Explainable Chain-of-Thought Object Counting in Vision-Language Models
using Reinforcement Learning

E. Zhixuan Zeng, Saeejith Nair, Junfeng Lei
University of Waterloo

{ezzeng, smnair, junfl37}Quwaterloo.ca

Abstract

Counting objects in images remains a challenging task
for vision-language models, particularly when multiple in-
stances are densely packed or partially occluded. This
report proposes a novel framework for explainable object
counting, leveraging Qwen-2.5-VL and fine-tuning it via
Low-Rank Adaptation (LoRA) under a Group Relative Pol-
icy Optimization (GRPO) reinforcement learning scheme.
Rather than providing a single numeric output, our ap-
proach produces a structured chain-of-thought, explicitly
pointing to each counted object via centroid coordinates.
We construct an augmented version of the TallyQA dataset
focusing on simple counting questions, enriched with ob-
Jject centroids. Notably, we apply GRPO directly to the base
model without supervised pretraining, demonstrating the ef-
fectiveness of a cold-start approach. Our multi-component
reward system balances format adherence, numeric accu-
racy, and spatial precision, achieving 67.94% counting ac-
curacy and 92.62% pointing accuracy—significantly out-
performing both the baseline (34.84%/2.73%) and super-
vised fine-tuning (59.93%/86.89%). Through ablation stud-
ies, we demonstrate that single-reward configurations often
lead to reward exploitation, while combined rewards pro-
duce balanced, interpretable outputs. Our findings high-
light the critical role of prompt engineering and reward de-
sign in developing transparent, verifiable counting systems
for vision-language models.

1. Introduction

Vision-language models (VLMs) have demonstrated im-
pressive progress in tasks such as image captioning and
question answering. However, object counting remains a
surprisingly persistent challenge for these models, which
often underperform when the number of instances grows
beyond training distributions or becomes visually complex
[12, 13]. Worse, standard counting approaches yield only
a numeric prediction, making it difficult to trace why a par-
ticular count was chosen. This lack of transparency can ob-
scure model mistakes and hinder user trust.

Recent works emphasize the importance of chain-of-
thought reasoning in large language models [3, 4], showing
that step-by-step rationales can improve both interpretabil-
ity and generalization. In the vision domain, chain-of-

thought translates naturally to pointing-based explanations,

where the model enumerates each counted object with a vi-

sual pointer [6]. Yet, purely supervised methods for point-

ing (or bounding-box supervision) are expensive to develop
and sometimes fail to generalize beyond the annotated cat-
egories.

To address these challenges, we propose an RL-driven,
chain-of-thought counting framework built on top of
Qwen-2.5-VL [2], a large multimodal foundation model.
We aim to:

* Provide a ftransparent reasoning trace, indicating each
counted object via centroid-based pointing.

* Improve both counting accuracy and the faithfulness of
the intermediate enumerations through reward shaping
under Group Relative Policy Optimization (GRPO).

» Use Low-Rank Adaptation (LoRA) [8] to ensure parame-
ter efficiency in our fine-tuning process.

Our experiments focus on a new augmented version of
TallyQA [1], containing centroid annotations derived from
bounding boxes in COCO and Visual Genome images. We
demonstrate that reinforcement learning (with carefully de-
signed reward functions) can effectively refine chain-of-
thought generation for counting, leading to more inter-
pretable outputs and improved performance.

2. Related Work
2.1. Object Counting in Vision-Language Models

Counting remains difficult for modern VLMs, especially
under distribution shift and visual clutter. Paiss et al. [12]
mitigate CLIP-based counting failures via specialized con-
trastive objectives, while Qharabagh et al. [13] propose a
hierarchical divide-and-conquer pipeline. These methods
improve numeric accuracy but still output a single scalar
without an explicit reasoning trace.

2.2. Chain-of-Thought and Visual Pointing

Chain-of-thought (CoT) has been shown to improve inter-
pretability and generalization in language models [3, 4]. In
vision, Deitke et al. [6] extends this idea to pointing-based
explanations, where the model marks object locations as
part of its rationale. However, such methods typically rely
on large supervised datasets with bounding boxes or cen-



troids. We instead use reinforcement learning to encourage
both correct counts and faithful visual pointing, reducing
reliance on dense supervised labels.

2.3. Reinforcement Learning for Vision-Language
Tasks

Reinforcement learning has recently emerged as an alter-
native to supervised annotation-heavy approaches for vi-
sual reasoning [3, 7]. Group Relative Policy Optimiza-
tion (GRPO) [15, 17] improves upon PPO [14] by ranking
samples within a group and optimizing relative advantages,
avoiding a separate value network and lowering memory
costs.

2.4. Parameter-Efficient Fine-Tuning via LoRA

Scaling RL on large VLMs is constrained by memory and
compute. Low-Rank Adaptation (LoRA) [8] reduces the
number of trainable parameters by inserting small rank-
decomposed matrices while freezing base weights, and has
been shown to be effective for vision-language specializa-
tion [11].

3. Methodology

We use Qwen-2.5-VL, a 3B vision-language model with an
image encoder and text decoder [16]. We fine-tune it on our
augmented TallyQA dataset with Group Relative Policy Op-
timization (GRPO) to learn chain-of-thought object count-
ing with centroid-based pointing [5, 15]. To keep training
efficient, we apply Low-Rank Adaptation (LoRA) and up-
date only small rank-limited adapter matrices while freez-
ing the base model weights [8].

3.1. Augmented TallyQA for Point-Based Counting

We use the simple split of TallyQA [1] and augment
each image-question pair with centroid coordinates ex-
tracted from COCO and Visual Genome bounding boxes.
Prompts are formatted to require chain-of-thought reason-
ing in <think> tags with explicit coordinate listings, fol-
lowed by a final count in <answer> tags. We train on
1,000 samples and evaluate on 100.

3.2. Group Relative Policy Optimization (GRPO)

We fine-tune using GRPO [5, 15], where G chain-of-
thought completions are sampled per prompt, each scored
with a scalar reward r;. The relative advantage is computed
within the group:
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where p; is the importance ratio. Unlike PPO, GRPO
avoids a learned critic and relies only on relative ranking,
reducing memory cost while improving training stability.

3.3. Reward Design

We combine six reward terms, each scaled to [0, 1]:

Rnal = Rformat + Rnum,points
+ Rpoims,accuracy + Rcounl,consistency

+ Rcountﬁccuraoy + Ron,segmentation (2)

Riormar checks proper use of <think> and <answer>
tags and structured centroid listings.

Riyum_points €ncourages predicting the correct number of
centroids:

: N-N
Rnum,points =1 —min (17 N) ,

where N is the number of predicted centroids.

Rpoints_accuracy Promotes spatial alignment via optimal
one-to-one matching (Hungarian algorithm). Matched pairs
(pi, gi) contribute
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and the reward is their average; if either set is missing, it is
set to zero.

Reount_consistency checks whether the final numeric answer
matches the number of listed centroids.

Reountaccuracy gives credit only if the final answer equals
the ground-truth count.

Ron_segmentation Tewards predicted points that fall inside
ground-truth segmentation masks.

Combined, these terms encourage both accurate count-
ing and faithful, interpretable object localization.

3.4. Training Procedure

We train the model directly with GRPO, without any super-
vised warmup, updating only LoRA adapters. GRPO is run
for two epochs on 1,000 samples with group size G = 2.
The model generates two completions per prompt, receives
Rfna1, and updates accordingly. Outputs follow a structured
chain-of-thought format, e.g.:

<think>I spot a cow at <232,414>...
Therefore, I see 3 cows.</think>
<answer>3</answer>

4. Experiments and Results

We evaluate on the augmented TallyQA test split using two
metrics: (1) counting accuracy, based on the final value
in <answer>, and (2) point accuracy, measuring spatial
alignment between predicted and ground-truth centroids.



4.1. Baseline

The unmodified Qwen-2.5-VL achieves 34.84% counting
accuracy and 2.73% point accuracy. It often produces
plain-text answers but rarely follows the required structured
<think> and <answer> format, preventing reliable ex-
traction of both counts and locations.

4.2. Single-Reward vs. Multi-Reward Ablations

We compare single-reward and combined-reward training.
Single rewards lead to specialization and reward exploita-
tion: counting-only rewards produce correct totals but no
centroids, while segmentation or spatial rewards yield high
point accuracy but near-zero counting performance by plac-
ing multiple points on the same instance. In contrast,
combining complementary rewards promotes both correct
counting and faithful centroid enumeration. The best con-
figuration (format + consistency + count + spatial) reaches
68.64 % counting accuracy and 92.15% point accuracy, sig-
nificantly outperforming all single-reward setups (Table 1).

Table 1. Reward ablations using symbolic reward notation. Re-
sults reported as counting / point accuracy (%).

Reward Setup Count Point
Rcoumjccuracy Ollly 65.51 0.00
Reount_consistency Only 65.51 85.51
Ron,scgmcntation Only 4.18 52.09
Rpoimszccuracy only 0.69 93.83
Rnum,points Oflly 67.24 80.87
Rormar only 50.52 76.92
Rf()rmat + Ron,segmentution 1.05 63.39
Rormat + Rnum,points + 68.64 92.15

Rpoims,accuracy + Rcoum,consistency +

Rcounuiccuracy

Rformat + Rnum,poims + 67.94 92.62
Rpoints,accuracy + Rcounl,consistency +

Rcounutccuracy + Ron,segmemation

4.3. Supervised Fine-Tuning vs. GRPO

Supervised fine-tuning (SFT) achieves 59.93% counting ac-
curacy and 86.89% point accuracy. GRPO with the com-
bined reward improves both to 67.94% and 92.62%, re-
spectively, demonstrating that reinforcement learning re-
fines both numeric correctness and spatial reasoning beyond
what supervised training provides.

5. Discussion

Our results highlight that explainable counting requires
more than numeric accuracy. The model must reason about
visual instances, express that reasoning in a structured for-
mat, and align with imperfect human annotations. We dis-
cuss how prompt design, reward interactions, and dataset
ambiguities shape this behavior.

5.1. Prompt Engineering for Chain-of-Thought
Counting

Prompt structure strongly affects both counting accuracy
and category focus. When the question appears before the
reasoning instructions, the model often latches onto salient
but irrelevant objects (e.g., people instead of baseball bats):

How many baseball bats are there? First
output the thinking process in <think>
</think> tags and then output the final
answer in <answer> </answer> tags...

Response:

<think>

I see a person at <603, 223>.
I spot a person at <284, 150>.
Therefore, I see 2 people.
</think>

<answer>2</answer>

Placing the question affer formatting guidance and
examples reduces this confusion, encouraging correct
category-focused enumeration with consistent coordinate
formatting. This mirrors recent findings on instruction or-
dering in vision-language prompting [4, 10].

First, count each instance you spot and
their <x, y> coordinates as part of the

thinking process in <think> </think> tags.

Then output the final answer as a single
number in <answer> </answer> tags.
Below are some examples:

<think>I spot a person at <401, 105>.
I spot a person at <48, 19>.
Therefore, I see 2 people.</think>
<answer>2</answer>

..more examples

{Question}.
5.2. Impact of Reward Functions

Formatting rewards act as structural scaffolding, accelerat-
ing convergence when combined with segmentation or spa-
tial rewards (Figures 1 and 2). Without formatting, models
often optimize for segmentation or spatial precision but ne-
glect counting or category focus.

Single rewards cause specialization (e.g., correct totals
without pointing, or high spatial accuracy but incorrect
counts), while combined rewards yield complementary be-
havior, producing both accurate counts and faithful centroid
annotations. This supports prior findings that multimodal
reasoning benefits from balancing structural, process-level,
and final-answer rewards [15, 16].
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Figure 1. Segmentation reward optimization with (red) vs. without
(purple) formatting reward. Formatting accelerates convergence.
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Figure 2. Point accuracy improvement with (blue) vs. without
(dark green) formatting reward. Structured outputs speed up learn-
ing.

5.3. Dataset Annotation Challenges

Figure 3. COCO merges multiple broccoli florets into one in-
stance, causing undercounting.

Instance-level annotations in COCO and Visual Genome
are often inconsistent for clustered or overlapping objects,
as shown in Figure 3. A single mask may represent mul-
tiple countable items, making counting dependent on an-
notation granularity rather than visual distinctness. This af-
fects both training and evaluation: models may be penalized
even when correctly identifying separate objects. Similar
ambiguity appears in grapes, crowds, or small repetitive ob-
jects, suggesting the need for clearer granularity standards
in counting datasets [9].

5.4. Failure Cases and Model Limitations

In dense scenes, the model frequently produces linear cen-
troid placements rather than identifying individual instances

Figure 4. In crowded scenes, the model often places points in a
line instead of detecting individuals.

(Figure 4). This behavior likely stems from:

* Sparse high-count training samples: Most training ex-
amples contain fewer than 10 objects.

* Reward saturation: Adding more points yields dimin-
ishing reward benefits, leading to collapsed predictions.

* Annotation ambiguity: Crowds are often annotated as
coarse regions rather than distinct individuals.

Small or partially occluded objects are also commonly
omitted. These limitations indicate that explainable chain-
of-thought improves transparency but does not replace the
need for robust instance localization, especially under oc-
clusion, density, or segmentation ambiguity.

5.5. Future Directions

Future work includes analyzing performance across training
steps by saving intermediate GRPO checkpoints, and study-
ing whether warm-starting from SFT improves convergence
stability over our cold-start approach. Extending training to
more high-count and occluded scenarios could further im-
prove robustness.

6. Conclusion

Our work introduces a novel RL-based approach for ex-
plainable object counting in vision-language models that
combines chain-of-thought reasoning with point-based su-
pervision, achieving 67.94% counting accuracy and 92.62%
pointing accuracy—significantly outperforming both base-
line and supervised fine-tuning approaches. Ablation stud-
ies revealed that our multi-component reward system bal-
ancing format adherence, numeric accuracy, and spatial pre-
cision effectively prevents reward exploitation while pro-
moting transparent reasoning traces. While the model still
struggles with densely packed objects and annotation am-
biguities, future work could expand training data distribu-
tion and develop more sophisticated reward functions for
handling challenging scenarios. Beyond object counting,
our approach demonstrates that combining structured expla-
nations with multi-objective reinforcement learning creates
models that not only make accurate predictions but artic-
ulate their decision processes transparently, with potential
applications across diverse visual reasoning tasks.
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