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Figure 1. Illustration of the benchmark’s task taxonomy and dataset coverage. The left pyramid groups counting problems by
hierachical task level with representative Q/A examples. The right donut chart shows modality coverage and the diverse label categories in
each modality, highlighting the benchmark’s broad cross-modal and semantic coverage for unified counting evaluation.

Abstract

Counting is a core capability for multimodal large lan-
guage models (MLLMs), yet there is no unified counting
dataset to rigorously evaluate this ability across image, text,
and audio. We present UNICBench, a unified multimodal,
multi-level counting benchmark and evaluation toolkit with
accurate ground truth, deterministic numeric parsing, and
stratified reporting. The corpus comprises 5,300 images
(5,508 QA), 872 documents (5,888 QA), and 2,069 audio
clips (2,905 QA), annotated with a three-level capability
taxonomy and difficulty tags. Under a standardized pro-
tocol with fixed splits/prompts/seeds and modality-specific
matching rules, we evaluate 45 state-of-the-art MLLMs
across modalities. Results show strong performance on
some basic counting tasks but significant gaps on reason-
ing and the hardest partitions, highlighting long-tail er-
rors and substantial headroom for improving general count-
ing. UNICBench offers a rigorous and comparable basis for
measurement and a public toolkit to accelerate progress.
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1. Introduction

Counting is a core cognitive faculty and a key capabil-
ity for multimodal large language models (MLLMs). It
underlies number sense in humans and animals [12, 14].
As MLLMs progress toward more general, human-like in-
telligence [2, 7, 24, 54], reliable and interpretable count-
ing across modalities becomes a concrete behavioral probe.
Evaluating counting is both a practical test for applications
(e.g., intelligent retail [50], security/surveillance [13, 19,
22, 38], scientometrics, audio analytics [4]) and a measure
of how MLLMs approximate human numerical cognition.

Despite substantial progress of MLLMs on diverse mul-
timodal benchmarks [62], including general-level visual
question answering & reasoning (e.g., EvalQABench [66],
SEED-Bench [30]), NoCaps [3]), (DocVQA [35], MM-
bench [33], MMMU [61]), and scientific question answer-
ing & reasoning (ScienceQA [41], MATH-Vision [51],
ChemBench [21], SciBench [55]), a comprehensive,
modality-spanning assessment of general counting remains
lacking. In this paper, we benchmark MLLMs on diverse
counting tasks that estimate the number of events, entities,
or structural elements across images (e.g., people, vehi-
cles, object instances [17, 29, 36, 60]), text (e.g., words,
named entities, citations, paragraphs [56]), and audio



(e.g., alarms, bird calls, percussive beats [43]), highlight-
ing three complementary facets: perceptual localization,
cross-span/multimodal aggregation and de-duplication, and
rule-guided reasoning.

To rigorously assess how well today’s MLLMs perform
on general counting, a benchmark must address four chal-
lenges: (i) modality and task coverage gaps—key set-
tings lack ready-to-use public data (e.g., audio events, im-
age—text aligned counting, long-document structural ele-
ment counts), requiring curated collection and human ver-
ification under licensing and privacy constraints; (ii) het-
erogeneous annotations and no MLLM-ready QA stan-
dard—existing datasets mix points, boxes, density maps,
timestamps, and text spans with ambiguous instance in-
clusion rules, necessitating canonical target definitions and
conversion to a unified QA template; (iii) inconsistent
evaluation protocols—splits, prompts, decoding settings,
matching rules, and randomness vary across works, hin-
dering comparability and reproducibility; and (iv) limited
model availability and evaluation cost—open models with
balanced modality coverage are scarce, while closed-source
APIs impose monetary costs, rate limits, and long-context
token overheads, complicating fair comparisons.

Addressing these gaps requires a benchmark that is com-
prehensive in coverage, standardized in format, and rigor-
ous in evaluation. We introduce a UNIfied Counting Bench-
mark (UNICBench) with the following contributions:

* We introduce the first unified multimodal, multi-level
general-counting benchmark for MLLMs, extending vi-
sual counting to text and audio and formalizing a three-
level capability and three-level difficulty taxonomy.

* We release a rigorously curated cross-modal corpus with
evidence-first ground truth and a canonical schema for
predictions and adapters, including 5,508 QA over 5,300
image samples, 5,888 QA over 872 text samples, and
2,905 QA over 2,069 audio clips.

* We evaluate state-of-the-art MLLMs (image: 21 models;
text: 22 models; audio: 13 models) using unified proto-
cols, revealing that current MLLMs perform well on sim-
ple tasks but require substantial improvement on reason-
ing and challenging tasks. The systematic analyses, con-
solidated reporting, and an open evaluation toolkit help
facilitate future development of MLLM.

2. Related Work

2.1. Existing Datasets and Benchmarks

Image counting. Image counting has traditionally
focused on crowded scenes (e.g., ShanghaiTech [63],
UCF_CC_50 [27], NWPU-Crowd [53],GCC [52]), vehi-
cle/traffic counting (e.g., CARPK [25], PUCPR+ [25]),
and general object counting datasets (e.g., FSC-147 [39]).
These datasets typically use density maps, point annota-

tions, or bounding boxes and emphasize high-density and
heavy-occlusion scenarios. However, they lack unified an-
notation formats (points/boxes/density) and consistent dif-
ficulty stratification, and few are naturally expressed in a
question—answer format suitable for MLLMs [16, 64].

Text counting. Textual counting tasks appear across
information extraction, document understanding, and sci-
entometrics: from simple word, keyword counts and sen-
tence, paragraph statistics to deduplicated citation counts
and chart, table element counts, which appear as subprob-
lems in DocVQA [35] and ChartQA [34]. Existing docu-
ment QA benchmarks provide rich structural reading tests,
but most do not focus on the semantic deduplication or
cross-segment aggregation required by robust counting; an-
notations are typically stored as spans or indices and are not
directly aligned to MLLM QA outputs [35].

Audio counting. Audio datasets are dominated by
sound event detection and classification collections (e.g.,
AudioSet [20]). Audio counting tasks are challenging due
to temporal overlap, short event durations, and varying an-
notation granularity, which complicates unified cross-modal
evaluation [20, 48].

MLLM benchmarks. Recent multimodal benchmarks
(VQA series [5, 8, 15], DocVQA [35], MMBench [33],
MMMU [61], SEED-Bench [30], etc.) cover visual un-
derstanding, text recognition, structured reasoning, and au-
dio—visual alignment. These benchmarks typically mea-
sure QA accuracy or retrieval metrics and do not system-
atically treat counting as a distinct capability across image/-
text/audio simultaneously; a gap remains for an integrated,
modality-spanning counting evaluation [30, 33, 61].

2.2. Existing Counting Methods

Classical counting. In computer vision, counting ap-
proaches fall into density estimation (CSRNet [31],
ChfL [37], STEERER [23], et. al.), detection-then-count
(LSC-CNN [42], TopoCount [1], et. al.), point-supervision
methods (P2PNet [45], CLTR [32], APGCC [9], et. al.),
and segmentation/ clustering based techniques. Den-
sity regression models (e.g., CSRNet variants) excel
in ultra-dense crowds but are less robust on unseen
scenes; detection-based pipelines (e.g., Faster-RCNN [40]
+ post-processing) work well on separable instances but
struggle with occlusion. In audio, analogous approaches in-
clude sound event detection and temporal segmentation; in
text, methods rely on information extraction (NER, corefer-
ence resolution) and rule-based aggregation.

LLM-based counting. With large language and mul-
timodal models (Qwen2.5-Omni[57], Qwen3-Omni[58],
Qwen2-Audio [10], Phi-Omni-ST [26]), researchers have
explored prompting MLLMs for general counting, using
chain-of-thought to elicit intermediate evidence, and build-
ing hybrid pipelines that combine detectors with an LLM
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Table 1. Representative counting examples organized by category (capability vs. difficulty), level, and modality. The leftmost column
groups three rows under “Capability level” (L1-L3) and a compact summary row for “Difficulty level” (Easy/Medium/Hard).

Category  Level Image

Text

Audio

Pattern (L1) Q: “How many people are visible?”

Capability
level

Semantic (L2) Q: “How many people are wearing red shirts?”

Q: “How many times does ‘Figure’ appear?”

Q: “How many non-repeated citations?”

Q: “How many drum hits in this clip?”

Q: “How many bird calls of species X?”

Reasoning (L3) Q: “How many folders in the specified path shown Q: “Count references from 2010 ~ 2020, Q: “In this audio, how many questions
in the screenshot have a modification date in the excluding appendices.” are asked in total?”
year 20227
Difficulty Easy: 1-10 low density, small occlusion short span, low repetition sparse, low overlap
level Medium: 11-100  moderate density, some occlusion moderate repetition, some deduplication moderate overlap, brief bursts
Hard: >100 high density, severe occlusion long documents, heavy deduplication overlapping events, long audio

for deduplication and rule aggregation. These approaches
are flexible in zero- or few-shot settings but suffer from
unverifiable intermediate evidence, poorly calibrated nu-
meric confidences, and persistent cross-modal alignment
failures [6, 65].

In summary, prior work provides numerous benchmarks
and method families, but lacks a cross-modal, MLLM-
centric benchmark that standardizes QA outputs, evidence
reporting, and evaluation protocols for counting. Our work
addresses this gap by proposing a unified benchmark.

3. UNIfied Counting Benchmark

3.1. Benchmark Overview

Task taxonomy. We organize all counting tasks into capa-
bility levels and difficulty tags. Table | gives representative
examples for each modality and capability level, illustrating
typical question templates. To strictly demarcate these lev-
els, we classify the query () based on its required operation
on the entity set £

* Pattern level (IL1) — perceptual counting: direct obser-
vation of instances/events suffices; no semantic filtering
or rule application is required (y = |E|).

* Semantic level (L2) — attribute filtering and deduplica-
tion: @ applies atomic filters P on intrinsic attributes
(e.g., color, type) or performs identity aggregation (count-
ing unique entities), yielding y = |{e € E | P(e)}|.

* Reasoning level (L3) — rule-driven and composi-
tional counting: () imposes explicit rules or structural
constraints, such as arithmetic/logical weights (y
g(|S1], - ..)) or temporal/complex interactions (y = |{e |
TempStruct(e) }|).

In addition, each sample is also tagged with a difficulty
label (Easy/Medium/Hard). As shown in Table 1, dif-
ficulty is quantified by measurable attributes (e.g., object
number) to enable stratified analysis.

Question-Answer guidelines. To ensure consistency

across modalities and levels, QA follows these rules:

* Level assignment: Annotators assign L1-L3 strictly fol-
lowing the taxonomy defined above, ambiguous cases are
adjudicated by lead annotators.

* Difficulty quantification: Compute objective measures
(density, occlusion, overlap ratio, cross-segment repeti-
tion) and map to Easy/Medium/Hard thresholds; store
these measures in the data card for each sample.

» Evidence-first GT: Every ground truth includes both
gt_count and structured gt_evidence (points/spans/times-
tamps).

* Question templates: We use deterministic templates for
L1 tasks (to minimize linguistic variance), and more
free-form formulations for L2/L3 that specify filtering
rules or aggregation constraints explicitly.

3.2. Data Collection

Data Sources. The benchmark aggregates data from mul-
tiple sources. Image samples are drawn from established
counting datasets (FSC147, NWPU-MOC[ 18], CARPK,
JHU-CROWD++[44], UCF-QNRF[28], ShanghaiTech,
I0Cfish5K[46], Global Wheat Head Detection[11], Snap-
shot Serengeti[47]), with additional manual annotations for
categories like screen panels, pens, birds, seagulls, books,
biscuits, chairs, donuts tray, marbles, cups, mini blinds,
potatoes, alcohol bottles, crows, green peas, and lipstick.
Text data (5,888 questions across 872 samples) are entirely
self-collected from diverse corpora including code repos-
itories, legal documents, academic LaTeX files, and liter-
ary works. Audio samples leverage DESED [49] for envi-
ronmental sounds and AliMeeting [59] for conversational
speech.

Preprocessing Pipelines. For images, we perform dedu-
plication, quality filtering, and annotation format unifica-
tion, converting point annotations to instance coordinates
while preserving resolution diversity (from 234x180 to
6736x4640 pixels). Text preprocessing includes dedupli-
cation, segmentation, and character-span annotation, with
ancient and literary texts retaining original linguistic struc-
tures. Audio processing applies noise reduction, temporal
segmentation, and precise event timestamp alignment, en-
suring sub-second temporal accuracy.

Quality Control. We employ a multi-stage verifica-
tion protocol: dual independent annotation with arbitration
for disagreements, achieving 100% annotation consistency.
Random sampling reviews ensure cross-modal annotation
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Figure 2. a) Sample visualization in three modalities. b) Overview of dataset composition. Sample and question distributions across
modalities and the capability/difficulty breakdown. c) Smoothed ground-truth count distributions for three modalities, which are skewed
and long-tailed and thus motivate our stratified difficulty thresholds and evaluation protocol. d) Category word cloud based on question
counts. e) f) g) Distribution of resolution/text length/ audio duration in three modalities, respectively.

coherence. Questions incorporate deduplication challenges
(cross-sentence entity counting), difficulty stratification via
the three-level taxonomy, and adversarial prompts to test
reasoning robustness.

Ethics and Licensing. All ata adhere to original licenses
and are anonymized to protect privacy.

3.3. Data Distribution

Figure 2 a) summarizes the corpus composition. Figure 2
b) presents the comprehensive dataset composition across
modalities, sources, and difficulty levels. There are two
distributional patterns: First, sample-level coverage and
question-level coverage are not identical. While image sam-
ples constitute the largest share of raw items, the number of
questions is more evenly distributed across image and text
modalities. This gap reflects our collection strategy of pro-
ducing multiple, diverse QA probes per text sample (e.g.,
several citation/paragraph questions per paper) while keep-
ing image samples closer to one QA per scene.

Image counting track. The 5,300 image samples (5,508
questions) exhibit diverse scene complexity. Count ranges
span from sparse scenarios (airplane: average 5.58, sta-
dium: 3.8) to extremely dense scenes (crowd: 355.58,
tree: 301.96, fish: 135.12). Resolution distribution varies
from 234 x 180 to 67364640 pixels (mean: 804x660, as-

pect ratio: 1.28), accommodating both high-resolution re-
mote sensing and standard digital photography. Category
distribution emphasizes everyday objects (30+ categories
from FSC147), aerial imagery (12 categories from NWPU-
MOC), dense crowds (150 samples), and specialized do-
mains (cells, wildlife). Difficulty stratification concentrates
on Pattern-level tasks (85.4%), reflecting the predominance
of direct visual counting, with Semantic (10.0%) and Rea-
soning (4.6%) levels addressing attribute filtering and spa-
tial relationships.

Text counting track. The 872 text samples (5,888 ques-
tions) display extreme length variability (584-8,052,974
characters, median: 7,176). Categories distribute across
code (100 samples), HTML (168), JSON (200), Musi-
cal Notation (143), LaTeX (66), News (60), Literary (60),
CSV (15), Exam papers (15), Official documents (15), an-
cient texts (20), and law (10). Ancient and Literary cat-
egories preserve original language (classical Chinese and
source language respectively), totaling 80 bilingual sam-
ples (9.2%). Count distributions exhibit high variance
(mean: 120.40, median: 4.0, max: 71,176), with LaTeX
and CSV categories contributing extreme values. Difficulty
distribution uniquely favors Reasoning-level (43.7%) and
Semantic-level (29.9%) tasks, demanding structural under-
standing and cross-reference deduplication.

23733



Multimodal input

Image

ap

Q:How my {obecT} are

Text

S -l TR

Q:How many times does “{word}" appear?

Audio
i)

G

Q:How many {target} are there in total?

<20
F/!‘ oee 15
Discussion Talk Environment ... l/\ “ 101 §

Performance

SS-36B-Instruct

B-A3B-Instruct-2507
5B-A22B-Instruct-2507

-

sccee

Llama-4-Scout-17B-16E-Instruct

10! 102
35{ o ®
301 ®
m25] P
10 15 20 25 30

Model Parameters
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difficulty and capability labels. The end-to-end framework enables assessment of MLLM counting across image, text, and audio.

Audio counting track. The audio track (2,069 sam-
ples, 2,905 QA) covers environmental (1,860 samples from
DESED dataset [49]) and conversational speech (209 sam-
ples from AliMeeting [59]). Durations range from 3.0
to 2,497.9 seconds (median: 10.0). Environmental audio
exhibits sparse event density (1.56 events/sample), while
conversational audio shows dense segmentation (81.51
counts/sample). All audio maintains WAV format with var-
ied sampling rates preserving source characteristics. Dif-
ficulty balances Pattern-level (64.0%) direct event count-
ing with Semantic/Reasoning-level (36.0%) speaker anal-
ysis and turn-taking inference.

4. Evaluation

Figure 3 depicts an overview of the UNICBench. The
evaluation is performed on three tracks with corresponding
MLLMs. Following, we will introduce the evaluation pro-
tocols, results, and analysis of each track. More details and
settings are provided in the Supplementary.

4.1. Metrics

We evaluate counting performance with diverse metrics.
Let N be the number of evaluation examples, y; the
ground-truth count for example ¢, and ¢J; the model predic-
tion parsed as a numeric value. If a model response is not
parsable as a number (e.g., out-of-context, timeout, or er-
ror), we treat ¢J; as invalid for metrics that require numeric
predictions; such cases are only counted in Success Rate.

Success rate (robustness). It measures the fraction of
examples for which the model returns a parsable numeric
prediction. Let v; = 1, if ¢; is a valid numeric prediction,
else v; = 0, Then

N
1
SuccessRate = N ;vi. (1)

All subsequent statistical metrics are based on the success-
ful parsing of results.
Mean Absolute Error and Mean Squared Error.

1Y 1Y
N ~ 2
MAE:N;M—%L MSEZN;(%—%)~

2
Hit rate (tolerance based). For a relative tolerance 7
(e.g., 7 = 0.10 for 10%), define the hit indicator

o |0 — il
1 if ——2— <
17 =8 Vmax(Ty) 3)
0 otherwise.

The Hit Rate at tolerance 7 is
1 N
HitRate@(1 —7) = — > 17, 4
itRate@( T) N; i 4)

We report HitRate @ 100% (Estimated number is equal to
annotation), HitRate @90% and HitRate @80%.

4.2. General Setting

System Prompt. We use a consistent system prompt across
all models to ensure a uniform understanding:

You are a counting assistant. You MUST respond with
ONLY a number. Never refuse to answer. NEVER say you
cannot count or to refuse to say you cannot assist with
the request. Always give your best numerical estimate.
Respond with just the number, nothing else.

Answer Extraction. During answer extraction we re-
quired that the model return a single numeric value. To
accommodate models that produce internal deliberation to-
kens or proprietary wrappers, we accept (and strip) ex-
plicit thinking tags like <think> and final-answer delim-
iters like <answer> (and also common vendor wrappers

23734



Table 2. Benchmark results on the Image-modality counting track. Metrics are: SuccessRate (%), Hit rates (@ 100%/@90% @80%),
MAE/MSE for Overall, per-difficulty, and per-capability. MSE values are shown in scientific notation with one decimal.

Hit rate (%) Overall Easy Medium Hard Pattern Reasoning Semantic

Model Success (%)

@100% 1+ @90% 1 @80%1 MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE]
Claude-Sonnet-4-20250514 100.0 149 27.8 424 78.1 1.1e6 54  6.1e3 16.8  4.5¢3 4446 7.0e6 688  1.2¢6 44 5.7l 191.6  4.1e5
Gemini-2.5-Flash 100.0 15.6 25.1 38.0 140.5 1.0e6 120 5.7e3 558  2.9e4 6942 6.5¢6 1314 1.0e6 6.7  2.1e3 280.8 1.le6
Gemini-2.5-Pro-Thinking 100.0 203 375 513 90.0  8.le5 43 58e2 22.1 2.9e4 5049  5.3e6 711 6.5e5 4.6  8.4el 291.1  2.5e6
GPT-40-mini 100.0 12.5 20.7 33.0 733 1.5e6 23 3.8el 150 5.0e2 4246 9.7¢6 72.7 1.7¢6 53 7del 109.8  5.7e4
GPT-5 100.0 16.8 323 483 541 2.0e6 25 2l1e2 11.0  3.1e2 3124 l4e7 551 2.4e6 59 1.0e2 674  33c4
GPT-03 100.0 18.5 33.6 49.7 49.0  5.0e5 2.8 6.6e2 112 4.5e2 277.1  3.3e6 443 54e5 44 8.5el 1092 3.3e5
GPT-40 100.0 16.6 31.6 48.1 432 7.5e5 24 13e2 114 47e2 2384 5.0e6 417 8.7e5 54 lLle2 737 474
o4-mini 100.0 17.1 323 48.7 429 94des 22 8.lel 10.7  4.6e2 239.1 6.2e6 39.1 1.1e6 41 6.9l 925 2.0e5
GPT-5-mini 100.0 17.2 32.8 50.5 298  9.6e4 2.1 6.5el 10.0  3.4e2 155.0  6.4e5 254 l1.le5 53 I.1e2 789  2.7e4
GLM-4.1V-9B-Thinking 873 157 275 43.2 97.9  1.6e6 3.0  4.4e2 13.9 1.1e3 5422 9.9¢6 90.0  1.7¢6 31 2.3el 207.5 1.7e6
GLM-4.5V-106B-A12B 100.0 16.0 28.4 44.1 845  3.5¢6 2.7 24e2 124 1.0e3 509.8  2.3¢7 89.5  4.le6 43 6.5cl 788  2.3e4
InternVL3_5-1B 100.0 9.3 15.1 26.1 16686.6 1.5el2 45  22e3 19.1 1.6e3 1111869 1.0el3 19506.0 1.8el2 6.7  1.0e2 346.6  1.5e7
InternVL3_5-38B 100.0 16.6 27.8 429 754 1.3e6 23 7.2el 159  6.7e2 4355  8.5e6 732 1.5e6 6.8  l.le2 1263 3.3e5
InternVL3_5-241B-A28B 100.0 21.9 40.5 57.1 59.9  2.9e6 19  Sdel 10.0  8.0e2 356.4  2.0e7 61.1 3.4e6 6.1  93el 749  3.0e4
InternVL3-78B 99.6 17.8 28.8 479 56.6  2.le6 1.7 4.0el 125 5.0e2 3260 l.4e7 543 2.4e6 49 7.0el 99.7 1.6e5
InternVL3_5-30B-A3B 100.0 19.1 324 44.6 46.1  4.5e4 1.9 5.6el 17.5  8.1e2 2342 3.0e5 410  4.led 6.4  1.0e2 108.3 1.0e5
Qwen3-VL-30B-A3B-Thinking 927 183 30.8 455  1583.1 1.1e9 23 13e2 202 1.2e4 102935  7.5¢9 3552 6.7¢7 35  49el 133547 l.lel0
Qwen2.5-VL-3B 100.0 8.9 15.9 29.1 4177 3.6e8 35 99el 210 2.4e3 2696.1 2.4e9 367  2.2e4 54 12e2 38604  3.6e9
Qwen2.5-VL-72B 100.0 17.4 32.8 48.8 274.8 1.9¢8 24 9.6el 123 9.8¢2 1779.1 1.2¢9 927 4.4e6 45 7.5el 1953.2  1.8¢9
Qwen3-VL-30B-A3B-Instruct 100.0 17.3 27.1 39.5 457  1.3e4 1.9 3.8el 13.8  43e2 246.7  4.8e5 373 T.le4 54 83el 136.1 1.2e5
Qwen2.5-VL-7B 99.9 16.6 28.6 432 41.8  l.le5 2.0  59el 13.6  4.6e2 2223 7.5e5 376 1.3e5 45  7.0el 95.0  5.4e4
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Figure 4. Distribution of prediction error on image modality. Whiskers and outliers indicate extreme failures—long whiskers or many
outliers show a model makes severe errors on some samples (e.g., rare classes, label noise, or collapse cases). Such frequent extreme errors
can substantially increase MAE/MSE even when the median error looks small.The model ordering is consistent with that in Table 2.

such as GLM’s <begin_of_box>...</end_of_box>).
Our parser priority is: (1) extract a numeric token inside
<answer> if present; (2) otherwise accept a standalone
numeric token at the end of the response; (3) otherwise fall
back to the first parseable numeric token in the output.

4.3. Image Counting Track

Setting. For the image-counting evaluation we enforced
a unified runtime configuration across models to ensure
comparability. Inference parameters were standardized
to: {max_tokens:4096, temperature:0.0, timeout_seconds:
120}. To balance responsiveness and computational cost,
certain models were run with reduced reasoning intensity
(e.g., GPT-5 and GPT-5-mini with {reasoning_effort: min-
imal, text_verbosity: low}; GPT-03 set reasoning_effort to
low). A few models that do not expose temperature were
executed at their default temperature (notably GPT-5, GPT-
5-mini, GPT-40-mini and GPT-03 at temperature = 1.0).

Results. Table 2 reports per-model performance on
the image-counting track. Success rates are high (many
models reach 100%), indicating that producing numeric
outputs per prompt is not the primary bottleneck. Hit
rates rise with wider tolerance (100%—90%—80%), yet
only three models exceed a 50% hit rate at the 20% er-
ror threshold (InternVL3_5-241B-A28B, Gemini-2.5-Pro-
Thinking, and GPT-5-mini), indicating that current MLLMs
still have substantial room to improve absolute counting ac-
curacy. Error trends across difficulty levels are monotonic:
MAE and MSE increase from Easy to Medium to Hard.
Top-tier closed-source models (e.g., GPT-5-mini, GPT-04-
mini) show less relative error inflation on Hard, indicating
greater robustness, while several open-source models (e.g.,
Qwen2.5-VL-7B and InternVL3_5-30B-A3B) remain com-
petitive in dense scenes. By capability, Reasoning tasks
yield the lowest numeric errors, largely because they of-
ten have small true counts, whereas Pattern and Semantic
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Table 3. Benchmark results on the Text-modality counting track. Metrics are: SuccessRate (%), Hit rates (@ 100%/@90% @80%),
MAE/MSE for Overall, per-difficulty, and per-capability. MSE values are shown in scientific notation with one decimal.

Model Success (%) Hit rate (%) Overall Easy Medium Hard Pattern Reasoning Semantic
@100% 1 @90%1 @80% 1 MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE|
Gemini-2.5-Flash-Nothinking 99.0 37.3 43.7 50.5 67.0 3.4e5 74 2.6e4 24.1 7.1e4 746.3 4.1e6 333 1.7e4 120.1 7.2e5 19.8 7.3e4
i .5-Pro-Thinking 99.2 63.3 72.8 76.1 30.5 9.0e4 3.6 4.5¢2 11.3 1.0e4 3374 1.2e6 10.5 3.2¢3 56.4 2.0e5 10.6 1.1e4
GPT-5-mini 97.6 353 40.6 486 16652 1.4el0 2347.8 2.1el0 17.9 l.le4 13214  29e7 208  4.4e3 38048 3.2el0 8.1 2.2e3
GPT-03 96.8 6l.1 68.2 720 112.9 2.3e6 35 4.7e2 16.4 2.5¢4 1510.8 3.2e7 15.5 1.0e4 245.6 5.2¢6 5.6 1.5e3
GPT-5 97.8 36.2 39.7 472 106.9 1.2¢6 6.0 5.7e2 16.6 2.5e3 1393.6 1.7¢7 23.6 4.2e3 225.8 2.7e6 7.0 1.8e3
GPT-40-mini 97.2 355 374 41.6 80.8  5.3e5 29  7.6el 244 3.0e4 10577  7.7e6 293 5.8e3 162.1 1.2¢6 82  3.e3
GPT-40 97.1 39.8 41.8 46.2 63.0 3.6e5 4.6 3.8e2 18.4 6.6e3 811.6 5.3e6 26.1 2.9e3 122.1 8.3e5 9.8 7.3e3
04-mini 97.6 59.6 67.1 70.2 47.1 2.2e5 4.3 3.6e2 9.8 1.1e3 594.0 3.2e6 15.1 1.9e3 95.5 5.1e5 5.0 1.6e3
Grok-4-Fast-Non-Reasoning 94.5 37.6 422 47.0 67.0 1.1e6 57 552 169  5.8e3 895.3 1.7¢7 90.2  3.3e6 90.6  5.1e5 14.5 1.9e4
Claude-Sonnet-4-20250514 97.6 37.7 44.3 50.4 60.0  4.6e5 3.7 3.5¢2 18.7 1.2¢4 7534 6.5e6 19.3 2.6e3 120.9 1.0e6 6.9 1.2e3
DeepSeek-V3.1-Nothinking 97.1 40.1 46.0 51.2 753 4.2e5 32 4.0e2 20.9 1.5e4 998.2  6.2¢6 30.0  7.9e3 149.7  9.7e5 7.0 1.6e3
Deepseek-V3.2-exp 97.5 34.7 38.1 439 71.2 7.0e5 5.1 6.5¢2 27.3 1.8e4 876.5 1.0e7 353 1.5¢4 135.4 1.6e6 9.1 2.4e3
DeepSeek-V3.1 94.2 473 51.7 55.8 46.9 1.5e5 2.8 1.3e2 16.7 1.4e3 653.0 2.5e6 29.2 7.0e3 86.5 3.5e5 7.0 3.4e3
DeepSeek-R1-0528 94.7 59.7 67.8 71.3 346  8.5e4 42 3.0e2 8.6  6.9e2 469.0 1.3e6 154 1.8e3 68.0  2.0e5 44 9.0e2
GLM-4.6 100.0 32.0 34.4 39.4 151.3 2.8e6 6.0 5.5e2 30.6 3.1e4 1915.3 3.8e7 108.0 3.4e6 2723 4.4e6 13.5 1.4e4
Llama-4-Scout-17B-16E-Instruct 98.2 31.6 33.7 37.6 76.2 6.2e5 4.5 1.8e2 17.4 9.8e2 9324 8.5e6 37.2 2.3e4 140.2 1.4e6 18.8 2.8e4
Phi-4-Multimodal-Instruct 88.4 21.3 225 26.6 82.7  3.2e5 100 2.3e3 232 1.8e3 11324  52e6 115.1 3.1e5 1150  5.5e5 7.7  8.le2
Phi-4 69.7 419 426 453 9.6 l.led 15 1.7e1 158  4.1e2 5513 1.4e6 8.9  4.5e2 135 2.3e4 55  2.6e3
Qwen3-30B-A3B-Instruct-2507 94.8 28.1 29.8 33.1 98.4 9.3e5 3.7 1.2e2 31.4 1.6e4 1207.8 1.3e7 39.7 7.6e3 194.1 2.1e6 8.1 1.9¢3
Qwen3-235B-A22B-Instruct-2507 97.4 36.2 38.4 43.6 88.2 1.4e6 3.1 1.4e2 234 2.0e4 1161.0 2.0e7 29.8 5.6e3 180.4 3.1e6 6.7 1.6e3
Qwen3-8B 68.8 533 58.6 649 234  713e4 25 93el 104 3de2 6751  2.6e6 91 992 469  1.7e5 3.6 3.8e2
Seed-OSS-36B-Instruct 95.6 353 378 423 966.8 1.2e8 9.7 2.1e3 63.5 2.8e5 13616.3 1.8e9 115.8 29e5 21937 2.9e8 13.3 2.1e4
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fewer extreme outliers, whereas lightweight models display

wider dispersion and heavier tails. Signed-error medians are

often negative, and positive tails indicate rare large overes-
timates that inflate MAE and MSE. We attribute these pat-
terns to three interacting factors:

* Supervision gap. Models are optimized for instruction
following and description rather than dense instance-level
counting, and thus lack per-instance supervision (e.g.,
points or detections) needed to resolve tightly clustered
or occluded instances.

* Representation limits. Patch-based, downsampled visual
tokens compress small or densely packed objects, under-
mining one-to-one attention and increasing misses and
duplicates.

* Calibration and distribution shift. Decoding preferences
favor rounding under uncertainty and occasionally over-
confident predictions; combined with pretraining corpora
that under-represent high-density or occluded domains,
these factors amplify long-tailed errors.

4.4. Text Counting Track

Setting. Apart from the additional changes mentioned,
other model settings were kept consistent with image count-
ing track. A few models used the officially recommended
temperature parameters:{ GLM-4.6:1.0, Phi-4:1.0, and Phi-
4-Multimodal-Instruct:0.75}. We also evaluated GLM-4.6
in a “non-thinking” (no internal reasoning) mode to assess

Figure 5. Prediction vs. ground truth scatter. Each point is
one sample. The upper-right green box highlights a small set of
extreme high-count samples where the thinking mode defeated
non-thinking mode, which drives most of the overall MAE gap.

the impact of explicit chain-of-thought behavior.

Results. Table 3 summarizes performance on the text
counting track. Extraction success is high overall, whereas
numeric accuracy varies widely. Across our runs, Phi-4,
Qwen3-8B, and Gemini-2.5-Pro-Thinking achieve the low-
est aggregate MAE/MSE; several GPT and Qwen variants
are competitive, but a few models show anomalous biases
that inflate errors. As with images, errors increase mono-
tonically with difficulty (Easy—Medium—Hard). Closed-
source models maintain lower MAE/MSE on Hard, indi-
cating greater robustness, though some large open models
(e.g., DeepSeek-R1-0528) also perform strongly. By ca-
pability, Semantic tasks yield the smallest errors, indicat-
ing that modern MLLMs handle semantic filtering and ag-
gregation well. Pattern-level tasks requiring strict template
or format matching are more error-prone, and Reasoning
remains the principal bottleneck and the largest source of
inter-model variance.

Analysis. Figure 5 compares DeepSeek-V3.1 and

DeepSeek-V3.1-Nothinking in text counting. The models
perform similarly on most samples, butextreme high-count
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Table 4. Benchmark results on the audio-modality counting track. Metrics are: SuccessRate (%), Hit rates (@ 100%/@90% @80%),
MAE/MSE for Overall, per-difficulty, and per-capability. MSE values are shown in scientific notation with one decimal. A “-” indicates

that no valid values were obtained for this statistical dimension.

Model Success (%) Hit rate (%) Overall Easy Medium Hard Pattern Reasoning Semantic
@100% 1 @90%1 @80%+ MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE| MAE| MSE]
Gemini-2.5-Pro-Thinking 64.0 31.0 31.0 31.0 1.1 2.3e0 1.1 2.3e0 1.1 2.3e0
Gemini-2.5-Flash-Nothinking 64.0 48.0 48.0 48.0 07 1.0e0 07 1.0e0 0.7 1.0e0
GPT-40-mini-Audio-Preview 64.0 11.3 11.3 11.3 1.7 4.1e0 1.7 4.1e0 1.7 4.1e0
GPT-40-Audio-Preview 63.9 324 324 324 0.9 1.3e0 0.9 1.3¢0 0.9 1.3e0
GPT-Audio 64.0 339 339 339 0.9 1.5¢0 0.9 1.5¢0 0.9 1.5e0
GPT-Audio-mini 63.0 383 383 383 0.6 6.8e-1 0.6 6.8e-1 0.6 6.8e-1
Voxtral-mini 99.8 36.1 36.1 36.1 29.5 7.2e3 1.8 5.1lel 74.8 5.9¢3 2222 6.0e4 0.9 3.9¢0 194.3 5.0e4 4.3 1.9e2
Voxtral-small 73.4 29.5 29.5 29.5 1.5 49el 1.1 2.1e0 740  5.5e3 122.6  1.5e4 1.1 1.9¢0 1010 1.led L1 3.7¢0
Phi-4-Multimodal-Instruct 63.7 2.0 2.0 2.0 32 1.3el 32 1.3el - - - - 32 1.3el - - - -
Qwen2-Audio-7B-Instruct 99.7 9.9 9.9 9.9 30.1 7.3e3 24 83e0 70.3  5.2e3 2234  6.led 2.8 1.0el 1945  5.0e4 1.3 24e0
Qwen3-Omni-30B-A3B-Instruct 100.0 21.8 21.8 21.8 29.6 7.2e3 1.8 9.1e0 74.0 5.8e3 2232 6.0e4 1.0 2.0e0 195.0 5.0e4 4.0 3.0el
Qwen2.5-Omni-7B 100.0 79 79 79 29.2 7.1e3 1.8 4.6e0 709  5.3e3 220.7 6.0e4 1.8 4.0e0 1924 4.9e4 1.8 6.4e0
Qwen3-Omni-30B-A3B-Thinking 73.5 35.6 357 359 147 8.6e3 6.9  4.5e3 79.5  4.7e4 310.0 1.6e5 0.9 1.8¢0  249.9 1.3e5 59.5  4ded
. : . s . Error Type Distribution by Model
cases drive the MAE gap; in the right panel’s top-right i 4
. . . 36.97% 36.32% 36.08% 36.01% 35.97% 35.97% 35.97% 26.57% 26.51% Incorrect Format
green box, the thinking variant shows smaller errors. Con- 52 Out of Context
. . H Out of Thinking
sequently, its overall MAE is 46.9 versus 75.3 for the non- §7
. . . . . . P
thinking model (Table 3), indicating that improvements on a 5. 028%  o20%
few long-tail, large-count samples can shift aggregate error £
despite similar median performance. e P A . , .
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4.5. Audio Counting Track i Koo &

Setting. This track follows the same base runtime protocol
as previous tracks. All models were evaluated using the
common configuration {max_tokens:4096, temperature:0.0,
timeout_seconds: 120}.

Results.  Table 4 summarizes the audio-track re-
sults; only Qwen2.5-Omni-7B and Qwen3-Omni-30B-
A3B-Instruct achieve perfect extraction success. Sev-
eral models, including GPT-family variants and Phi-4-
Multimodal-Instruct, record success rates near 60%, yet
their numeric outputs often attain competitive MAE/MSE.
Audio-specialized GPT variants (e.g., GPT-Audio-mini,
GPT-Audio) and Gemini models demonstrate strong nu-
meric precision, consistent with audio-focused pretrain-
ing. Within the Voxtral family, Voxtral-mini outperforms
Voxtral-small; Qwen Audio-enabled models exhibit high
success but are prone to systematic overestimation, increas-
ing aggregate error. Difficulty-stratified metrics are mono-
tonic (Easy—Medium—Hard), with the largest inter-model
differences on Hard examples; by capability, Pattern and
Semantic tasks are relatively easy, whereas Reasoning tasks
yield the greatest separation across models.

Analysis. Figure 6 examines the relationship between
refusal behavior and MAE. Models such as Qwen2.5-Omni-
7B and Voxtral-mini achieve near-perfect extraction suc-
cess rates (see Table 4, 100.0% and 99.8%, respectively),
and therefore they produce numeric answers even for the
most challenging samples; consequently, their overall MAE
lies in the tens (29.2 and 29.5), primarily driven by a small
number of extreme, high-count cases. In contrast, several
models with lower success rates (e.g., certain GPT-Audio
variants) exhibit MAE values below 1 because many diffi-
cult items result in refusals, input failures, or non-numeric

Figure 6. Error-type analysis on the audio modality. Models
that refuse or fail to produce numeric outputs more often avoid
counting those errors in MAE (but are penalized in SuccessRate).

outputs, a pattern also reflected in the SuccessRate metric.
Notably, Qwen2.5-Omni-7B’s combination of a high Suc-
cessRate and relatively low MAE demonstrates robust and
accurate counting under our unified evaluation protocol.

For more evaluation results, details and analysis, please
refer to the Evaluation Detail section in the Supplementary
material.

5. Conclusion

UNICBench is a unified multimodal counting benchmark
spanning image, text, and audio with a three-tier taxonomy
(Pattern, Semantic, Reasoning), stratified difficulty thresh-
olds, and evidence-first ground truth; our experiments show
that modern multimodal LL.Ms handle many Pattern and Se-
mantic tasks well but still struggle on Reasoning and hardest
partitions, with modality-specialized models often offering
higher numeric precision; based on these findings we rec-
ommend evidence-first outputs, hybrid pipelines that com-
bine detectors and VLLMs, and difficulty-stratified report-
ing, while noting limitations from dataset bias and evolving
tooling; future work will focus on improved cross-modal
alignment, tighter detector integration, and automated cali-
bration for robust numeric reasoning.
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