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Abstract—Vision Language Models (VLMs) exhibit persistent
hallucinations in counting tasks, achieving substantially lower
accuracy than other visual reasoning tasks. This phenomenon
persists even in state-of-the-art reasoning-capable VLMs. CNN-
based object detection models (ODMs) such as YOLO, by
contrast, excel at spatial localization and instance enumeration
with negligible computational overhead. We propose Ground-
Count, a framework that augments VLMs with explicit spatial
grounding from ODMs to mitigate counting hallucinations. Our
prompt-based augmentation achieves up to 80.6% counting
accuracy on Ovis2.5-2B (a 5.9pp improvement), with gains
reaching 7.7pp on Molmo2-4B across evaluated architectures,
while reducing inference time by up to 24% for models prone
to hallucination-driven reasoning loops such as Molmo2-4B,
whose inference time drops from 8.0s to 6.1s. Comprehensive
ablation studies reveal that positional encoding is a critical
component, with its effect being architecture-specific: beneficial
for most architectures yet detrimental for others regardless
of model scale. Confidence scores, by contrast, offer marginal
value across most architectures, improving performance in three
of five evaluated models with modest gains of 0.2-1.1pp. We
further evaluate feature-level fusion architectures and find that
explicit symbolic grounding via structured prompts consistently
outperforms implicit feature fusion, despite the latter employing
sophisticated cross-attention mechanisms. Overall, our approach
yields consistent improvements across four of five evaluated VLM
architectures, with per-model gains ranging from 5.9 to 7.7pp;
the remaining architecture exhibits comparatively limited gains,
likely attributable to its iterative reflection mechanism partially
overriding structured prompt inputs. We open-source our code
at https://github.com/BoyuanChen99/GroundCount.

I. INTRODUCTION

Vision-Language Models (VLMs) have demonstrated re-
markable progress across a wide range of multimodal tasks [1],
benefiting from large-scale training and fine-tuning on massive
image-text corpora. This joint learning paradigm significantly
enhances both contextual reasoning and instruction-following
abilities [2]. Despite such advances, VLMs exhibit halluci-
nations by generating object attributes, entities, or spatial
relations inconsistent with the visual input [3], [4].

A growing body of work attributes this issue to an imbal-
anced cross-modal attention mechanism: the language decoder
often over-attends to textual priors while under-utilizing visual
tokens [5]-[7]. Consequently, several methods have been pro-
posed to mitigate hallucination, either through decoding-level

adjustments [8]-[10] or training-level regularization [11], [12].
Motivated by layer-level analysis showing that hallucination
primarily occurs when later layers deviate from correct logits,
another direction proposes steering strategies [13]-[15] that
preserve the correct momentum from earlier layers. These
approaches have yielded measurable improvements on popular
VLMs, including LLaVA-v1.5 [16], LLaVA-v1.6 [2], Instruct-
BLIP [17], MiniGPT-2 [18], and mPLUG-OwI2 [19].

Recent work jointly trains vision encoders and language
decoders on diverse multimodal datasets [20], and incorpo-
rates reinforcement learning to enhance reasoning capabilities
[21]-[23]. These efforts have led to significantly stronger
multimodal representations and improved factual alignment.
However, even state-of-the-art (sota) VLMs continue to exhibit
systematic hallucination in counting tasks. As we demonstrate
in Section III and Table I, counting consistently remains the
lowest-accuracy task across all evaluated VLMs (excluding
sentiment, which is relatively subjective), with accuracies
ranging from 64.1% to 74.7%. This is substantially lower than
other visual reasoning tasks such as object recognition (70.0%
to 89.6%) and attribute identification (79.9% to 87.0%). Re-
cent research also supports this finding [24], [25].

The persistence of counting hallucinations in reasoning-
capable VLMs presents a unique challenge. Unlike earlier
VLMs where attention steering and decoding adjustments
proved effective, modern reasoning VLMs already incorporate
reflection mechanisms [20], [22], [23] that direct attention to
visual modalities. Furthermore, the iterative reasoning process
makes it difficult to apply layer-level vector steering, as there
is no single “correct” token to steer toward during multi-step
reasoning. This suggests that existing hallucination mitigation
strategies, while effective for simpler VLMs, are insufficient
for addressing systematic failures in compositional tasks like
counting.

On the other hand, counting the number of occurrences of
an object is nearly trivial for object detection models (ODMs),
such as YOLO [26] and DETR [27]. These models achieve
very high accuracy in object detection while requiring minimal
inference time compared to auto-regressive VLMs. Moreover,
ODMs provide structured outputs including bounding boxes,
confidence scores, and class labels. This information explicitly
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addresses the spatial and compositional reasoning needed for
accurate counting. This observation suggests a complemen-
tary approach: rather than attempting to fix VLM attention
mechanisms or reasoning processes, we can augment VLMs
with explicit grounding information from specialized object
detection models.

Our contributions are as follows:

« We provide a comprehensive analysis of sota VLMs in
counting tasks, demonstrating that counting remains sys-
tematically the lowest-accuracy task across all evaluated
models despite advances in reasoning capabilities.

o We introduce GroundCount, an object-detection-driven
augmentation pipeline that increases VLM counting accu-
racy by 5.9 to 7.7pp across four of five evaluated models
(up to 80.6% on the PhD benchmark) with negligible
memory overhead and reduced inference time for stronger
models.

o We conduct three groups of ablation studies analyzing
the impact of different ODM outputs (confidence scores,
positional encoding, detection thresholds) on VLM per-
formance, providing insights into which ODM output
components are responsible for accuracy gains.

e We evaluate a fusion architecture that combines VLMs
with ODMs at the feature level through fine-tuning, ana-
lyzing the trade-offs between prompt-based augmentation
and architectural integration.

II. RELATED WORKS

VLM Hallucination in Counting Tasks: Vision-Language
Models exhibit persistent hallucinations in counting tasks de-
spite advances in reasoning capabilities. One major hypothesis
attributes this to vision transformers (ViTs) having difficulties
noticing fine-grained image details [28], [29], as ViTs process
images through global patch attention rather than the local
receptive fields that facilitate spatial instance discrimination
[28], [30]. Recent studies [24], [31] systematically demonstrate
that counting remains a fundamental challenge for VLMs, with
accuracy substantially lower than other visual reasoning tasks.

VLM Hallucination Mitigation Methods: Existing ap-
proaches to mitigate VLM hallucinations operate at multiple
levels. Decoding-level methods adjust the generation process
through contrastive decoding [12], layer contrasting [7], or
attention-guided decoding [9]. Training-level approaches in-
corporate regularization [11] or specialized fine-tuning ob-

jectives. More recent steering strategies [14], [15] preserve
correct activations from earlier layers to prevent hallucina-
tion drift. However, these methods primarily target general
hallucinations and show limited effectiveness on systematic
compositional failures like counting, particularly in reasoning-
capable VLMs that already employ reflection mechanisms.

CNN-Transformer Fusion and Cross-Modal Ground-
ing: DETR [27] pioneered combining CNN backbones with
transformer decoders, demonstrating how structured CNN
features can enhance transformer reasoning; subsequent work
explores broader fusion strategies [32], [33]. Multimodal
fusion requires careful cross-modal alignment, for which
cross-attention [34], [35] and Feature-wise Linear Modulation
(FILM) [36] have proven effective building blocks. Our fusion
architecture (Plans B and C) extends these ideas to grounding
VLM patch tokens with CNN-based object detection features,
bridging the representational gap between local CNN outputs
and global ViT patch embeddings.

Object Detection for Visual Reasoning: Object detection
models provide structured, localized visual information that
can ground higher-level reasoning. YOLO [37] and its vari-
ants achieve real-time detection with high accuracy through
efficient CNN architectures, excelling at spatial localization
and instance counting — precisely where VLMs struggle.
Prior work has explored using detected objects as input to
VQA systems [38], [39], but typically through learned feature
fusion during training rather than explicit textual grounding
[40], [41]. Our prompt-based approach (Plan A) uniquely
leverages ODM outputs as interpretable, structured prompts
that augment VLMs without architectural modification, while
Plans B and C extend this with feature-level integration for
deeper cross-modal grounding.

III. ANALYSIS - HALLUCINATION IN COUNTING TASKS

We first validate that state-of-the-art VLMs systematically
exhibit counting hallucinations through controlled experi-
ments. We employ consistent benchmark and model selections
across all evaluations in this work.

A. VOQA Benchmark

We employ the PhD benchmark [42] to evaluate vision-
language model capabilities. The benchmark comprises 33,688
visual question-answer (VQA) pairs across 16,844 images with
binary (yes/no) ground-truth labels. Questions are categorized

TABLE I: Correctness rates (%) of different VLMs on the PhD benchmark using greedy decoding, with explicit thinking mode enabled
when available (i.e., the output begins with a prior reasoning segment enclosed by special tokens such as "<think>...</think>").
The PhD benchmark consists of questions from five task types listed in the Task column on the left. For each subset (excluding sentiment),
the task with the lowest correctness rate is highlighted with a light-red background. Results across all four evaluation settings are shown;

baseline corresponds to standard VQA without adversarial context.

VLM Molmo2-4B [ Ovis2.5-2B [ R-4B [ Qwen3-VL-2B [ InternVL3.5-1B
Task base sec icc  ccs base sec icc  ccs base sec icc  ccs base sec icc  ccs base sec icc  ccs
object 89.6 799 67.1 89.2 | 885 851 84.0 84.6 | 83.0 845 77.0 904 | 87.8 84.0 81.5 83.1 | 70.0 66.7 64.8 82.0
attribute 85.1 430 155 939 | 862 76.8 753 89.2 | 87.0 714 583 927 | 865 744 665 88.1 | 799 689 64.6 809
positional | 80.4 669 47.1 89.1 809 73.0 653 88.6 | 804 7T1.0 552 94.1 769 69.7 636 868 | 70.6 639 551 859
counting 67.2 63.1 342 879 | 747 67.6 520 798 | 739 69.0 427 879 | 70.6 664 563 83.1 64.1 579 500 85.5
“ sentiment | 67.5 52.8 329 93.6 | 684 59.6 592 949 | 673 540 456 962 | 68.1 472 441 91.0 | 629 51.6 S51.7 833




into five task types: attribute, counting, object, positional, and
sentiment. To assess robustness against misleading informa-
tion, the benchmark provides three challenge variants: (1) sec
(specious context) with plausible but potentially misleading
descriptions, (2) icc (incorrect context) where VLMs receive
explicitly incorrect textual descriptions, and (3) ccs (contra-
dictory common sense) featuring 1,506 VQA pairs on 753
Al-generated images that violate common-sense expectations.
Compared to earlier benchmarks such as POPE [43] and
CHAIR [44], PhD provides larger sample sizes and more
granular task categorization.

B. Selection of VLM and ODM

We evaluate five state-of-the-art open-source VLMs with
parameters not exceeding 4B: R-4B [21], Ovis2.5-2B [23],
Qwen3-VL-2B-Thinking (abbreviated as Qwen3-VL-2B for
the rest of the paper) [45], InternVL3.5-1B [22], and Molmo2-
4B [46]. This selection spans diverse architectural designs,
with several incorporating advanced reasoning mechanisms
such as reinforcement learning (R-4B) and iterative reflection
(InternVL3.5). All models are loaded in £1oat32 precision.
We allocate generous computational budgets of 1,024 tokens
for both output generation and thinking steps, using greedy
decoding to ensure reproducibility. For object detection, we
utilize YOLOvV13x [26] as our primary ODM, selected for its
state-of-the-art accuracy and minimal inference latency.

C. Results and Discussion

Table I presents the comprehensive evaluation results. Our
findings clearly demonstrate: Counting consistently remains
the lowest-accuracy task in standard evaluation. Notably,
attribute identification exhibits steeper degradation under
adversarial contexts in higher-capacity models, suggesting
differential fragility across task types.

In the base evaluation setting, counting accuracy ranges
from 64.1% to 74.7% (mean: 70.1%), representing a sub-
stantial gap compared to other visual reasoning tasks: object
recognition achieves 70.0%-89.6% (mean: 84.8%), attribute
identification reaches 79.9%-87.0% (mean: 84.9%), and po-
sitional reasoning attains 70.6%-80.9% (mean: 77.8%). This
represents an average accuracy deficit of approximately 14.7—
14.8pp compared to object recognition and attribute identifi-
cation, respectively.

Performance degradation under misleading contexts further
reveals the fragility of counting abilities. Under sec and icc
conditions, counting accuracy drops by 4.1-7.1pp and 14.1-
33.0pp, respectively, among the most consistent degradations
across all five architectures and task categories. This suggests
that VLM counting mechanisms are particularly susceptible
to distraction from textual priors, consistent with hypotheses
about imbalanced cross-modal attention [5].

Model-Specific Patterns. Counting failures are not sim-
ply correlated with parameter count or training paradigm:
Molmo2-4B achieves only 67.2% baseline accuracy despite
its 4B parameter scale, while the smaller Ovis2.5-2B reaches
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Fig. 1: Structural overview of three strategies in our proposed fusion framework - A, B and C. In GroundCount A, we run inference with
ODM on the image, and then include its output in the VLM prompt. In GroundCount B, we fuse the VLM and ODM on the visual patch
latent vector using a light-weight network. To ensure correct information delivery, we finetune the network with our original counting task
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74.7%. Under sec, counting accuracy degrades most sharply
in Ovis2.5-2B (7.1pp), followed by InternVL3.5-1B (6.2pp),
whose disproportionate sensitivity relative to its model size
suggests its iterative reflection mechanism requires greater
capacity to filter spurious textual priors.

These findings suggest the problem lies not in reasoning
depth but in fundamental spatial-semantic integration. Rather
than refining attention mechanisms within existing VLM
paradigms, we augment VLMs with explicit grounding from
specialized object detection models that excel precisely where
VLMs fail.

IV. METHODOLOGY - AUGMENTING VLMS WITH OBJECT
DETECTION MODEL

We propose GroundCount, a framework that augments
VLMs with explicit spatial grounding from object detection
models to mitigate counting hallucinations. Our approach
operates on the observation that CNN-based ODMs excel
at spatial localization and instance counting, precisely where
VLMs exhibit systematic failures. We present three implemen-
tation strategies with different computational trade-offs.

A. GroundCount A: Prompt-Based ODM Augmentation

The most straightforward approach augments VLM prompts
with structured textual descriptions of ODM detections. As
illustrated in Figure 2, we first pass the input image through
YOLOvVI13x to obtain bounding boxes, class labels, and confi-
dence scores, which are then converted into natural language
prompts.

Spatial Encoding: We discretize image space into a 3x3
grid (upper/middle/lower x left/center/right) and assign each
detection to a grid cell based on its bounding box center
coordinates. This coarse spatial encoding preserves relative
positioning information while remaining interpretable for lan-
guage models.

Object Sequencing: Detections are ordered by (1) horizon-
tal position (left-to-right), then (2) vertical position (lower-to-
upper). This consistent ordering enables VLMs to maintain
spatial coherence when processing multiple instances of the
same object class.

Prompt Construction: For each detection, we generate a
string in the format: " [class] [index] [position]:
[confidence]", where the index distinguishes multiple
instances of the same class. The complete ODM output is
appended to the original user prompt as structured context
(see Figure 2).

This approach requires no architectural modifications or
task-specific training, making it plug-and-play across diverse
VLM architectures. The computational overhead is minimal:
YOLOvV13x inference (~0.1s) is negligible compared to VLM
auto-regressive decoding (8—70s depending on model architec-
ture and reasoning complexity), and sometimes reduces total
inference time by preventing hallucination-induced reasoning
loops, particularly for stronger models (Figure 4).

ODM Detections with bounding boxes and confidence values

Positional encoding based on each detection’s center
upper-left upper-center upper-right
middle-left middle-center | middle-right
lower-left lower-center lower-right

v

### Result from Object Detection Model:
skateboard 1 lower-left: 0.80
person 1 lower-left: 0.92
person 2 upper-center: 0.93

person 3 upper-center: 0.68 l 1. left to right

*Object in sequence
of the following
priorities:

person 4 upper-center: 0.81 2. lower to upper
person 5 upper-right: 0.93

Fig. 2: Our pipeline of converting ODM outputs to descriptive text.
The image is #000000000077.jpg from COCO-train2017, showing 5
young people skateboarding. The bounding boxes (bbox) come from
YOLOv13x’s detection: yellow ones are person objects; orange
ones are skateboard objects. The location of each object is
determined by the center of their corresponding bbox. Two skateboard
objects were not included due to low confidence.

B. GroundCount B: Feature-Level Fusion Architecture

While prompt augmentation proves effective, it relies on
the VLM’s ability to correctly interpret textual descriptions of
spatial information. To enable direct feature-level grounding,
we propose a fusion architecture that integrates CNN features
from the ODM with ViT patch tokens from the VLM’s vision
encoder.

Architecture Overview: As shown in Figure 1, our fusion
network operates between the VLM’s vision encoder and lan-
guage decoder. For each ViT patch embedding p; € R%, we
extract the corresponding spatial region from the ODM’s final
convolutional layer, yielding a local CNN feature c; € R%m,
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""bowl 1 lower-left: 0.95"". Then another bowl,
""bowl 2 middle-left: 0.82"". So that's two bowls.
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Refers to ODM detections with position and confidence value for each object.
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ODM Augmentation improves accuracy while also saving inference time by
reducing tokens wasted in hallucination.

Fig. 3: Illustration with real evaluation example for ODM prompt augmentation in GroundCount A. The image is #000000189241.jpg from
COCO-val2014, which is used for a counting question in our selected benchmark, PhD. The tested VLM is Qwen3-VL-2B-Thinking. The
question asks for a correctness judgment on the number of bowls in the image. There are indeed 2 bowls in the image, with one bowl
partially covered by another. The baseline VLM, whose output is showcased in the left frame, fails to find the second bowl and re-thinks
iteratively, exhibiting behaviors of hallucination. On the other hand, with information from the object detection model (ODM) appended in
the prompt, the VLM successfully finds the second bowl with a double-check.

We additionally extract a global CNN feature vector g € R%m
via adaptive pooling.

Dual-Branch Fusion: The fusion network employs two
parallel branches to integrate multimodal features:

Branch A (Feature Transformation): Applies Feature-wise
Linear Modulation (FiLM) [36] to enable CNN features to
adaptively modulate ViT representations:

h{! = FILM(p;,¢;) =7, © pi + B;

where ~;, 3, = MLP(c;) are learned affine parameters.
Branch B (Selective Attention): Uses cross-attention for ViT
patches to attend over relevant CNN features:

hf = CrossAttn(p;, [c;, g])

The branches are combined via learned gating: h; = aihf‘—k
(1 — a;)hB, where o; = o(MLP([p;, c;])). This dual-branch
design provides robustness. Branch A enforces strong CNN
influence through multiplicative modulation, while Branch B
enables adaptive selection. This minimizes risk if one fusion
strategy proves suboptimal.

Information Bottleneck: Following the dual-branch fusion,
we apply dimensionality reduction to enforce multimodal in-
formation integration. This bottleneck prevents the model from
trivially bypassing fusion by relying solely on one modality.

Training Data Preparation: We construct training data
from the COCO train2017 dataset [47] using ground-truth
object annotations. For each image, we apply the same spatial
encoding and sequencing rules used for ODM detections
in Plan A. Specifically, each ground-truth bounding box is

assigned to a 3x3 grid cell based on its center coordinates,
and objects are ordered left-to-right, then lower-to-upper.

The model is trained to generate structured
tial descriptions in the format: " [class] [index]
[position] ™ for each object instance. For example, given
an image with multiple birds, the target output would be: "bird
1 in upper-left; bird 2 in middle-center; bird 3 in lower-right”.
This format mirrors the ODM detection output structure,
enabling the fusion model to learn consistent spatial grounding
patterns that align with both ground-truth annotations and
runtime ODM predictions.

Training Strategies: We evaluate four training configura-
tions (Table II):

e B.1: Train fusion network only (frozen VLM, frozen
ODM)

e B.2: Train fusion network + fine-tune VLM and ODM

o B.3: Train fusion network + fine-tune language decoder
only

e B.4: Train fusion network + fine-tune VLM, ODM, and
language decoder

spa-
in

C. GroundCount C: Combined Prompt and Fusion

Our final approach combines both strategies: structural
fusion (Plan B.4) with prompt augmentation (Plan A). This hy-
brid design provides complementary benefits. Feature-level fu-
sion enables implicit spatial grounding, while textual prompts
offer explicit, interpretable object counts. The combined ap-
proach aims to leverage both implicit feature integration and
explicit symbolic reasoning.



D. Implementation Details

All experiments use YOLOvVI3x as the object detection
model with default confidence threshold 0.5. For Plan A,
we filter detections below this threshold before prompt con-
struction. VLMs are evaluated with greedy decoding, 1024-
token output budget, and float32 precision. Fusion network
training uses AdamW optimizer (8; = 0.9,8; = 0.999),
learning rate 2 X 10~° with cosine annealing, batch size 1,
and training with a maximum training budget of 40k steps;
best checkpoints selected per Table II. All experiments are
conducted on NVIDIA A100 GPUs with 80GB memory.

V. RESULTS & ANALYSIS
A. Main Results: Comparing GroundCount Strategies

Table II presents a comprehensive comparison of our pro-
posed GroundCount strategies on the PhD benchmark’s count-
ing subset, evaluated on Ovis2.5-2B.

Prompt Augmentation (Plan A) achieves the highest
counting accuracy at 80.6%, a 5.9pp improvement over the
74.7% baseline. The negligible computational overhead of
YOLOvV13x inference (~0.1s) introduces minimal latency for
Ovis2.5-2B (+0.4s), while for models prone to hallucination-
driven reasoning loops (e.g., Molmo2-4B and R-4B) it ac-
tively reduces total inference time; for instance, Molmo2-
4B decreases from 8.0s to 6.1s (—24%). This reduction is
attributable to VLMs generating fewer tokens when supplied
with explicit grounding information, an effect particularly
pronounced in complex chain-of-thought scenarios (Figure 3).

Fusion Architectures (Plan B) demonstrate varied out-
comes. Training only the fusion network (B.1) yields minimal
improvement (75.2%), while jointly fine-tuning VLM and
ODM without the language decoder (B.2) degrades perfor-
mance to 72.7%, suggesting that unconstrained joint fine-
tuning disrupts the pretrained VLM’s representations. Extend-
ing fine-tuning to include the language decoder (B.4) recovers
this degradation, achieving 78.0% accuracy — a meaningful
3.3pp gain over baseline, though still below Plan A — while
also reducing inference time to 7.7s compared to Plan A’s
10.4s.

Combined Strategy (Plan C) achieves the lowest inference
time among all schemes that exceed baseline accuracy (4.8s),
with 78.2% accuracy. However, accuracy remains below Plan
A alone, suggesting the fusion network introduces noise that
partially counteracts explicit textual grounding.

These findings reveal a critical insight: for counting tasks,
explicit symbolic grounding via prompts outperforms implicit
feature-level fusion. This aligns with recent work emphasiz-
ing interpretable intermediate representations in multimodal
reasoning [35], and likely reflects the fundamental representa-
tional gap between CNN spatial features and ViT global patch
embeddings.

B. Ablation Study: Decomposing ODM Information

Figure 4 presents ablation results across five VLM fami-
lies, systematically removing different components of ODM
information.

Confidence Scores: Excluding confidence scores (No-
Confidence) yields mixed results across architectures. While
Ovis2.5-2B shows no accuracy change (0.0pp) and Molmo2-
4B marginally improves (0.1pp), the remaining three models
show slight decreases of 0.2 to 1.1pp, suggesting confidence
values provide marginal and mixed benefit for most architec-
tures.

Positional Encoding: Removing positional encoding
(NoPosition) causes clear degradation in Molmo2-4B
(—1.8pp) and InternVL3.5-1B (—1.4pp), while Qwen3-VL-
2B improves by 0.6pp without positional information and
R-4B sees a marginal decrease of 0.1pp; Ovis2.5-2B shows a
negligible gain of 0.1pp. This pattern is architecture-specific
rather than correlated with model scale, indicating inconsistent
interpretation of spatial encodings across architectures.

Detection Threshold: Lowering the confidence threshold
from 0.5 to 0.3 (LowThreshold) uniformly harms performance,
with accuracy decreasing 5.7-16.9pp relative to Full ODM
augmentation and inference time increasing 4.0-58.3s relative
to the no-augmentation baseline. Degradation is most severe in
Molmo2-4B (16.9pp) and Qwen3-VL-2B (15.6pp), consistent
with stronger ODM reliance amplifying sensitivity to false-
positive injections. This suggests that detection precision is
substantially more critical than recall for effective counting
augmentation.

Model-Specific Patterns: Molmo2-4B uniquely supports a
pointing mode where bounding boxes are overlaid on the input
image. This visual grounding (71.1%) underperforms textual
ODM augmentation (74.9%), suggesting Molmo’s architecture
processes structured textual descriptions more effectively than
visual annotations.

C. ODM-Only Baseline

Running YOLOvVI13x alone achieves 72.8% accuracy in
0.1s, an important reference point showing the ODM already
captures most counting information. When properly grounded
with ODM outputs, the strongest VLMs (Plan A: Ovis2.5-2B
at 80.6%) exceed ODM-only performance by 7.8pp, demon-
strating that VLMs contribute valuable contextual reasoning
when supplied with explicit spatial priors.

D. Cross-Architecture Analysis: Consistent Gains and Diver-
gent Responses

The benefits of ODM augmentation show significant varia-
tion across architectures. Four of five evaluated models exhibit
substantial accuracy improvements with Plan A: Molmo2-4B
(7.7pp), Ovis2.5-2B (5.9pp), R-4B (6.7pp), and Qwen3-VL-
2B (6.5pp).

However, InternVL3.5-1B presents a notable exception,
showing comparatively modest improvement (64.1% —
67.5%). 1Its iterative reflection mechanisms likely partially
override structured prompts; the slight decreases under NoPo-
sition (—1.4pp) and NoConfidence (—0.2pp) ablations suggest
all ODM output components contribute to its gains nonethe-
less. This divergence confirms that while counting halluci-
nations stem from fundamental spatial-semantic integration
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Fig. 4: Results of GroundCount A across all model families and including ablation studies. Each block contains the accuracy and average
inference time for that group of experiment on the PhD counting subset. The bottom row marks the result of running the object detection
model only. The right-most column records the special pointing mode for Molmo2 model only.

limitations, augmentation effectiveness depends critically on
architectural compatibility.

TABLE 1II: Performance comparison of different GroundCount
schemes - prompt augmentation (Plan A), architectural fusion with
training (Plan B), and both (Plan C). Plan A achieves the highest
accuracy (80.6%). Among schemes exceeding baseline accuracy, Plan
C achieves the lowest inference time (4.8s), with Plan B.4 also
improving over Plan A (7.7s vs. 10.4s); both are attributable to
language transformer fine-tuning, with Plan C being additionally
accelerated by joint prompt-fusion training reducing hallucination-
driven reasoning loops.

Training Scheme Acc(%) Time(s) Best Steps

Baseline 74.7 10.0 NA
Plan A - ODM Prompt Augmentation 80.6 10.4 NA
Plan B.1 - Fusion only 75.2 17.8 10k
Plan B.2 - Fusion + VLM, ODM 72.7 14.6 Sk
Plan B.3 - Fusion + LangTrans 71.4 43 5k
Plan B.4 - Fusion + VLM, ODM 78.0 77 5K
+ LangTrans

Plan C - Plan A + Plan B.4 78.2 4.8 5k

VI. CONCLUSION

We present GroundCount, a framework that mitigates count-
ing hallucinations in VLMs through explicit grounding from
object detection models. Our evaluation across five state-of-
the-art VLMs shows counting remains the lowest-accuracy
task (64.1 to 74.7%, excluding sentiment). Our prompt-based
augmentation (Plan A) achieves 80.6% counting accuracy
on Ovis2.5-2B, a 5.9pp improvement over baseline, with
negligible latency overhead; for models prone to hallucination-
driven reasoning loops (e.g., Molmo2-4B), it additionally
reduces inference time by up to 24%. Ablation studies reveal
positional encoding benefits most architectures (up to 1.8pp
for Molmo2-4B, 1.4pp for InternVL3.5-1B), yet proves detri-
mental for Qwen3-VL-2B (-0.6pp), suggesting architecture-
specific sensitivity to spatial encodings. Critically, we find that
explicit symbolic grounding via structured prompts outper-
forms feature-level fusion on Ovis2.5-2B, while prompt-based

augmentation achieves consistent gains across four of five
architectures. This indicates counting failures stem from fun-
damental spatial-semantic integration limitations rather than
architecture-specific deficiencies. The gap between ODM-
only performance (72.8%) and augmented VLM performance
(80.6%) confirms that, when anchored by reliable spatial pri-
ors, VLMs contribute non-trivial contextual reasoning beyond
what object detection alone provides. Future work includes
extending fusion pre-training beyond 40k steps, exploring
transformer-based ODMs (e.g., DETR, Grounding DINO) to
reduce the CNN-ViT representational gap, and developing
architecture-specific augmentation strategies for models with
iterative reflection mechanisms.

IMPACT STATEMENT

This work improves VLM reliability in counting tasks for
accessibility and inventory applications. Improved counting
could amplify surveillance risks; responsible deployment with
proper consent is encouraged.
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