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Figure 1: ALToLLM realizes adaptive-length mask token generation according to object complexity.

Abstract

While humans effortlessly draw visual objects and shapes by adaptively allocating
attention based on their complexity, existing multimodal large language models
(MLLMs) remain constrained by rigid token representations. Bridging this gap, we
propose ALTo, an adaptive-length tokenizer for autoregressive mask generation.
To achieve this, a novel token length predictor is designed, along with a length
regularization term and a differentiable token chunking strategy. We further build
ALToLLM that seamlessly integrates ALTo into MLLM. Preferences on the trade-
offs between mask quality and efficiency is implemented by group relative policy
optimization (GRPO). Experiments demonstrate that ALToLLM achieves state-of-
the-art performance with adaptive token cost on popular segmentation benchmarks.
Code and models are released at https://github.com/yayafengzi/ALToLLM.

1 Introduction
Multimodal large language models (MLLMs) have demonstrated remarkable capabilities in image

and text understanding tasks. However, their generative abilities remain largely limited to text
[ 2, (3, 141 5, [6]. Given the inherent differences between text and image modalities, introducing
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a lightweight image decoder into multimodal understanding models to enable image generation
remains a significant challenge. To align with the next-token prediction paradigm of text generation,
discretizing images using image tokenizers (e.g., VQGAN [7]]) has become a natural and effective
approach. Within this framework, various visual modalities—including RGB images, segmentation
masks, and depth maps—can be uniformly represented as “images”, enabling unified modeling for
both multimodal understanding and generation [8 9].

Early image tokenizers typically represent images using fixed-length token sequences without con-
sidering the inherent complexity of the images [[7, [10} [11} [12]]. This fixed-length design may lead
to insufficient representation for complex images while generating redundant tokens for simpler
ones, resulting in resource wastage and reduced efficiency. In contrast, humans can flexibly allocate
attention based on the complexity of the task [13]. For example, segmenting complex shapes requires
more attention and effort compared to simpler shapes.

Recent arts are dedicated to learning hierarchical and flexible tokens [[14,[15,[16]. The representations
become increasingly fine-grained as the number of tokens increases. Based on our observations, the
number of tokens required to represent fine-grained edge shapes can vary drastically depending on
their complexity.

Table 1: The flexibility and autonomous
adaptivity of different token representa-
tion methods. Flexibility refers to hi-
erarchical coarse-to-fine token represen-
tation, while autonomous adaptivity de-
notes spontaneous allocation of token
numbers based on object complexity.

Token Representation

In recent years, several studies [19} 20] have explored
adaptive-length tokenization for image representations.
The problem, however, is that they all determine adaptive
lengths by relying on heuristic rules conditioned on the
input image, rather than allowing the model to decide on
its own. Although this is feasible in image tokenization,
it becomes impractical for image generation since the re-
construction loss is unavailable. As a result, it becomes
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Fig.[I] ALToLLM is a multimodal large language model
(MLLM) that realizes instruction-based mask generation
using adaptive-length mask tokens according to object complexity. At the core of ALTo is a novel
token length predictor (TLP) embedded within an encoder—VQ-decoder architecture. Given an input
mask image, the ALTo encoder is responsible not only for generating discrete tokens but also for
predicting the appropriate token sequence length via TLP. To support adaptive-length learning, we
introduce a length regularization term and a differentiable token chunking strategy. Together, these
enable ALTo to effectively encode masks into variable-length token sequences. To evaluate the effec-
tiveness of ALTo, we construct ALToLLM without any bells and whistles, making no modifications
to the underlying LLM architecture or training paradigm. The model is trained using supervised
fine-tuning and group relative policy optimization (GRPO) on referring image segmentation tasks.
ALToLLM learns to adaptively insert an end-of-mask token (<ALTo_End>) once sufficient mask
tokens have been generated. Moreover, GRPO allows dynamic control over token length to balance
mask quality and computational efficiency.

In summary, the contributions are as follows:

* We propose ALTo, an adaptive-length mask tokenizer that, for the first time, enables the model to
autonomously determine the number of mask tokens based on the complexity of the input mask.

* We develop ALToLLM, which integrates ALTo into a multimodal large language model (MLLM),
enabling adaptive mask token generation for object segmentation tasks. The number of generated
tokens can vary from as few as 2 to as many as 32, with most cases around 17, allowing ALToLLM
to balance quality and efficiency under different scenarios via GRPO.

» Extensive experiments demonstrate that ALTo enables effective and efficient mask image re-
construction, while ALToLLM achieves state-of-the-art performance with adaptive token usage



across various object segmentation benchmarks, including referring expression segmentation and
open-vocabulary segmentation.

2 Related work

Visual tokenizersplay important roles in various visual tasks, such as image reconstrug@or]

visual compressiori20], and visual generatioi®fl, 22,8, /16]. VQVAE [[10,[123] and VQGAN[/] are
popular frameworks that encode images into discrete 2D tokens by vector quantization2BJEiT [
exploits visual tokens in masked image modeling. To reduce the redundancy in 2D spacelT|Tok [
and SEEDI12] produce 1D sequence for image tokenization. Methods above typically use a rigid
number of tokens to represent images, regardless of the complexity of the visual content. To
have exible tokenization, FlexTok14] projects images into 1D variable-length token sequences.
ElasticTok RQ] proposed an adaptive tokenizer for images and videos by dropping a random number
of the latter tokens during training. ALITLP] discretizes the images into exible-length tokens

by recurrent distillation until the reconstruction quality is good or the maximum iterations are met.
HiMTok [[16] learns 1D hierarchical mask tokens to represent coarse to ne segmentation masks.
However, these methods cannot decidadaptivenumber of tokens autonomously. Trials have been
made by heuristic rules about image reconstruction qudlByZQ], which increases computational
overhead and becomes impossible for image generation tasks. Our proposed ALTo is both exible
and adaptive, as illustrated in Taple 1.

MLLM-based image segmentation methodgprimarily follow three paradigm&25, (16, 26]. MLLM-
segmentation joint models such as LISA], GSVA [28], GLaMM [29], PixelLM [30], and PSALM

[31], create semantic-to-pixel connections through LLM hidden states and rely on additional seg-
mentation modules. Text-based methods, including Text48ggLlLaFS [32] and VistaLLM [33],
represent masks as text sequences (pixel classes or polygon vertices), suffering from heuristic and
inaccurate mask representation. Interestingly, segmentation masks could also be viewed as images so
that we can rethink image segmentation as a mask generatior8t&Bf]. HiMTok [ 16] applies the

idea by utilizing a hierarchical mask tokenizer into LLMs. Going a step further, ALTOLLM generates
adaptive-length token sequences, which is ef cient and effective.

Reinforcement learning (RL) has become increasingly important for enhancing vision-language
models B5, 36, 37, 38, 39]. Approaches like direct preference optimizatid@and proximal policy
optimization 1] face challenges with data ef ciency and reward stability. Group relative policy
optimization (GRPO)42] has emerged as a promising alternative through its groupwise reward
mechanism. Recent applications demonstrate GRPO's effectiveness across various vision-language
tasks. Visual-RFT43] combines GRPO with veri able rewards for ef cient model adaptation.
Vision-R1 [44] employs GRPO with progressive thinking suppression for complex reasoning. Seg-
Zero [45] achieves zero-shot segmentation through pure RL. These works apply RL to text output,
while we make it for preference optimization on mask token output.

3 Methods

3.1 Overview

The proposed adaptive-length tokenizer (ALTo) represents object masks as token sequences whose
lengths adapt to the complexity of objects autonomously. Simple objects (e.g., a sphere) may require
few tokens, while intricate structures (e.g., complicated shapes and multiple objects) may use up
to 32 tokens. Built on this, ALTOLLM is introduced to perform instruction mask generation for
referring image segmentation, as shown in Fig. 2. We design a multi-stage training recipe for ALTo
and ALToLLM to learn exible, adaptive, and effective mask representations and achieve strong
segmentation performance, as shown in Fig. 3.

Inference. As illustrated in Fig. 2, ALToOLLM takes as input the image and text by the popular
ViT-projector-LLM architecture ], 46], then autoregressively generates both text tokens and compact
mask tokens of adaptive length. The mask tokens along with the pixel-encoded features are fed into
the mask de-tokenizer to generate the nal mask.

Training. As shown in Fig. 3, the training recipe consists of three progressive stSgmge 1
We pretrain the mask tokenizer (MT) and mask de-tokenizer (MD) to reconstruct complex masks



Figure 2: Architecture of the proposed ALTOLLM.

using variable-length token&tage 1.5 We ne-tune the token length predictor (TLP) to enable
adaptive tokenizatiorStage 2 We leverage ALTo to generate both xed-length and adaptive-length
token labels, which are used to supervise ALToLLM. This equips the model with the basic ability
to understand and generate both text and mask tol&tage 3 We employ GRPO42] to further
adjust speci ¢ preferences on trade-off between mask quality and token ef ciency. We will introduce
the details in the following subsections.

3.2 ALTo

The adaptive-length tokenizer (ALTo) comprises three components: a mask tokenizer (MT), a mask
de-tokenizer (MD) with a pixel encoder, and a token length predictor (TLP), as shown in Fig. 3 (a).
Following HiMTok [16], MT utilizes a transformer encoder with 32 learnable latent tokens to extract
information from the input mask and then discretized into 32 mask tokens via vector quantizer (VQ).
To support variable-length tokenization, a random number of tail tokens are dropped during training,
retaining only the leading tokens. MD is a bidirectional transformer. Differently from HiMTok, MD
takes as input the mask tokens and 256 pixel-encoded image features rather than learnable latent
tokens. This provides ne-grained guidance for mask generation, inspired by UAiMIh training

stage 1, the reconstruction is supervised by a mean squared error (MSE)lgst pretrain MT

and MD.

The novel TLP determines the optimal number of tokens for each mask. TLP leverages the CLS
token featurdl s, which encodes global image features, together with the 32 mask token features
T 2 R%® 9 to predict a proper token lengtfs is used as a query in an attention mechanism

to evaluate the importance of each mask token. For each maskTpokamated key is generated

by SwiGLU ask; = (W, T;) (WgT;). The probability for eactbtoken to be the stopping point

is computed via scaled dot-product attentiqy.: softmaxqusk” = d). The predicted length is
computed as the mathematical expectafion Isfl i p-

Accordingly, the rst(® tobens are selected and sent to the MD, while the remaining tokens are zero-
padded, representedlds T, whereH is a binary mask de ned ad = I[i  []. However, such

token chunking strategy is not differentiable, which prevents gradients from the mask de-tokenizer
from owing back to the TLP. To address this, we introducdifferentiable token chunking strategy

by considering the stopping probability distribgtipn The probability that thé-th token is used

is given by the cumulative probability; = 1 i<i P which indicates that the stop position

is later than this token and provides a soft version ofjoken chunking. This inspires us to apply a
straight-through estimator &= (P  P:detaclf) + H) "~ T. In this formulation, the predicted
mask is then given bWl preg= MD(T'; Ximg).

In stage 1.5, we use a reconstruction Ioggsk = MSE(M pred, M o) to optimize mask reconstruction,
and a length regularization tertm engn = (' to encourage shorter token sequences, balancing



Figure 3: Training recipes for ALTo and ALToLLM. (a8LTo Pretraining : Joint training of mask
tokenizer (MT) and de-tokenizer (MD); (B)daptive-length Prediction: Training only the token
length predictor (TLP); (cMultimodal Integration : Exclusive training of MLLM with frozen ALTo

for language-aware adaptation; @joup Relative Policy Optimization: Reinforcement learning
for MLLM optimization. Input image in (b), (c) and (d) is processed identically to (a), omitted for
visual clarity.

accuracy and ef ciency while MT and MD are frozen. The nal combined lodshdsy = Lmask+
L Length Further details about the length supervision design are provided in the Appendix. A.

3.3 ALToLLM

ALToLLM is built naturally on MLLM architecture, and learned by supervised ne-tuning (SFT) and
group relative policy optimization (GRPO).

During SFT (stage 2), ALToLLM receives adaptive-length mask tokens provided by the frozen ALTo
module, along with text and image tokens. ALToLLM is supervised using two objectives: a cross-
entropy losd. ¢ for next-token prediction across the multimodal sequence, and a mask prediction
accuracy los$ mask Which combines binary cross-entropy loss and dice loss to ensure precise mask
reconstruction. This dual-objective training enables ALToLLM to effectively align textual and visual
information, and to autoregressively generate both language and adaptive-length mask tokens, which
shows the effectiveness of ALTo.

We employ GRPO in stage 3 to adjust trade-off preferences exibly based on the model after stage 2.

1) Group samplingfFor each input consisting of an image and text, we sagpieltimodal responses
from ALToLLM. A valid i-th sample must contain the following token sequence, whedenotes
the adaptive length:

<ALTo_Start><TOK>

| ,<TOK,><ALTo_End> L; 2f1;:::;3% (1)

{ }

L; tokens

2) Reward computationiThe composite rewar; for thei-th sample consists of three components:
Ri = lf_({rirl?t"' ||&§J | &}i ; )
R valid R accuracy Ret ciency

whereRyaiiqg is 1 if the sample strictly follows the format in Eq. 1, afdtherwise RaccuracyiS the
intersection-over-union (loU) score between the predicted and ground truth masks, with the predicted
mask reconstructed by the MD using the adaptive mask tokens; it vanishes to 0 if any responses do



Figure 4: Examples from the Multi-Target-SA1B dataset.
Table 2: Performance comparison on gRefCOCO. We report cloU, gloU and average token length.
FT indicates ne-tuning on referring expression data.

val testA testB
Method } cloU gloU Length| cloU gloU Length} cloU gloU Length
LISA-7B [27] 387 322 - | 526 485 - | 448 397
LISA-7B (FT) [27] 61.8 61.6 - | 685 663 - | 606 588
GSVA-7B [28] 61.7 63.3 - | 692 701 - | 603 613
GSVA-7B (FT) [28] 633 66.5 - ]899 711 - | 605 622
GroundHog-7B [51] - 66.7 - - - - - -
SAM4MLLM-8B [52] 67.8 719 - | 722 742 - | 634 653
UNiRES++ [53] 69.9 74.4 - | 745 760 - | 666 6938 -
LMM Hirox -8B [16] 668 68.7 32 | 68.6 676 32 |658 641 32
LMM pivrok-8B (FT) [16] | 704 721 32 | 749 735 32 | 720 717 32
ALToLLM-8B (FL) 748 776 32 | 785 787 32 | 764 767 32
ALToLLM-8B (AL) 754 780 175 | 788 789 194 | 766 769 173

not conform to the correct formaRef ciency iS @ linear penalty L ; proportional to the token length

3) Relative policy optimizatioriVe optimize the policy using the clipped Objectﬂ/%de ):

1 .
E = min —Ajclip —;1 ;1+ A D k re) ; 3)
i=1 old old

where is the current policy being optimized (parameterized hy g is the policy before the
update (used for importance sampling)y is the reference policy (typically the initial supervised
policy), Ai = (Ri Rmean=Rst is the normalized advantage computed within each grbup,is
the Kullback-Leibler (KL) divergence enforcing policy stabilityis the clip range (usually 0.1-0.3)
controlling update aggressiveness, anig the KL penalty coef cient balancing exploration and
constraint.

4 Experiments

4.1 Experimental settings

Datasets For stages 1 and 1.5, we construct the training and validation sets of Multi-Target-SA1B
from the SA1B dataset by randomly selecting multiple masks from all annotations for each image.
Examples from Multi-Target-SA1B are shown in Fig. 4. This approach yields complex multi-target
masks, facilitating the learning of expressive mask representations by ALTo. For stage 2, we used all
HiMTok and Multi-Target-SA1B datasets for SFT. For Multi-Target-SA1B, we input the bounding
boxes of all targets as<box>[[],[],...]</box> ”. To ensure that the model supports both xed-
length and adaptive-length prompts, we randomly assign half of the data to each prompt type, as
detailed in the Appendix. B. For stage 3, we use Multi-Target-SA1B, the RefCOCO st8jd¥],

and gRefCOCOH(] to maintain complex mask representation and language understanding during
RL.

Implementation details. ALTo processes input and reconstructs maskdbét 256 resolution.

During training and inference, the MLLM processes image®8t 448 while the pixel encoder
encodes image 4024 1024 In stage 1, MT and MD are initialized from TiTok-L-321] with
codebook size of 1024, and the pixel encoder is initialized from SAM-ViB4l.[In stage 1.5, the
feature dimension of TLP is set to 1024, consistent with MT. The length penalty coef cient is set

to 0.0001, 0.001, 0.01, or 0.1, among which 0.01 is found to be optimal in subsequent experiments
and is chosen for later stages. In stage 2, ALTOLLM-8B is initialized from InternVL-2.548B [

Stage 3 trains the RL model based on the stage 2 checkpoint, with the length penalty set to 1e-2, 5e-3,
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