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Supplementary Material

We provide supplementary material for further study and
analysis related to the main paper, arranged as follows:
• Additional experimental results extending the main find-

ings (Sec. A)
• Real-world driving dataset curation (Sec. B)
• Additional implementation details, including training

setup, offset-aware dataset construction, and reward de-
sign (Sec. C)

• Additional qualitative results and visual analysis (Sec. D)

A. Additional Experimental Results
A.1. More Benchmarks

Referring Captioning evaluates region understanding
given referring inputs (e.g., bounding boxes, masks).
We evaluate region-based caption generation on ref-
COCOg [16] and Visual Genome [7]. As shown in Tab. A,
GETok achieves competitive or superior performance rel-
ative to models that rely on specialized region feature ex-
tractors (✓), highlighting the effectiveness of GETok for
region-aware comprehension. GETok is particularly effec-
tive in scenarios with overlapping objects, where traditional
bounding boxes often fail to precisely capture targeted re-
gions.

Table A. Region-Level Captioning results on the refCOCOg and
visual genome datasets.

Methods Region Feat.
Extractor

refCOCOg Visual Genome

METEOR CIDEr METEOR CIDEr

GRIT [22] ✔ 15.2 71.6 17.1 142.0
SLR [28] ✔ 15.9 66.2 - -
GPT4RoI [29] ✔ - - 17.4 145.2
GLaMM [19] ✔ 16.2 106.0 19.7 180.5
Groma [15] ✔ 16.8 107.3 19.0 158.4
Kosmos-2 [17] ✘ 14.1 62.3 - -
Shikra-7B [3] ✘ 15.2 72.7 - -
GETok-SFT ✘ 16.9 110.5 19.0 165.9

Generalized RES validates multi-instance grounding
through grid token sequences, demonstrating simultaneous
referencing capability for multiple objects within a single
spatial representation. GETok naturally supports multi-
instance expressions. We evaluate GETok on the gRef-
COCO dataset [10] for multi-instance segmentation. As
shown in Tab. B, GETok achieves competitive performance
relative to specialized methods while maintaining architec-
tural simplicity.

Object Pointing evaluates precise point-level localization.
Instead of restricting the target to a single predefined point,

Table B. Generalized Referring Expression Segmentation re-
sults (cIoU) on the RefCOCO (+/g) datasets.

Methods Training
M-Dec. Validation Test-A Test-B Average

LAVT [26] ✔ 58.4 65.9 55.8 60.0
ReLA [10] ✔ 63.6 70.0 61.0 64.9
LISA [9] ✔ 63.5 68.2 61.8 64.5
GSVA [23] ✔ 68.0 71.8 63.8 67.9
GETok-SFT ✘ 66.9 72.3 64.1 67.8
GETok-RL ✘ 67.4 74.1 65.6 69.0

GETok supports flexible point annotations by marking rep-
resentative object positions, making the representation more
adaptable to diverse object types and scene layouts. As
shown in Tab. C, GETok achieves competitive performance
compared to methods trained with substantially more data.
The advantage is particularly pronounced in dense ob-
ject scenarios, where grid tokens reduce coordinate rep-
resentation from multiple sequential tokens (e.g., [’(’,
’124’, ’,’, ’143’, ’)’]) to a single spatial token
(e.g., <grid12,14>), eliminating the formatting errors that
accumulate with longer text-based coordinate sequences.

Table C. Object Pointing results on HumanRef and RefCOCOg
datasets.

Methods HumanRef refCOCOg val refCOCOg test

OVIS2.5-9B [14] 62.3 85.0 84.5
Molmo-7B-D [5] 70.0 83.7 83.6

Qwen2.5-VL-7B [1] 65.1 78.9 79.4
GETok-SFT 70.7 84.1 82.9

A.2. More Discussions
How Should Points be Represented? We analyze
three representation formats that operate purely through
vocabulary-level modifications: text coordinates, bin to-
kens, and grid tokens, all of which require no architectural
changes. Among them, bin tokens and text coordinates
share the same 1D numerical nature, with bin tokens merely
quantizing coordinates into discrete indices, and empirical
evidence shows that bin-based methods can even underper-
form text coordinates [3]. The key difference, therefore, lies
between these 1D schemes and the 2D spatial encoding of
grid tokens, which addresses three fundamental limitations:
1) 1D-2D Representation Gap: A single 1D token cannot
directly represent a 2D location; instead, multiple tokens
must be combined to denote a coordinate. This composition
hinders the implicit semantic features of the 2D space from
being effectively mapped into the token embeddings.
2) Format Brittleness: Syntactic elements introduce ex-



   Bin Token: <bin802>   Text Coordinate: ‘6’70   Grid Token: <grid23,17>    Bin Token: <bin412>   Text Coordinate: ‘3’45    Grid Token: <grid11,17>

Figure A. Visualization of spatial responses for different localization vocabularies. We aggregate attention maps between location
tokens and image patches to obtain heatmaps for text coordinates, 1D bin tokens, and grid tokens. Grid tokens produce smooth, topology-
aware activations that align with object extents.

ponential failure rates that are particularly problematic in
multi-object scenarios. For example, with 98% per-token
accuracy, a 12-token box sequence has a 78% validity prob-
ability, dropping to 48% for three boxes (36 tokens).
3) Metric–Objective Mismatch: Token-level cross-entropy
on digit sequences correlates poorly with geometric error.
Small changes in token indices can correspond to large
jumps in image space.

Using Qwen2.5-VL-7B with identical RefCOCO/+/g
instruction-tuning data, we compare text, bin, and grid for-
mats in Tab. D, and observe a clear advantage for grid to-
kens. Furthermore, as shown in Fig. A, grid tokens produce
smooth, locally coherent activations that closely follow ob-
ject extents because each token is tied to a fixed 2D region
in the image plane. In contrast, text and bin tokens yield
fragmented, geometry-agnostic responses without a stable
2D correspondence.

Table D. Ablation on point representation formats for REC on
the RefCOCO/+/g datasets.

Methods refCOCO Test-A refCOCO+ Test-A refCOCOg Test

Text Coordinates 92.9 89.9 87.4
Bin tokens 92.3 89.9 87.1
Grid tokens 93.0 90.6 87.6

Why GRPO Works with GETok? GETok’s structured
representation creates an ideal action space for GRPO op-
timization. As shown in Fig. B, GETok achieves acceler-
ated convergence at equivalent training steps compared to
text coordinates, validating its structured action space ad-
vantage for GRPO optimization. We attribute this advan-
tage to two key factors: (1) The 2D grid structure provides
a stable foundation for policy learning, unlike text coordi-
nates, where minor token changes yield discontinuous spa-
tial shifts. (2) The finite n×n token format is easier to learn
than text coordinates. This compact set allows the model to
focus on spatial layout rather than complex text patterns,
leading to faster convergence.

How to Represent Masks with Sparse Geometry? We
analyze existing sparse geometric representations, such as
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Figure B. Reward curve comparison between grid tokens and
text coordinates. GETok achieves faster convergence and higher
rewards than text coordinates.

single points, bounding boxes, fixed sets of one or two
points, or randomly sampled points, all of which suffer
from redundancy and an inability to unambiguously cap-
ture complex mask semantics as shown in Fig. C. We intro-
duce a novel greedy algorithm that automatically extracts
an appropriate set of such tokens from a target mask. Com-
pared to methods that require training a dedicated mask de-
coder [9, 19, 23], this design offers several advantages:
1) At training time, our method avoids any mask-specific
loss, decoder, or supervision, offering a simpler alternative
compared to methods that rely on task-specific decoders.
2) At inference time, our method offers strong flexibility as
our decoder is purely plug-and-play and can be seamlessly
updated without retraining the referring VLM. For example,
replacing SAM [6] with advanced SAM2 [20], our method
achieves a performance gain of 0.8% cIoU on refCOCO val
at no cost. In contrast, LISA has to retrain the full model
for this replacement, which is particularly costly.

A.3. Ablation Studies

Image Preprocessing. We investigate the impact of differ-
ent image preprocessing strategies on localization perfor-
mance as shown in Tab. E. Padding gives the worst results,
because the added gray borders effectively downscale the
informative region and distract the model from relevant con-
tent. Center cropping risks semantic distortion by removing



a zebra behind another zebra facing the camera

(a) Single point (b) Bounding box (Bbox) (c) Random sampling points (d) Bbox+center points (e) Bbox + Semantic-critical Grid Tokens

Figure C. Comparison of mask representation strategies. We convert continuous masks into discrete, segment-critical grid tokens to
achieve precise region referencing.

peripheral image areas. For example, in a referring expres-
sion such as “the person on the far left,” cropping may ex-
clude the target entirely, leading to ground-truth mismatch.
In contrast, resizing and dynamic resolution achieve compa-
rable performance in our experiments. We therefore adopt
simple resizing as our default preprocessing strategy.

Table E. Ablation on image preprocessing strategies for REC on
RefCOCOg.

Methods RefCOCOg

Padding 85.9
Center Crop 86.2
Dynamic 87.1
Resize 87.4

Reward Function. For grid token generation, removing
the semantic-critical points reward causes the model either
to collapse to one or two high-confidence points or to over-
populate a small region with redundant points, as shown in
Tab. F. Removing the box reward yields the largest drop,
and visual inspection shows that points become scattered in
the absence of a stable coarse prior. By contrast, the mask
reward mainly provides fine-grained geometric supervision,
especially for thin structures and concave regions that are
not well constrained by box and point-level signals alone.

For offset token refinement, we focus on whether offsets
perform genuine geometric corrections. The mask IoU gain
and box refinement rewards provide instance-level guidance
that promotes updates with improved mask and box IoU.
The point refinement reward further stabilizes behavior by
reducing large mask changes caused by a few erroneous
point adjustments.

Reasoning vs. No Reasoning for Offset Refinement. The
<think> process has been shown to be beneficial for mul-
timodal understanding, especially in cases that require com-
plex semantic reasoning [12, 13, 21]. We further examine
its role in the refine stage. Empirically, the performance gap

Table F. Ablation on reward design for grid-token generation and
offset-token refinement.

Reward for Grid Token Generation
Variant Mask Box Sem. points ReasonSeg

w/o Sem. points ✔ ✔ 58.6
w/o Mask reward ✔ ✔ 59.1
w/o Box reward ✔ ✔ 57.2
Full (ours) ✔ ✔ ✔ 60.1

Reward for Offset Token Refinement
Variant Point gain Box gain Mask IoU gain ReasonSeg

w/o Mask IoU gain ✔ ✔ 61.8
w/o Box ref. ✔ ✔ 61.2
w/o Point ref. ✔ ✔ 60.5
Full (ours) ✔ ✔ ✔ 62.8

between using and omitting <think> during refinement
is negligible (0.1% gIoU), suggesting that offset refinement
does not substantially benefit from additional verbal reason-
ing. We observe that the model rarely produces meaningful
explanations for point-level updates and instead repeats al-
most the same <think> content as in the propose step, so
we do not enforce <think> generation in this stage.

B. Real-World Driving Dataset
We construct a proprietary autonomous driving dataset to
evaluate GETok in complex real-world scenarios and to sup-
port comparison with strong baselines. The dataset con-
tains 1,988 training samples with 29,825 annotations and
980 test samples with 14,524 annotations, covering diverse
urban scenes including intersections, highways, and pedes-
trian zones.

As illustrated in Fig. D(a), the dataset categorizes driving
targets into three classes: Traffic Lanes, Static Obstacles,
and Traffic Signs with hierarchical annotations for multi-
granular reasoning. Based on these annotations, we design
a series of classification tasks to evaluate the model’s ability
to understand and refer to specific regions in driving scenes.

Fig. D(b) shows an example from the dataset. Each sam-
ple is annotated using category labels selected from the tax-



- Lane 1: 
Blockage Status Options: Construction 
Road Surface Condition: Normal 
Traffic Flow Density: None
- Lane 2: 
Blockage Status Options: Construction 
Road Surface Condition: Normal
Traffic Flow Density: None

- Static Object 1: 
Water-Filled Barrier

- Traffic Sign:
Visible State: Clear
Color: Red

- Traffic Light 1:
Visible State: Clear

- Static Object 2: 
Construction Sign

- Traffic Light 2:
Visible State: Clear

- Road Surface Condition Options: Normal; Bumps and Potholes; Water; 
Snow; Mud; Sand; Others

Traffic Lanes 

- Blockage Status Options: 
Normal, Static Object Obstruction; Construction; Lane Convergence; Stop 
Dynamic Object Obstruction; Slow Dynamic Object Obstruction; Others

- Static Object Options:
Traffic Cone; Traffic Warning Post; Guiding Sign; Construction Sign; 
Water-Filled Barrier; Triangular Sign; Crash Barrel; Parking Barrier.

- Visible State: Clear; Blurred; Obscured
- Color: Red; Yellow; Green; Blue; Others

(a) Referring Classification Options (b) Annotation Example

- Traffic Flow Density: None; Few; Density

Static Obstacle 

Traffic Signs/Lights

Figure D. Overview of the driving dataset annotations. (a) Summarizes the taxonomy of annotated driving targets (lanes, static obstacles,
and traffic signs/lights) with hierarchical labels. (b) Illustrates an example scene annotated with points, polygons, lane polylines, bounding
boxes, and masks for referring and safety-related queries.

onomy summarized in Fig. D(a). Overall, driving scenes
provide a realistic setting that demands understanding and
referring to regions in multiple formats, including points,
polygons, polylines, bounding boxes, and masks, highlight-
ing the application potential of a unified and robust local-
ization framework.

C. More Implementation Details

C.1. Training Setup

Supervised Fine-Tuning. The model is fine-tuned on the
mixed-task corpus summarized in Tab. G. All location-
related annotations (points, boxes, masks) are converted
into GETok’s grid tokens. The offset-aware dataset is
constructed on top of RefCOCO/+/g, and a more system-
atic description of the construction pipeline is provided in
Sec. C.2. We use a per-device batch size of 2 with 8 gradi-
ent accumulation steps, yielding an effective batch size of
16 per device. All input images are resized to 840 × 840,
and training is conducted with bfloat16 mixed precision.

Reinforcement Learning. We first perform a cold-start
stage to adapt the model to the newly introduced tokens
while mixing in CoT-style instruction data, thereby pre-
serving its original multimodal capabilities. Building on
this checkpoint, we further optimize the policy with GRPO
on both grid-token placement and offset-token refinement.
Each update is regularized by a KL-divergence penalty to
the SFT policy with coefficient 1× 10−2. For each prompt,
we sample 8 candidate responses to estimate group-wise ad-
vantages. For offset tokens, we empirically find that about
200 steps are sufficient to obtain satisfactory refinement per-
formance.

Table G. Summary of training data composition.

Stage Datasets Task

SFT

LLaVA-665K [11] Image reasoning
RefCOCO/+/g [16, 27] Referring grounding

COCO-Stuff [2]; ADE20K [30] Segmentation (seg.)
Visual Genome [7] Image captioning

PACO-LVIS [18]; PASCAL-Part [4] Part-level seg.
gRefCOCO [10] Multi-instance seg.

Pixmo-point [5] Object pointing
GETok-Offset Referring refinement

Cold
Start

RefCOCO/+/g [16, 27] Referring seg.
LLaVA-CoT-100K [24] Instruction tuning

GETok-Offset Offset training

GRPO RefCOCOg [16] subset (3.0K) Single-target seg.
LISA++ [25] (2.0K); gRefCOCO [10] (4.0K) Multi-instance seg.

C.2. Offset-Aware Dataset Curation Details
Region Definitions. Let Mgt ∈ {0, 1}H×W be the binary
foreground mask. We place an n × n grid and denote the
pixel center of cell (i, j) by ci,j = (xi,j , yi,j)

⊤.To construct
pools of candidate grid tokens, we employ morphology-
based bands scaled according to the offset step size. Let
Kk ∈ {0, 1}k×k represent a square structuring element with
a side length of k pixels. We define:

ke = ⌊sy⌋+ 1, E = Mgt ⊖Kke ,

kd = 2⌊sy⌋+ 1, D = Mgt ⊕Kkd
,

(1)

where ⌊·⌋ denotes the floor operation, while ⊖ and ⊕ repre-
sent morphological erosion and dilation respectively. A thin
boundary band is additionally defined as:

B = dilate(grad(Mgt),Kb), (2)



where grad(Mgt) is the morphological gradient and b is a
small width parameter. By construction, E ⊂ Mgt ⊂ D:
E forms a step-sized interior buffer, D creates a step-sized
exterior halo, and B captures edge uncertainty as a narrow
boundary ribbon.
Grid Point Categorization and Sampling. We define a
one-step hit test to determine reachability:

Hit(i, j) ≜ ∃ δ ∈ {−1, 0, 1}2 : Mgt(ci,j + Sδ) = 1. (3)

Each grid center is assigned to exactly one category via the
hierarchical decision rule:

pool(i, j) =



Hard-Delete, B(yi,j , xi,j) = 1

∧ Mgt(yi,j , xi,j) = 0

∧ ¬Hit(i, j),

Inside, E(yi,j , xi,j) = 1,

Ring, D(yi,j , xi,j) = 1

∧ Mgt(yi,j , xi,j) = 0,

Far, otherwise.
(4)

Following pool formation Phard → Pinside → Pring →
Pfar, we sample K ∼ πK grids per image with preferential
selection from Pinside and Pring, while maintaining repre-
sentation from all categories for robustness. Then, the com-
plete construction process, detailed in Algorithm 1, pro-
cesses each image-mask-query triple to automatically pro-
duce conversational data containing grid tokens and their
corresponding offset targets.

C.3. Reward Details
Multi-object Matching. From each line in <answer>, we
extract a predicted instance consisting of an optional box
b̂p ∈ R4 and a point set Pp = {q} ⊂ R2. Let there be P
predictions and G ground-truth instances with binary masks
{Mgt}Gg=1 and tight boxes {bg}Gg=1. We define pairwise
similarities between prediction p and ground truth g:
i) Box IoU:

IoUp,g ∈ [0, 1]. (5)

ii) Point-hit ratio: the fraction of predicted points that land
inside Mgt,

Hp,g =
1

max(1, |Pp|)
∑
q∈Pp

1{q ∈ Mgt} ∈ [0, 1]. (6)

iii) Normalized L1 box score:

Sℓ1
p,g = clip

(
1− ∥b̂p − bg∥1/4

τℓ1
, 0, 1

)
. (7)

These are combined into a similarity used only for the as-
signment:

Simp,g = IoUp,g +Hp,g + Sℓ1
p,g, (8)

Algorithm 1: Offset-Supervised Data Construction
Input: Referring dataset D; grid size n; offset granularity

m; IoU threshold τ
Output: JSONL conversations containing grids and offset

targets
foreach (I,Mgt, q) ∈ D do

Resize I,Mgt to H ×W ; compute sx = W/m,
sy = H/m, S = diag(sx, sy);
// grid pools via morphology (cf.

(1)--(2))
Compute E,D,B; assign each grid cell (i, j) to one

of INSIDE/RING/FAR/HARD-DELETE by rule (4);
// Segmentation grids and offsets

Sample K grids {(ik, jk)}Kk=1 from the pools;
for k = 1 to K do

Set ck ← cik,jk ;
if Mgt(yik , xik ) = 1 then

emit [OFF 0 0]
else if Hit3×3(ik, jk) then

pick (δu, δv) ∈ {−1, 0, 1}2 with
Mgt(ck + Sδ) = 1, and emit
[OFF δu δv]

else
emit <DELETE>

// Bounding-box corner offsets
Let B⋆←BBox(Mgt); jitter its TL/BR to grid

corners (itl, jtl), (ibr, jbr);
Evaluate all offset pairs for the two corners (apply
S-scaled displacements), obtain IoUmax;

if IoUmax ≥ τ then
emit the two corner offsets

else
emit <DELETE> for both corners

// Serialization
Write a JSONL sample with image tag, user prompt q

and grids (user turn), and the offsets (assistant turn);

We solve a Hungarian assignment [8] with costs Cp,g =
3−Simp,g , yielding matched pairs M ⊆ {1..P}×{1..G}.
We use τℓ1=18 px.
Semantic-Critical Points Reward. For each (p, g) ∈ M,
we compute a key points quality:

Fp,g ≜ S(mp)
(
wH Hp,g + wspr Spreadp,g

)
− λm mp.

(9)
where Hp,g is the hit ratio, and Spreadp,g rewards larger
nearest-neighbor spacing normalized by object scale:

d̄p =
1

mp

mp∑
i=1

min
j ̸=i

∥qi − qj∥2,

Spreadp,g = clip
(
d̄p/(ρsrg), 0, 1

)
.

(10)

The multiplicative saturation S(m) = 1 − exp(−m/m0)
discourages degenerate few-point outputs, and the linear



Refinement Rewards
1. Format Reward: 

Rfmt =1.0
2. Mask IoU Gain Reward:  

∆IoU-mask/(1-0.84)=0.75, Riou= 1.0
3. Box Refinement Reward:

 ∆IoU-bbox /(1-0.92)=1.0, Rbbox=1.0
4. Point Refinement Reward.  

PS1∈,S2∉=1 ; PS1∉,S2∈=2 ; 
PS1∈,S2∈=5 ; 

PS1∉,S2∉=1 (P<DELETE>=1)
Rpoint=(-1+2+5+1)/9=0.78    

IoU=0.84
Reference Rewards

1. Format Reward: 
Rfmt =1.0

2. None Repeat Reward: 
Rnr =1.0

3. Mask Reward:  
IoUmask>0.8, Riou=1.0

4. Box Reward:
 IoUbbox>0.8, Rbbox=1.0

5. Semantic-Critical 
    Points Reward:

hit_ratio = 3/9 = 0.67  Sspread = 0.8
 Rpoint=0.5

   

IoUmask=0.84  IoUbbox=0.92 IoUmask=0.96  IoUbbox=1.0

Figure E. Illustration of reward computation for grid token generation and refinement. The diagram demonstrates how different
reward components are calculated based on predicted outputs and ground-truth annotations.

term λmmp penalizes overly long point lists. We aggregate
across matches with point-count weighting:

T = clip

(∑
(p,g)∈M mp Fp,g∑P
p=1 max(1,mp)

, 0, 1

)
. (11)

We set wH=0.6, wspr=0.4, λm=0.02, ρs=0.30.

Point Refinement Reward. Let M(k)
gt ⊂ Z2 be the ground-

truth mask of the k-th instance. The coarse point set is Ck =
{ck,p}Pk

p=1 and the refined set is Coff
k = {coffk,p}

Pk
p=1, with a

one-to-one correspondence over p (if a point is deleted, we
keep its index p and mark a delete flag). Define the inclusion
indicators Ik,p = I

[
ck,p ∈ M

(k)
gt

]
, Ioffk,p = I

[
coffk,p ∈ M

(k)
gt

]
.

The point-wise reward sk,p ∈ {−1, 0, 1} is

−1, Ik,p = 1 ∧ Ioffk,p = 0

+1, Ik,p = 0 ∧ Ioffk,p = 1

+1, Ik,p = 1 ∧ Ioffk,p = 1

+1, Ik,p = 0 ∧ <DELETE> ∧N3×3(ck,p) ∩Mgt = ∅
0, otherwise.

(12)
where N3×3(ck,p) is the 3×3 neighborhood centered at
ck,p. The instance-level reward is obtained by averaging
over all points of that instance. Fig. E provides a con-
crete example illustrating the reward computation process
for better understanding.

D. Additional Visualization Results
Grid Tokens for Mask Representation. Fig. F presents
additional qualitative results comparing predicted grid to-
kens, output masks, and GT annotations. The results are
organized from top to bottom, ranging from predictions that
are more precise than the GT mask to some failure cases.
These visualizations highlight the following key observa-
tions:
(1) High-Quality Predictions: The model can generate
highly accurate grid tokens, which align well with the GT
masks. These results demonstrate the effectiveness of grid

tokens in precisely localizing and referring to objects in
complex scenes.
(2) Failure Cases: In some cases, accurate grid-token pre-
dictions still yield imperfect masks due to discrepancies
in SAM’s mask decoding. Nonetheless, as discussed in
Sec. A.2, this training-free decoding remains advantageous
compared to training task-specific mask decoders. Intro-
ducing offset tokens further mitigates these errors by refin-
ing point locations and aligning the decoded masks more
closely with object boundaries.

The qualitative results underscore the robustness of grid
tokens as a referring representation, even in cases where
segmentation performance is suboptimal.

SFT Benchmarks Qualitative Results. Fig. G demon-
strates the unified representation capability of GETok across
diverse vision-language tasks. Our approach establishes
a cohesive framework that processes various query types
through a consistent token vocabulary, spanning image-,
point-, box-, and mask-level formats while eliminating the
need for task-specific output heads.

Self-Improving Mechanism. Fig. H presents additional
qualitative examples demonstrating the propose-and-refine
workflow of GETok for fine-grained mask prediction. The
left panel shows that for interior points unambiguously
inside the mask, the model correctly maintains their po-
sitions without unnecessary adjustments, focusing refine-
ment efforts exclusively on boundary regions. The right
panel illustrates a failure case primarily caused by erro-
neous refinement decisions resulting from initial tokens
placed near misleading edge features. These examples
collectively highlight the method’s capacity to maintain
accurate localization through coordinated grid and off-
set token operations, even in challenging scenarios.



    (a)

    (b)

    Image with Output Tokens Predict Mask Ground-Truth Mask    Image with Output Tokens Predict Mask Ground-Truth Mask

    Input Image with Output Tokens Predict Mask Ground Truth Mask     Input Image with Output Tokens Predict Mask Ground Truth Mask

Figure F. More qualitative results of the segmentation task. From top to bottom, the predictions are ordered by decreasing Intersection-
over-Union (IoU) scores relative to the ground truth masks.

Q: What is in the region 
defined by region <seg>
<grid8,13><grid14,15></seg> in 
the image?
A: Scarf of the dog.

(e) Region-Level Caption (f) Detailed Dsecriptions

Q: Describe the visual characteristics of the region 
<seg><grid20,10><grid12,14><grid16,14><grid18,18><grid18,26><grid30,26>
</seg> in the image.
A: Leading the row of food trucks is a striking all-white vehicle, likely 
serving as the first stop for attendees of the street food event. The 
open rooftop indicates that it is currently in operation. 
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Q: Where is a dark car in front of a red car 
in the image? 

(h) Single Target Segmentation (i) Multiple Targets Segmentation(g) Part-Level Segmentation

Q: What object in the picture could be used to 
provide support and protection for the injured 
part? 

Q: Where is the elephant butt showing to left and 
the elephant on the far right? 

Q: Find a peacock walking 
on grass with grounding.
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Q: Aside from the clock tower, what other architectural 
features can be observed in the building?
A: The building incorporates a distinctive architectural 
feature, with a section extending over the road to link 
different parts of the structure. Moreover, another 
building positioned directly behind the clock tower 
enhances the depth of the overall composition.Im
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Q: Describe in detail the visual characteristics of the 
region  <box><grid10,6><grid26,30></box>.
A: A brown pony with black hooves is visible, it 
appears to be standing near the other horses and is 
looking towards our left which indicates its active 
engagement in its surroundings.

(c) Object Grounding (d) Grounding Caption
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  Q: Analyze the lane data in 
the image and number each 
lane according to the order 
from left to right and give 
the key grid tokens for each 
lane.

 (a) Image Understanding (b) Lane Detection

59 75 86 121 153 219

Figure G. Unified GETok representations across diverse vision-language tasks. GETok provides a unified representation framework
that handles diverse visual concepts without task-specific architectural modifications.



Q: Please locate “The animal with luggage 
on its back.”

<think>
I identify the animals in the image and select the one that clearly 
has bags or packs strapped onto its back, next to the person 
walking on the right. The target is the front llama on the right side, 
walking beside the person with a backpack, with a large 
rectangular pack strapped across its back.</think>

<answer>
the animal with luggage on its back: 
<box><grid6,2><grid22,28></box><seg><grid7,13><grid7,17><grid7,21>
<grid7,23><grid9,13><grid9,15><grid9,17><grid9,19><grid9,23><grid11,13>
<grid11,15><grid11,19><grid11,21><grid13,13><grid13,15><grid13,17>
<grid15,17><grid17,13><grid19,11><grid21,13></seg>
</answer>

<offset><box><OFF1,1><OFF-1,-1></box><seg><OFF1,1>
<OFF0,0><OFF0,0><OFF-1,-1><OFF0,0><OFF-1,-1>
<OFF0,0><DELETE><OFF-1,1><OFF0,0><DELETE><OFF1,1>
<OFF1,1><OFF1,1><OFF0,0><OFF-1,-1><DELETE></seg>
</offset>

Q: In an ice hockey game, what essential 
equipment does a player use to hit the puck.

<think>
I look at the scene and recognize it as an ice hockey practice: the 
player is on skates, wearing pads and a jersey. I then focus on 
what object he uses to control or hit the puck. He is clearly 
holding a long, narrow piece of equipment with a flat curved blade 
at the end, which is the standard tool used in hockey to strike the 
puck. Therefore, the essential equipment for hitting the puck is the 
hockey stick.
</think>

<answer>
<box><grid0,20><grid23,30></box><seg><grid1,27><grid1,28><grid1,29>
<grid3,27><grid5,27><grid7,27><grid13,27><grid15,25><grid19,21>
<grid21,23></seg>
</answer>

<offset><box><OFF-1,1><OFF-1,-1></box><seg><OFF0,0>
<OFF0,0><OFF1,-1><OFF1,1><OFF1,1><OFF0,1><DELETE>
<OFF0,-1><OFF1,1><OFF0,-1></seg>
</offset>

Q: In a desert environment, it may be difficult to travel 
on foot due to the rough and uneven surface. what type 
of transportation can be used to navigate the desert 
more easily.

<think>First, in a desert, the ground is often sandy and uneven, which 
makes walking long distances very tiring and slow. Many vehicles can get 
stuck in the sand, but camels have wide, padded feet that help them stay on 
top of the soft surface. They can also travel for a long time with little water 
and tolerate the hot, dry climate. So using camels as transportation makes 
it much easier to move across the desert than going on foot.</think>
<answer>
<box><grid0,16><grid28,24></box><seg><grid3,19>...<grid25,15></seg> 
</answer>

<offset><box><OFF1,1><OFF-1,-1></box> <seg><OFF1,1>
...<DELETE></seg></offset>

Figure H. More qualitative results of the self-improving mechanism. Additional examples demonstrate how GETok establishes initial
spatial proposals through grid tokens (red dots) and enables fine-grained adjustments via offset tokens (blue arrows), showing effective
handling of objects across scales with enhanced precision on small targets.
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