
SAMTok: Representing Any Mask with Two Words

Supplementary Material

A. Overview

In this file, we present additional experimental results due
to space constraints in the main paper. Here are the details:

• In § B, we provide more implementation details for both
the tokenizer and the multi-modal large language models.

• In § C, we provide more experimental results.
• In § D, we present ablation studies on tokenizer designs

and their effectiveness.
• In § E, we provide more visualizations.

B. Implementation Details

We initialize the encoder and decoder of SAMTok with
the pretrained weights of SAM 2.1 [10] (Large), while
the quantizer’s codebook is randomly initialized. During
training, the parameters of the SAM image encoder and
SAM prompt encoder are frozen, whereas the SAM de-
coder is trainable. Unless otherwise specified, the SAM-
Tok codebook size is set to 256, and the number of quan-
tization steps is 2, with the two codebooks non-shared.
We train SAMTok using Xtuner [3] and the AdamW op-
timizer [7], with a global batch size of 1024, an initial
learning rate of 4e-5, and a cosine decay schedule [6]. We
employ Qwen-VL series [1] models as the base model for
the main experiments. The only modification made to the
base models is the addition of mask tokens in the vocab-
ulary. By default, we introduce 512 mask tokens, format-
ted as <|mt 0000|> ∼ <|mt 0511|>. Among them,
<|mt 0000|> ∼ <|mt 0255|> correspond to the first-
level codebook, and <|mt 0256|> ∼ <|mt 0511|>
correspond to the second-level codebook. In addition,
we introduce two special tokens, <|mt start|> and
<|mt end|>, to denote the start and end positions of mask
token sequences. The embeddings of these newly added to-
kens are randomly initialized using the mean and variance
statistics of the original token embeddings. During super-
vised fine-tuning (SFT) and reinforcement learning (RL),
we freeze the MLLM image encoder and fine-tune the pro-
jection layer and LLM. SFT is conducted using the offi-
cial Qwen-VL [1, 15] implementation, the AdamW opti-
mizer [7], a global batch size of 256, and a learning rate of
2e-5 with a cosine decay schedule [6]. All training and eval-
uation experiments are performed on NVIDIA A100 GPUs
(80 GB). For RL, we employ the Easy-R1 [20] framework
with the GRPO [11] algorithm, using a learning rate of 1e-6.

Table A1. Results on panoptic scene graph generation.

Method R@20 mR@20
IMP [17] 16.5 6.5
GPSNet [5] 17.8 7.0
MOTIF [19] 20.0 9.1
VCTree [12] 20.6 9.7
PSGFormer [18] 18.0 14.8
Qwen25VL-SAMTok-7B 19.8 15.4

C. Additional model experiments

We present more experiments for more vision language
tasks.
Panoptic scene graph generation. We further evalu-
ate our model’s interleaved text–mask generation capabil-
ity beyond the GCG benchmark on the more challeng-
ing PSG benchmark [18]. This task requires predict-
ing all subject–relation–object triplets in an image, where
each subject and object includes its category label and 2D
mask. As shown in Tab. A1, our Qwen2.5VL-SAMTok-
7B achieves performance comparable to expert models
(R@20 = 19.8 vs. 20.6, mR@20 = 15.4 vs. 14.8). This re-
sult indicates that the mask-token interface provided by
SAMTok enables effective task generalization by convert-
ing 2D masks into specialized word tokens. Note that, our
model does not need any task-specific designs, compared
with previous expert models.
Visual Grounding. To assess whether the mask-token in-
terface provided by SAMTok outperforms the native text-
box interface of MLLMs on grounding tasks, we also con-
duct experiments on the RefCOCO, RefCOCO+, and Re-
fCOCOg benchmarks. The results are shown in Tab. A2.
Specifically, we de-tokenize mask words into 2D masks and
then derive bounding boxes for evaluation. Across both 3B
and 7B model sizes, SAMTok yields substantial accuracy
improvements while preserving the same natural-language
interaction capabilities as the native text-box interface. This
further verifies our motivation: the new mask representation
(SAMTok) performs better than the point format for visual
grounding.
SAMTok integration across MLLMs. SAMTok and
MLLM are decoupled: once SAMTok is trained, it can be
deployed with any MLLM. To substantiate this, we train
and evaluate on two types of MLLMs: (1) models with
tile-based visual encoders (e.g., PerceptionLM [2]), and (2)
models with adaptive-resolution encoders (e.g., the Qwen-
VL [1] series). We use the same training data across set-
tings, and report results in Tab. A3. The mask-token inter-



Table A2. Results on grounding task (REC). We de-tokenize the mask words generated by Qwen25VL-SAMTok into 2D masks and then
derive bounding boxes for evaluation.

Method Size RefCOCO RefCOCO+ RefCOCOg
val test A test B val test A test B val test

Qwen25VL [1] 3B 89.1 91.7 84.0 82.4 88.0 74.1 85.2 85.7
Qwen25VL-SAMTok 3B 92.7 (+3.6) 94.6 (+2.9) 89.7 (+5.7) 88.2 (+5.8) 92.2 (+4.2) 84.4 (+10.3) 89.9 (+4.7) 89.6 (+3.9)
Qwen25VL [1] 7B 90.0 92.5 85.4 84.2 89.1 76.9 87.2 87.2
Qwen25VL-SAMTok 7B 93.0 (+3.0) 95.5 (+3.0) 90.5 (+5.1) 88.6 (+4.4) 93.2 (+4.1) 84.4 (+7.5) 90.8 (+3.6) 91.2 (+4.0)

Table A3. Effectiveness of unified mask-token interface for different MLLMs. For the GCG benchmark, we report the average of each
metric across the val and test splits; for the GRES benchmark, we report the average across the val, testA, and testB splits.

Method Size GCG GRES DLC-Bench
METEOR CIDEr AP50 mIoU Recall gIoU cIoU N-acc Pos. Neg. Avg.

Qwen25VL-SAMTok 3B 16.8 52.2 36.4 71.3 47.0 70.1 68.9 58.2 45.2 74.8 60.0
Qwen3VL-SAMTok 4B 16.1 50.8 37.6 71.4 47.9 73.6 71.7 65.3 46.1 85.2 65.6
PLM [2]-SAMTok 1B 17.4 56.2 41.9 74.8 51.8 74.7 72.9 66.4 44.3 83.4 63.9

Table A4. Ablation study on the quantization strategy. “1024×2”
means two residual codebooks with a size of 1024 each.

Quantization Codebook Size r-Acc g-Acc
VQ [13] 1024 0.50 63.3
VQ [13] 65536 0.66 77.8
FSQ [8] 65536 0.69 78.1
RQ [4] 1024×2 0.70 78.3

Table A5. Ablation study on the codebook size and quantization
steps when using RQ [4].

Codebook Size r-Acc g-Acc
1024×2 0.70 78.3
1024×4 0.75 77.3
256×4 0.72 77.3
256×2 0.70 77.6
512×2 0.71 77.8

face provided by SAMTok works effectively across diverse
MLLMs.

D. Ablation Study
Set Up. We evaluate SAMTok’s region-mask reconstruc-
tion capability on the EntitySeg [9] validation set, which
provides 23,754 region masks with high-quality annota-
tions. We use mask IoU as the reconstruction accuracy met-
ric (r-Acc). To assess the mask generation capability of an
MLLM integrated with SAMTok, we adopt Qwen2.5-VL-
3B [1] as the base model and report the mean cIoU on the
val splits of RefCOCO, RefCOCO+, and RefCOCOg in the
RES setting as the generation accuracy metric (g-Acc).
Quantization. We study three quantization strategies, in-
cluding VQ [13], FSQ [8], and RQ [4], as summarized in
Tab. A4. When adopting standard VQ, a large codebook

is essential, as region mask embeddings in images exhibit
high diversity. Reducing the codebook size from 65,536
to 1,024 results in a significant drop in both reconstruction
and generative accuracy. With a large codebook, FSQ im-
proves codebook utilization, leading to better reconstruction
and generation performance than standard VQ. RQ achieves
comparable or even better performance while substantially
reducing the codebook size. Specifically, using only two
residual codebooks of size 1,024 each (i.e., 1024×2), RQ
attains higher reconstruction and generation accuracy than
FSQ with a much larger codebook.

Codebook size and quantization steps. We further ana-
lyze the effect of codebook size and the number of resid-
ual quantization steps on reconstruction and generation per-
formance, as shown in Tab. A5. For the same codebook
size, increasing the number of quantization steps (e.g.,
1024×4 vs. 1024×2) yields higher-fidelity quantization and
thus better reconstruction accuracy (0.75 vs. 0.70 in r-Acc).
However, the exponentially expanded search space (10244

vs. 10242) makes it more difficult for the MLLM to learn
to generate mask tokens effectively. In particular, in the
dense mask setting, longer words incur much higher com-
putational costs. Therefore, we set the number of residual
steps to 2 by default. Under this configuration, increasing
the codebook size yields only a limited improvement in re-
construction accuracy but slightly enhances generation ac-
curacy. We finally adopt the 256×2 configuration as our
default, since it offers a compact codebook while maintain-
ing a substantial trade-off between reconstruction and gen-
eration performance. We use this setting for further experi-
ments, including SFT and RL processes.



E. Visualization
In all visualizations in the main paper and the supplemen-
tary material, we represent mask words using quant-code
pairs: for example, “<|mt 0011|><|mt 0347|>” is de-
noted as “<11-347>”.
SFT vs. RL. We visualize the improvements brought by
RL over SFT in Fig. A1. The gains manifest in three key
aspects: (1) higher recall of targets in multi-object ground-
ing scenarios; (2) more accurate localization for expressions
involving relative positions and ordering; and (3) improved
mask quality.
Mask reconstruction. In Fig. A2, we demonstrate SAM-
Tok’s ability to reconstruct small objects across a variety
of challenging scenarios. Since SAMTok and the MLLM
are decoupled, the mask reconstruction capability is un-
affected by any subsequent MLLM training. In contrast,
other mask tokenizers [14, 16] require joint training with
the MLLM, which ultimately leads to degraded mask recon-
struction performance (with all masks reconstructed as el-
lipses). Thus, our method yields stronger mask reconstruc-
tion than these methods. Such mask reconstruction gener-
alization further leads to strong generalization in MLLMs.
PSG visualizations. Fig. A3 shows PSG predictions. Each
example contains subject–relation–object triplets where
both subject and object include their segmentation masks.
Thanks to the unified mask-token interface, the MLLM can
jointly generate structured relational descriptions and pixel-
aligned masks, enabling dense, panoptic-level scene under-
standing.
GRES visulizations. Fig. A4 illustrates GRES predic-
tions. SAMTok allows the MLLM to resolve complex re-
ferring expressions, including attribute-dependent, context-
dependent, and part-level descriptions. The generated
masks accurately track the intended region even under
heavy occlusion or clutter.
Region caption visualizations. Fig. A5 presents region
captioning results. Given a region mask (tokenized into two
special tokens), the MLLM produces detailed and contex-
tually relevant descriptions. The compact mask tokens re-
move ambiguity inherent in bounding-box-based grounding
and lead to more precise and consistent region-level cap-
tioning.
GCG visualizations. Fig. A6 shows examples where the
model simultaneously generates textual captions and region
masks for phrases mentioned in the narrative. SAMTok
provides a lightweight and efficient mechanism for link-
ing each phrase with a precise pixel region, enabling both
high-quality caption generation and aligned mask predic-
tion within one unified response.



Figure A1. SFT vs. RL. Examples are sampled from the GRES benchmark. RL finds more target objects, localizes relative positions better,
and produces cleaner masks than SFT across diverse scenes.



Figure A2. Region mask reconstruction examples. For each region, the ground-truth mask is tokenized into two discrete codes, and
SAMTok reconstructs the mask solely from the original image and the quantized mask tokens. SAMTok preserves fine structures for small,
thin, or irregular objects even under challenging lighting or clutter. Since SAMTok is fully decoupled from the MLLM, its reconstruction
quality remains stable regardless of downstream model training—unlike joint-training mask tokenizers that tend to collapse to elliptical or
blurred masks.



Figure A3. Panoptic scene graph generation(PSG) examples. The model predicts subject–relation–object triplets where both subject and
object categories are paired with their corresponding segmentation masks, represented through mask tokens. SAMTok’s interface allows
the MLLM to generate consistent object masks and relational descriptions simultaneously, demonstrating strong alignment between textual
predicates and pixel-grounded regions.



Figure A4. GRES examples. Given a natural-language referring expression, the MLLM outputs two mask tokens that decode into the
final segmentation mask. SAMTok enables precise grounding for expressions involving fine attributes, part-level targets, or contextual
reasoning. The examples show robustness to ambiguous descriptions, occlusion, and multi-object scenes.



Figure A5. Region Caption examples. Each visualization shows a region mask input (tokenized as two mask tokens) and the model’s
generated description. SAMTok provides unambiguous spatial grounding, enabling the MLLM to generate accurate and context-aware
region descriptions about attributes, roles, and interactions.



Figure A6. GCG examples. The model simultaneously describes the scene and produces region masks for phrases mentioned in the caption.
For each highlighted phrase, SAMTok decodes the predicted mask tokens into segmentation masks. SAMTok’s compact representation
(two tokens per mask) enables efficient, aligned text–mask generation with consistent grounding across multiple phrases within long
captions.
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