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Supplementary Material

We provide supplementary material related to the main pa-
per, arranged as follows:
1. More Experiment Details and Ablations (Section A)
2. Qualitative Results (Section B)
3. Additional Results on REC (Section C)
4. Dataset Details (Section D)

A. More Experiment Details and Ablations
Details of Dr. Seg. Our project is built on SAM [7],
VERL [16], EasyR1 [21], and VisionReasoner [14]. The
global batch size is 16, with the micro batch size per device
for updates and the micro batch size per device for experi-
ence collection both set to 2. The rollout number per sam-
ple is 8, and the KL-loss coefficient is 1×10−2. We use the
AdamW optimizer with a learning rate of 1 × 10−6 and a
weight decay of 1× 10−2.
Details of VisionReasoner with Raw Reward. In Sec. 3.3,
we replace the binary rewards in VisionReasoner with un-
normalized continuous rewards. Concretely, for the box
IoU reward, we directly use the continuous IoU value with-
out applying any threshold. For the box L1 reward and point
L1 reward, we adopt the same linear scaling function in
Eq.15. All other settings are kept the same as in the original
VisionReasoner configuration.
COCO Precision/Recall Metrics. Following VisionRea-
soner [14], we compute mAP by assigning each predicted
box a proxy score defined as the ratio of the predicted
box area to the image area. We also evaluate Preci-
sion/Recall/F1 to avoid such approximation.

Method AP@0.5 P@0.5 R@0.5 F1

Qwen2-VL 43.5 72.1 41.3 52.5
Qwen2.5-VL 47.6 72.4 46.6 56.7
VisionReasoner 57.3 62.6 63.9 63.3
Dr. Seg 59.0 69.6 64.3 66.8

Table 1. More detection metrics on COCO.

Ablation on Response Length. To isolate whether the
gains come from simply generating longer responses, we
compare several test-time prompting variants that increase
the average response length while keeping the underly-
ing model unchanged. As shown in Tab. 2, merely elon-
gating the output does not improve performance: both a
generic Chain-of-Thought prompt and a Look-to-Confirm
style prompt substantially increase the response length but
degrade gIoU (e.g., 65.5 → 63.1 and 59.6). In contrast,

Dr. Seg achieves the best gIoU (67.8) with a similar length
range, indicating that the improvement cannot be attributed
to longer responses. Length denotes the word count, mea-
sured on the ReasonSeg val set.

Method Length gIoU

Baseline 77.8 65.5
+ Chain-of-Thought prompt 117.0 63.1
+ Look-to-Confirm prompt 137.3 59.6
Dr. Seg 148.3 67.8

Table 2. Ablation on response length using test-time prompts.

Ablation on Format Reward. To further verify whether
the gain could come from a particular output structure (e.g.,
the ⟨look⟩ tag) or learned semantic guidance, We conduct
a controlled ablation that matches structure by retraining
with the same format reward Rformat, while changing the
keyword inside the tag (e.g., ⟨look⟩, ⟨wait⟩) or using un-
related keywords. As shown in Tab. 3, adding Rformat with
random/wait keywords yields only marginal changes (64.9–
65.6 gIoU), suggesting that format constraints alone are in-
sufficient. Moreover, removing Rformat (Look∗) fails to sta-
bly generate the tag and degenerates toward the baseline,
indicating Rformat is necessary for stable structured behav-
ior.

Keyword Rformat Length gIoU

Random ✓ 89.6 64.9
Wait ✓ 95.3 65.6
Look∗ 73.6 65.8
Look ✓ 148.3 67.8

Table 3. Ablation on response structure by retraining with/without
the format reward Rformat and varying the tag keyword. Look∗:
without Rformat, the model fails to stably generate ⟨look⟩ and de-
grades toward the baseline.
Ablation on Accuracy Reward Components. To clarify
the contribution of each accuracy component, we ablate
the reward composition used in Raccuracy by progressively
adding x1 (IoU), x2 (count), and x3 (point) in Tab. 4.

B. Qualitative Results
We provide a qualitative example in Fig. 1 and more visual-
izations in Fig. 5. As illustrated in Fig. 1, prior methods [14]
struggle in complex multi-object segmentation scenarios,
often miscounting target instances due to over- or under-
segmentation. For example, in the piano half-step case, the



Figure 1. Supplementary illustration of the Dr. Seg architecture. The model first performs a Look-to-Confirm exploration, generating
multiple reasoning trajectories that describe diverse visual cues. During inference, these trajectories are used to prompt SAM to produce
mask proposals. The example shown here demonstrates successful segmentation of all six semitone keys (6/6 correct).

Setting RefCOCO testA ReasonSeg val

w 35.6 24.1
w x1 72.9 57.8
w x1, x2 79.8 58.3
w x1, x2, x3 80.2 67.8

Table 4. Ablation on Raccuracy.

baseline model correctly identifies only 4 out of 6 candidate
keys. We argue that these errors stem from two coupled
factors: (1) binary rewards fail to reflect fine-grained perfor-
mance differences, providing only coarse supervision; and
(2) the restricted output space limits the model’s ability to
explore diverse reasoning trajectories, causing incorrect ob-
ject enumeration. Our method alleviates these issues: the
proposed Look-to-Confirm mechanism expands the model’s
output space by encouraging exploration of alternative vi-
sual cues, while the Distribution-Ranked Reward delivers
stable fine-grained feedback independent of metric scales.
Together, these components yield substantially more accu-
rate object counts. We provide more visualizations in Fig. 5,
highlighting the effectiveness of our method in challenging
multi-object settings.

C. Additional Results on REC
We also evaluate our models’ performance on the refer-
ring expression comprehension (REC) task, with results re-
ported in Tab. 6. Our model also achieves superior per-
formance compared with previous methods [14] and base
models [1, 17]. Specifically, it outperforms the baseline Vi-
sionReasoner on all three REC datasets, with an average

improvement of 0.7 absolute points.

D. Dataset Details

Training Dataset Statistics. We use the VisionRea-
soner multi object 7k 840 dataset [14], which was con-
structed by the authors of VisionReasoner from four
sources: LVIS [6], RefCOCOg [19], gRefCOCO [10], and
LISA++ [18]. It is formed by sampling roughly 1,800 ex-
amples from the training split of each dataset, without any
special data partitioning criteria, resulting in a balanced
mixture across the four sources.

Evaluation Dataset Statistics. Table 5 summarizes the
statistics of all evaluation datasets used in this study. For a
fair comparison, we follow prior work [13, 14] and adopt
the same data splits as in their experiments; we report the
number of evaluation samples. The benchmark suite cov-
ers (i) referring expression segmentation (RefCOCO, Re-
fCOCO+, RefCOCOg [19]); (ii) reasoning-oriented seg-
mentation (ReasonSeg [8]); (iii) our self-constructed multi-
object split (COCONut; details in the next paragraph);
(iv) object detection (MS COCO [9]); (v) object count-
ing (Pixmo-Count [4], CountBench [15]) and (vi) referring
expression comprehension (RefCOCO, RefCOCO+, Ref-
COCOg).

Evaluation Metrics. For object detection on COCO, we
adopt the standard AP metric computed using the COCO
API. For referring expression comprehension on RefCOCO
series, we use bbox AP, which measures detection accuracy
at an IoU threshold of 0.5. For object segmentation on Re-
fCOCO series and ReasonSeg, we use gIoU, computed as



the mean IoU across all segmentation masks. For counting
tasks, we use count accuracy as the evaluation metric.

Table 5. Statistics of evaluation benchmarks. Numbers combine
validation and test splits where applicable. DET, REC, SEG, and
CNT denote Detection, Referring Expression Comprehension, Re-
ferring Expression Segmentation, and Counting, respectively.

Dataset Split # of samples

DET COCO 36,781

REC
RefCOCO 5,786
RefCOCO+ 5,060
RefCOCOg 7,596

SEG

RefCOCO 1,975
RefCOCO+ 1,975
RefCOCOg 5,023
ReasonSeg 979
COCONut 665

CNT Pixmo-Count 1,064
CountBench 504

SUM 67,408

Details of COCONut Benchmark. Since publicly avail-

Figure 2. Object count distribution of the COCONut multi-object
split.

Figure 3. Categories included in our COCONut dataset, all of
which are subclasses of the original COCO label set.

able datasets for complex, multi-object segmentation re-
main scarce, we additionally construct a benchmark from
COCONut val split [5], a dataset that couples panoptic seg-
mentation with grounded captions.
Sampling Protocol. We sample 1,000 images from the of-
ficial validation split and, after filtering, retain 665 images.
The procedure is as follows:
1. Candidate filtering: We discard images without annota-

tions. For each remaining image, we count per-class in-
stance frequencies and keep only those images in which
at least one class appears at least twice. For each retained
image, we collect the set of classes that satisfy this crite-
rion and randomly choose one target class from this set.

2. Union-mask construction: For the chosen class, we
build a binary mask for every instance of that class and
take the pixel-wise OR over all such masks to obtain the
class-level union mask across the full image.

3. Text prompt: For each sample, we form the instruction
All <category>, indicating “segment all instances
of the specified class.”

4. Quality Control: Finally, we perform a light manual
pass to remove low-quality cases (e.g., extremely small
targets or ambiguous class references). The remainder
constitutes our dataset.

Goal and Characteristics. This benchmark evaluates
class-level multi-instance union reasoning: given a natu-
ral image and a concise class prompt, the model must out-
put the combined region covering all instances of that class.
Unlike typical single-instance prompts, this setting stresses
coverage completeness over multiple same-class objects,
which better reflects crowded or overlapping real-world
scenes. We also provide summary statistics and qualitative
examples in Fig. 2 and Fig. 4.



Table 6. Performance on the referring expression comprehension task.

Method

Referring Expression Comprehension
RefCOCO RefCOCO+ RefCOCOg avg
val testA val testA val test

Task-specific Models
DQ-DETR [11] 88.6 91.0 81.7 86.2 82.8 83.4 85.6
Grounding-DINO-T(ft) [12] 89.2 91.9 81.1 87.4 84.2 84.9 86.5
Grounding-DINO-L(ft) [12] 90.6 93.2 82.8 89.0 86.1 87.0 88.1

7B Visual Large Language Models
Qwen2-VL [17] 80.8 83.9 72.5 76.5 77.3 78.2 78.2
Qwen2.5-VL [1] 88.8 91.7 82.3 88.2 84.7 85.7 86.9
Shikra [2] 87.0 90.6 81.6 87.4 82.3 82.2 85.2
Ferret-v2 [20] 87.5 91.3 80.8 87.4 83.9 84.8 86.0
InternVL2-8B [3] 87.1 91.1 79.8 87.9 82.7 82.7 85.2
VisionReasoner [14] 88.6 90.6 83.6 87.9 86.1 87.5 87.4
Dr. Seg (Ours) 89.4 91.5 83.6 88.0 88.1 88.0 88.1

Figure 4. Visualization of our COCONut dataset, illustrating diverse object categories and a wide range of object counts per image.



Figure 5. A representative failure case of prior methods. The model initially attends to the correct person but drifts away as the chain-
of-thought unfolds, leading to over or under counting the target instances. We attribute this behavior to excessive noise in the reward
design: collapsing raw rewards into binary signals discards information and introduces noise. This noise is then further amplified when
heterogeneous metric scales are summed together.



Figure 6. Visualization of the proposed Dr. Seg compared with VisionReasoner.



Figure 7. More visualization of the proposed Dr. Seg compared with VisionReasoner.
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