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Figure 1. Visualizations of VGent’s output under single target and multiple targets challenges.
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Figure 2. Visualizations of VGent’s output under visual reference challenges. Blue masks indicate visual reference regions.

1. Additional Qualitative Results

In Fig. 1 and Fig. 2, we present additional qualitative
examples to further illustrate the versatility and robust-
ness of VGent across a wide range of grounding condi-
tions, including single-target, multi-target, and visual ref-
erence—conditioned multi-target scenarios. These examples
highlight VGent’s ability not only to localize explicit refer-
ents but also to reason over subtle visual cues and contextual
relationships in complex scenes.

As shown in Fig. 1 (top-left), VGent successfully iden-
tifies the person wearing glasses in a densely crowded en-
vironment. Despite the glasses covering only a few pixels
and the presence of numerous distractor individuals without
glasses, the model accurately grounds the intended target.
This demonstrates VGent’s strong sensitivity to fine-grained

visual attributes and its capability to filter out semantically
similar distractors.

Similarly, in Fig. 2 (top-left), VGent effectively resolves
a visual reference-conditioned multi-target query, detecting
all people above the provided visual reference. The model
succeeds even under occlusion and when some targets appear
at a small scale due to being farther from the camera. These
results illustrate VGent’s ability to integrate visual reference
signals, reason over relational cues, and maintain stable
grounding performance.

2. Additional Quantitative Results

In Tab. 1, we further report experimental results on gener-
alized referring expression segmentation (GRES) evaluated
on gRefCOCO val split and Reasoning Segmentation (Rea-



Table 1. Results on generalized referring expression segmen-
tation (GRES) and reasoning segmentation (ReasonSeg). We
highlight the best performance in bold and underline the second
best.

GRES ReasonSeg
Model F1 gloU cloU N-acc gloU cloU
MagNet [4] - - - -
Groundhog7p [23] - - - -
GLaMM7BV FT [|4] - - - -
u-LLaVA7p [20] - - - -
UNINEXT-H [21] - - - -
PSALM, 3 [24] - - -
LAVT [22] - 58.40 57.64 49.32
HDC [13] - 68.28 6542 63.38 -
ReLA [10] - 63.60 6242 5637 213 -
Seg-Zero [11] - - - 575 520
GSVA 35, 51 [19] 70.04 6638 66.02 - -
SAM4MLLMyg [3] - 71.86 67.83 66.08 - -
LISA;3p. rr [7] - 65.24 63.96 5749 613 622
RAS 35 [2] 81.74 7464 7048 69.05 @ - -
VGent (Ours) 8291 77.14 69.33 8333 622 64.0

sonSeg) evaluated on the ReasonSeg test split. GRES [9]
involves an arbitrary number of targets, and ReasonSeg [8]
evaluates grounding under complex and implicit language
instructions. VGent achieves superior performance, demon-
strating the robustness and generalization capability of our
framework across diverse grounding scenarios. In particu-
lar, VGent achieves a substantial improvement in the GRES
N-Acc metric—which evaluates whether the model hallu-
cinates targets in non-target scenarios—surpassing the pre-
vious state-of-the-art RAS 3 [2] by +14.28 %. This result
highlights the faithfulness of VGent and its significantly
reduced tendency to hallucinate outputs.

3. Ablation on Upper Bounds

Table 2. Oracle selection for upper-bound performance on Omni-
modal Referring Expression Segmentation (ORES).

Overall
Model FI  gloU cloU
VGent (Ours) 71.47 6842 75.28
UPN [5] (Oracle) 91.27 7997 81.40
UPN [5] + GLEE [18] (Oracle) 94.68 84.05 85.00

UPN [5] + GLEE [18] + SAM [15] (Oracle) 95.38 86.20 88.45

We evaluate how different detector combinations affect
the upper-bound performance of VGent by applying oracle
selection on ORES. For F1, we run Hungarian Matching be-
tween the grouth truth boxes and proposed boxes, and retain
proposals whose IoU exceeds 0.5; for gloU and cloU, we
keep proposals whose IoA exceeds 0.6. As shown in Table
2, different detectors provide complementary proposals that
jointly increase coverage of the ground-truth boxes, thereby
raising the achievable upper bound of VGent’s performance.

4. Details of Implementation

QuadThinker. For the QuadThinker component used to
initialize VGent’s encoder, we perform GRPO training for
one epoch based on Qwen2.5-VL-7B [1] using MaskGroups-
HQ [2] and VisionReasoner-7K [12], with a batch size of 16
and a learning rate of le-6.

Learnable Query. Inspired by SegVG [6], we use multiple
learnable queries to benefit proposal selection through self-
attention within each decoder layer which propagates the
global target information. Empirically, we find that using
10 learnable queries yields the best performance, where 5
queries are used to regress the number of targets and 5 are
used to regress the number of positive proposals.

Visual Reference. MaskGroups-HQ [2] provides visual ref-
erences in the form of segmentation masks. To integrate
these visual references into the language query, we convert
each mask into a bounding box. Specifically, we compute
the minimum and maximum (X,y) coordinates that tightly
enclose the mask, resize the resulting box to the resolution
of the model’s image input, and round all coordinates to inte-
gers. We then replace the placeholder token <mask-ref>
in the textual query with this coordinate list. For example,
the query “the woman wearing a skirt behind the left side
of <mask-ref>" becomes “the woman wearing a skirt
behind the left side of [50, 490, 120, 637]".

Training on ORES. For experiments on ORES, which fol-
lows the evaluation split of MaskGroups-HQ [2], we com-
bine proposals from UPN [5], SAM [15], and GLEE [18]
during training. We first train on Objects365 [16] for 16K
steps using 6 nodes (each with 8 x A100-80G GPUs), with
a per-GPU batch size of 1 and gradient accumulation of 2.
We then train on the mixed dataset of Objects365 [16] and
MaskGroups-2M [2], sampled with the 0.3 and 0.7 ratio of
them under the same configuration. Finally, we train on
the MaskGroups-HQ [2] training split for 48K steps using
1 node of 8 x A100-80G GPUs. The BCE loss is weighted
by 1 and the L1 loss by 10. We use a learning rate of 2e-5
with linear decay. For box-aware label, proposals with IoU
> 0.6 are treated as positives and all others as negatives. For
mask-aware label, we assign positives using IoA > 0.6. All
images are resized to 840 x 840 resolution.

Training on REC. For REC experiments, we follow RAS [2]
to further fine-tune on all training splits of RefCOCO, Re-
fCOCO+, and RefCOCOg for 48K steps using 1 node of
8xA100-80G GPUs.

Training on GRES and ReasonSeg. For experiments on
GRES and ReasonSeg, we fine-tune the checkpoint obtained
after pre-training on Objects365 [16] and MaskGroups-
2M [2]. During fine-tuning, we reweight the loss for mask-
aware labels by a factor of 1 4 IoA for each proposal on



GRES. All fine-tuning experiments are conducted on their
respective training splits for 48K steps using a single node
with 8 X A100-80G GPUs. We report results based on the
best-performing checkpoint and outputs.

Inference. We use UPN [5], SAM [15], and GLEE [18] for
both training and inference, and for all inference-time speed
measurements. The runtime consists of 0.696 seconds for
VGent’s encoder—decoder, 0.263 seconds for UPN, 0.213
seconds for GLEE, and 1.154 seconds for SAM.

Ablation Studies. For ablation experiments, QuadThinker
is further trained for four additional epochs when being
integrated into VGent. While this extended training does not
improve QuadThinker’s performance, it consistently yields
better overall performance for VGent. All ablation studies
are conducted on a single node with 8 xA100-80G GPUs.

Qwen3-VL Evaluation. Following the official GitHub in-
structions of Qwen3-VL [17], we use the prompt: “Locate
{Question}, output the bbox coordinates using JSON for-
mat.”, where {Question} is replaced by the language query
input. For consistency with our implementation, the input
image is resized to a resolution of 840 x 840. Qwen3-VL
outputs bounding boxes in a normalized format, where each
coordinate is represented as a relative value multiplied by
1000. During post-processing, we divide the predicted values
by 1000 and scale them by the image resolution to recover
the absolute bounding box coordinates.
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