetic stimuli is achievable by current VLMs. GPT-5 achieves 15.6% accuracy (MAE
6.01) with a modest positive bias of +0.72. Claude Sonnet 4.6 performs worst at 5.6% accuracy
(MAE 25.04) with a severe positive bias of +25.04, reflecting systematic large-scale overcounting
that grows with the true count. These differences, observed under identical stimuli and prompts,
confirm that enumeration failure is model-dependent.

3.2 THE ACCURACY CLIFF

Performance degrades precipitously with count for both GPT-5 and Claude. For GPT-5, accuracy is
93% for 1-9 dots, drops to 53% for 10-19, and falls below 10% for counts >30. Gemini maintains
substantially higher accuracy throughout. This cliff around 10-20 objects aligns with the human
subitizing boundary (Trick & Pylyshyn||[1994; |Kaufman et al.||1949), though Gemini’s performance
demonstrates that models need not be bound by it.
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Model Comparison: GPT-5 vs Gemini vs Claude
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Figure 1: Cross-model enumeration performance across 360 trials each. Top row: (Left) Mean
predictions: Gemini 3 Flash tracks the ideal closely, GPT-5 anchors around 100 at high counts,
Claude Sonnet 4.6 overcounts severely; (Center) MAE by true count; (Right) Error distributions
revealing qualitatively different failure modes. Bottom row: Accuracy and MAE by count range,
with summary table.

3.3 THE 100-ANCHOR PHENOMENON

The top-left panel of Figure [I] reveals a pattern specific to GPT-5: predictions track true counts
reasonably until approximately 70 dots, then gravitate toward 100. Values both below and above
100 are pulled toward this anchor, suggesting either a learned prior toward a salient round number,
training data biases, or representational limitations in encoding large quantities. Gemini shows no
such anchoring. The anchor creates a non-monotonic MAE pattern in GPT-5: error peaks in the 70—
89 range, decreases for 90—109 where the anchor is closer to truth, then spikes again at 110-119.

3.4 QUALITATIVELY DISTINCT FAILURE MODES

The error distributions (Figure [T] top-right) show that the three models fail differently. Gemini’s
distribution is tightly centered on zero. GPT-5 exhibits a moderately asymmetric distribution, with
the negative tail truncating around —20 while the positive tail extends further. Claude’s distribution
is dramatically right-skewed: the model almost never undercounts and produces large positive errors
throughout the range, consistent with its bias of +25.04.

3.5 COUNTING VS. ESTIMATION REGIMES IN GPT-5

GPT-5 data reveal two behavioral regimes. From approximately 10 to 70 objects, the model exhibits
consistent undercounting, suggesting continued enumeration effort. Beyond ~70 objects, outputs
become haphazard with high variance across repetitions (std up to 34), combined with prominent
100-anchoring. This transition aligns with human cognitive limits where subitizing gives way to

serial counting, which GPT-5 appears unable to perform reliably (Dehaene, [2011).

3.6 INTERVENTIONS FAIL TO RESCUE CLAUDE

Chain-of-thought prompting (6.1%, MAE 25.10, bias +14.98) and varied-object stimuli (6.7%,
MAE 32.12, bias —7.33) produced negligible accuracy improvements over Claude’s baseline (5.6%,
MAE 25.04). The varied-objects condition increased MAE despite a marginal accuracy gain and
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flipped the bias sign, suggesting a shift in estimation strategy without genuine improvement in enu-
meration.

4 WHY DOES COUNTING FAIL?

Subitizing Without Counting. Humans possess two distinct numerical systems: the Object
Tracking System enabling parallel individuation of 1-4 items (subitizing), and serial counting re-
quiring attention shifts (Trick & Pylyshynl |1994). Failing VLMs may exploit subitizing-like parallel
processing but lack mechanisms for reliable serial enumeration. GPT-5 functions as a “10-knower,”
an improvement over GPT-4V’s “4-knower” status (Zanchi et al.,|2024), but still fundamentally lim-
ited. Gemini’s success suggests some models have developed more robust enumeration strategies.

Architectural Constraints. Vision encoders like CLIP compress images into fixed-dimensional
representations optimized for semantic similarity, not precise spatial structure (Tong et al., 2024).
Object individuation, i.e., tracking “this dot” vs. “that dot,” may be fundamentally difficult in such
representations (Sengupta et al.,2025). The failure of CoT prompting to improve Claude’s accuracy,
despite explicitly instructing a divide-and-count strategy, suggests the limitation lies in visual feature
extraction rather than reasoning.

The 100-Anchor as Learned Prior. GPT-5’s gravitation to 100 may reflect training data statistics,
since 100 appears frequently as a salient round number in text corpora. This is consistent with
findings that deep learning struggles to abstract natural numbers from visual representations (Chen
et al., [2019). Its absence in Gemini and replacement by a different failure mode in Claude suggest
model-specific rather than universal behavior.

5 IMPLICATIONS AND LIMITATIONS

Practical Recommendations. Model choice matters enormously for enumeration tasks. Gemini 3
Flash substantially outperforms the other models on this benchmark, so practitioners should evaluate
specific models rather than assuming uniform VLM limitations. For models that perform poorly,
enumeration beyond ~10 objects should not be deployed without human oversight in safety-critical
settings such as medical imaging, crowd monitoring, and scientific chart interpretation.

Limitations and Future Work. We evaluated models on synthetic stimuli; real-world images
with occlusion, varying sizes, and semantic content may reveal different failure modes. Interven-
tions were tested only on Claude; it remains unclear whether CoT prompting could further improve
Gemini’s performance or would reveal an upper bound. The architectural or training differences
that explain Gemini’s superiority remain an open question. Promising future directions include test-
ing specialized counting architectures (Hou et al.| [2025), extended count ranges beyond 120, and
targeted fine-tuning to mitigate anchoring.

6 CONCLUSION

We presented a systematic cross-model evaluation showing that enumeration failure in VLMs is
neither universal nor inevitable. Gemini 3 Flash achieves 72.5% accuracy across 1-120 objects,
while GPT-5 and Claude Sonnet 4.6 fail through qualitatively different mechanisms: a “100-anchor”
heuristic with two distinct regimes in GPT-5, and systematic large-scale overcounting in Claude.
Prompting interventions fail to rescue Claude, pointing to architectural explanations. As VLMs
are deployed in safety-critical applications requiring accurate enumeration, these findings urge both
caution and careful model selection.

REPRODUCIBILITY STATEMENT

All stimuli were synthetically generated with parameters fully specified (800x800 pixels, 10-pixel
radius dots, 2.5 radius minimum spacing). Models were evaluated via their respective APIs with
default temperature and structured JSON output. Prompts for all conditions are in Appendix [A]
Code and data will be released upon publication.
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A  PROMPTS USED IN ALL CONDITIONS

Original Prompt (all three models). “Count the exact number of black dots in this image. Be
precise and systematic in your counting.”
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Chain-of-Thought Prompt (Claude only). “Count the objects in this image. First, divide the
image into sections (e.g., quadrants or rows), count the objects in each section, then sum them up to
get the total count. Be systematic and precise.”

Varied Objects Prompt (Claude only). “Count the total number of objects in this image, regard-
less of their shape or color. Be precise and systematic in your counting.”

B PER-MODEL DETAILED RESULTS

Figures 2H6| show full six-panel result figures for each experimental condition, following the same
layout as Figure[I} mean predictions with variance, MAE by true count, error distribution, prediction
variance, accuracy by count range, and MAE by count range.
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Figure 2: GPT-5 (baseline) individual results across 358 trials. Predictions anchor around 100 for
true counts above approximately 85, and accuracy collapses sharply beyond 20 objects.

C CLAUDE INTERVENTION COMPARISON

Figure[7]shows all three Claude conditions overlaid for direct comparison. No intervention produces
meaningful accuracy improvement, confirming that Claude’s failures are not addressable through
prompting or stimulus modification alone.
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prediction line closely throughout the full 1-120 range, with low MAE and near-zero bias.
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Figure 4: Claude Sonnet 4.6 (baseline, original prompt) individual results across 360 trials. The
model systematically overcounts across the full range, with a strongly right-skewed error distribution
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Figure 5: Claude Sonnet 4.6 with chain-of-thought prompting, individual results across 360 trials.
Accuracy (6.1%) and MAE (25.10) are nearly identical to the baseline, indicating CoT prompting
does not address the underlying failure.
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Figure 6: Claude Sonnet 4.6 with varied objects (mixed shapes and colors), individual results across
360 trials. Accuracy (6.7%) is marginally higher but MAE (32.12) worsens relative to baseline, and
the bias flips to —7.33, indicating a change in estimation strategy rather than improved enumeration.
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Claude Sonnet 4.6: Effect of Prompting and Stimulus Variation
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Figure 7: Claude Sonnet 4.6 across three conditions: regular prompt (blue), chain-of-thought (or-
ange), and varied objects (purple). Summary statistics: Regular 5.6% accuracy, MAE 25.04, bias
+25.04; CoT 6.1%, MAE 25.10, bias +14.98; Varied Objects 6.7%, MAE 32.12, bias —7.33.
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