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Figure 1. PixelLM is an effective and efficient LMM for pixel-level reasoning and understanding. We show its visualization results in
following scenarios: 1) Multi-target reasoning segmentation; 2) Instance-level segmentation tied with text description; 3) Multi-referring
segmentation; 4) Conversation

Abstract
While large multimodal models (LMMs) have achieved

remarkable progress, generating pixel-level masks for im-
age reasoning tasks involving multiple open-world targets
remains a challenge. To bridge this gap, we introduce Pix-
elLM, an effective and efficient LMM for pixel-level rea-
soning and understanding. Central to PixelLM is a novel,
lightweight pixel decoder and a comprehensive segmenta-
tion codebook. The decoder efficiently produces masks from
the hidden embeddings of the codebook tokens, which en-
code detailed target-relevant information. With this de-
sign, PixelLM harmonizes with the structure of popular
LMMs and avoids the need for additional costly segmen-
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tation models. Furthermore, we propose a target refine-
ment loss to enhance the model’s ability to differentiate be-
tween multiple targets, leading to substantially improved
mask quality. To advance research in this area, we con-
struct MUSE, a high-quality multi-target reasoning segmen-
tation benchmark. PixelLM excels across various pixel-
level image reasoning and understanding tasks, outper-
forming well-established methods in multiple benchmarks,
including MUSE, single- and multi-referring segmentation.
Comprehensive ablations confirm the efficacy of each pro-
posed component. All code, models, and datasets will be
publicly available.

1. Introduction

Built upon the success of Large Language Models
(LLMs) [6, 24, 25, 37], large multimodal models (LMMs)
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have significantly enhanced high-level visual perception
and user interaction experiences [2, 15, 17, 41]. Yet, most of
them generate textual descriptions for global images or re-
gions, with limited capability for pixel-level responses like
object masks. This research gap limits the practical appli-
cation of multimodal systems in fine-grained tasks, such as
image editing, autonomous driving, and robotics.

Recent work [14] explores using LLMs to produce ob-
ject masks in a novel reasoning segmentation task, which
is more challenging and flexible for real-world applica-
tions. In contrast to traditional segmentation which explic-
itly specifies objects (e.g., “orange”), reasoning segmenta-
tion requires complex reasoning for more intricate instruc-
tions (e.g., “the fruit high in Vitamin-C”), which aligns well
with the capabilities of LMMs. However, this method has
two major drawbacks: 1) it cannot handle tasks involv-
ing multiple target objects, which are indispensable in real-
world scenarios, and 2) it depends on a pre-trained image
segmentation model like SAM [13]. This reliance incurs
substantial computational demands and confines the over-
all model’s performance to the capability of segmentation
model, consequently impeding the model’s potential to en-
hance its performance through further training scaling up.

In this paper, we introduce PixelLM, an effective and
efficient LMM for pixel-level reasoning and understanding.
PixelLM proficiently handles tasks with an arbitrary num-
ber of open-set targets and diverse reasoning complexities.
Its design maintains the fundamental structure of LMMs
while avoiding additional, costly segmentation models, en-
hancing both efficiency and transferability to diverse appli-
cations. Fig. 1 showcases PixelLM’s capabilities in diverse
segmentation tasks, producing high-quality target masks.

At the core of PixelLM is a novel pixel decoder and a
segmentation codebook. The codebook contains learnable
tokens that encode contexts and knowledge pertinent to tar-
gets referencing at different visual scales. The pixel decoder
then produces target masks based on the hidden embeddings
from the codebook tokens in conjunction with image fea-
tures. Thanks to this design, PixelLM can generate high-
quality masks without external segmentation models, sig-
nificantly boosting its efficiency. Furthermore, we propose
a target refinement loss to enhance the model’s capability
of differentiating between multiple targets, thus further im-
proving the mask quality.

To facilitate model training and evaluation in this re-
search area, we construct MUSE, a comprehensive multi-
target reasoning segmentation dataset. Utilizing a GPT-
4V [25]-aided data curation pipeline, we create 246k
question-answer pairs, covering 0.9 million instances. Our
extensive ablation studies confirm the dataset’s effective-
ness in cultivating the model’s pixel reasoning capabilities.

PixelLM’s effectiveness is clearly demonstrated across a
variety of benchmarks. It achieves state-of-the-art perfor-

mance on benchmarks including MUSE, single- and multi-
referring segmentation, significantly outperforming base-
line models. Notably, in comparison to models that rely on
external segmentation models, such as [14], PixelLM re-
duces computational costs by up to 50% while either main-
taining or improving performance.

In summary, our contributions are:
• We present PixelLM, a novel LMM for pixel-level rea-

soning and understanding. It handles tasks with diverse
reasoning complexities, maintaining high efficiency.

• We construct MUSE, a high-quality multi-target reason-
ing segmentation dataset, facilitating model training and
evaluation in future research.

• PixelLM achieves state-of-the-art results across a diverse
range of benchmarks, clearly demonstrating its superior
efficacy and efficiency compared to competing methods.

2. Related Work
2.1. Large Multimodal Models
Large multimodal models (LMMs) have significantly en-
hanced the performance of tasks requiring the understand-
ing of diverse modalities. These models generally fall into
two categories based on their use of large language models
(LLMs).

The first category [21, 31, 36] involves models trained
from scratch or employing relatively smaller language mod-
els like BERT for text processing. They typically utilize a
blend of contrastive and generative objectives to address a
range of multimodal tasks. However, their limited language
understanding capacity often hinders their performance in
tasks that demand extensive world knowledge and reason-
ing abilities.

The advent of LLMs has spurred a new direction in
LMM development, where LLMs are augmented with
multimodal comprehension capabilities [26, 29, 30, 38].
Common approaches in this framework involve integrat-
ing adapters to align visual and textual representations
within LLMs. Notable examples include BLIP-2 [15],
Flamingo [1], MiniGPT-4 [41], llama-adapter [10, 37],
LLaVA [17], InstructBLIP [8], InternGPT [19], and Qwen-
VL [2]. While these methods have shown improved perfor-
mance in vision-language tasks through instructional tun-
ing, their primary limitation lies in generating only textual
outputs about the entire image, thus constraining their util-
ity in tasks requiring more granular, region-level or pixel-
level understanding.

2.2. Fine-Grained LMMs
In many practical applications, understanding visual in-
puts at a more detailed level is crucial, such as specific
regions or even at the pixel level. Several methods have
been proposed to endow LLMs with this fine-grained un-
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Figure 2. Overview of the proposed PixelLM model architecture. (Left) Overall architecture. (Right) The proposed lightweight pixel
decoder. Trainable LoRA parameters are incorporated into the LLM. All parameters except those for the CLIP encoder and LLM are
trainable.

derstanding capability. GPT4RoI [39], Shikra [5], Vision-
LLM [32], Kosmos-2 [27], InternGPT [20], and Ferret [35]
offer grounding capabilities to specified image regions, typ-
ically encoding location coordinates as tokens for integra-
tion with LLMs. Unlike these methods, which lack the abil-
ity to generate pixel-wise masks, LISA [14] integrates SAM
with LLMs for segmentation tasks. Moreover, LISA ex-
plores the use of LMMs for complex instruction reasoning,
which differs from traditional tasks that rely on explicit hu-
man instructions for object or category identification. How-
ever, LISA is constrained to handling single targets in im-
ages, and the incorporation of SAM adds significant com-
putational overhead. In contrast, our goal is to develop an
efficient LMM capable of pixel-level image reasoning and
understanding, accommodating a varied number of targets
and diverse reasoning complexities.

3. Method
We first outline the framework in Sec. 3.1, elucidating two
key designs: pixel decoder and segmentation codebook.
Training objectives are introduced in Sec. 3.2.

3.1. Model Design
Framework overview As depicted in Fig. 2, PixelLM
features a streamlined architecture, comprising four main
parts: i) a pre-trained CLIP-ViT vision encoder I which
aligns with text, ii) a large language model F , iii) a
lightweight pixel decoder D and iv) a segmentation code-
book Cseg. PixelLM processes image ximg and query text
xtxt, yielding interleaved text description and corresponding
masks for varied number of targets.

While components i) and ii) adhere to well-established
LMM architectures for ensuring compatibility, the pixel de-

coder and segmentation codebook are pivotal in empower-
ing LMMs with mask generation capabilities across diverse
scenarios. We utilize the segmentation codebook to encode
target-relevant information into the embeddings of the code-
book tokens, which the pixel decoder then transforms in
conjunction with image features into precise masks. In the
following, we detail their designs.
Segmentation codebook Aiming to enrich the encoding of
target-specific information and thereby facilitate the gen-
eration of high-quality masks, we devise a comprehensive
segmentation codebook. This codebook includes various
groups of tokens, each representing different levels of gran-
ularity or scales in visual concepts, tailored to meet the de-
mands of segmentation tasks. For example, proficient seg-
mentation requires comprehension of both semantic cate-
gories and nuanced geometric shapes. These elements are
typically represented at distinct network layers. In response,
our single codebook integrates diverse visual information,
effectively capturing both semantic and geometric aspects
necessary for accurate segmentation.

Specifically, the codebook consists of multiple token
groups, each corresponding to a semantic scale of visual
features from the image encoder. Formally, we define
Cseg =

�
c
`

n
2 Rd

 N,L

n=1,`=1
, where L and N denote the

number of visual scales and tokens per group, respectively,
and d represents the hidden dimension in LMMs. For clar-
ity, we first set N = 1 and introduce how the codebook
tokens are integrated within the LMMs to encode requisite
information for target mask generation.

For an input image ximg, the vision encoder I extracts
a spectrum of multi-scale visual features Iimg = {I`img}L`=1
from I(ximg), comprising L visual features output at se-
lect layers of I. The output of the final layer, I

L

img, en-
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capsulates global image information and is transformed
into the language space via a vision-to-language projection
layer pV!T . Simultaneously, a vision-to-decoder projec-
tion pV!D transforms all Iimg features, resulting in fimg =n
f
`

img = pV!D(I`img)
oL

`=1
. The codebook tokens, com-

bined with the input image and text, are then processed by
the LLM to generate interleaved response yres in an auto-
regressive way:

yres = F(pV!T (I
L

img), xtxt, Cseg).

To help understand this process, consider an example of
text query “Segment the apple on the left”. Then,
the output yres contains L tokens of Cseg: “The apple is

c
1
, . . . , c

L”. The corresponding hidden embeddings (i.e.
the output of last layer of F) of Cseg are represented as
h =

�
h
`
 L

`=1
, which are inputs to the pixel decoder D

alongside image features fimg for mask generation.
We then explain the rationale behind setting N > 1.

As depicted in Fig. 3, scenarios involving multiple targets
or increased complexity reveal that a single token may not
adequately capture the full scope of target semantics, de-
spite the LLM providing precise textual responses. To bol-
ster the model’s capacity for interpreting complex reason-
ing scenarios, we introduce multiple tokens within each
scale group and perform a token fusion operation, denoted
as c

` =
�
c
`

n

 N

n=1
. Before the decoding process, a linear

projection layer � is utilized to convert the hidden states
of these grouped tokens into a unified form, represented as
h
` = �(h`

1, . . . , h
`

N
). Fig. 3 showcases the application of

multiple tokens within each group. The post-decoding at-
tention map visualizations demonstrate that individual to-
kens contribute distinct, yet complementary information,
leading to a more effective mask generation than is possi-
ble with a single token approach.
Pixel decoder We design a novel and lightweight pixel de-
coder D to adeptly harness the multi-scale features from
the vision encoder. This decoder is tasked with learning
the transformation of these features, in conjunction with
the hidden embeddings from Cseg, into precise segmenta-
tion masks. Such a design obviates the need for extra costly
segmentation models like SAM [14], thus significantly im-
proving efficiency.

As depicted in the right panel of Fig. 2, D consists of
L attention blocks

�
Attn

`
 L

`=1
, each corresponding to dis-

tinct scales of image features and the codebook. For each
targeted mask generation, D sequentially produces a mask
score map m

` at each scale `, which then directs the model’s
attention to regions of higher relevance in the subsequent
scale ` � 1. This strategy works by guiding the model to
focus on areas with high confidence scores in m

`, thereby

Figure 3. The segmentation codebook example comprises two
scales with two tokens each. Each attention map results from the
interaction between one token and its corresponding image feature
in the decoder. The first two rows depict the token fusion mecha-
nism, while the final row demonstrates a failure case arising from
the utilization of only one token.
facilitating more accurate mask generation.

f
`
0

img
=

⇢
f
L

img
` = L

f
`

img
� (�(m`+1) + 1) ` < L

m
` = Attn

`(h`
, f

`
0

img
).

(1)

where f `
0

img
is the modulated feature at scale `, � is sigmoid

function and � is element-wise multiplication. Finally, we
learn the weighting factors � = [�`]L

`=1 to combine mask
maps at all scales to get the final segmentation result: M̂ =P

L

`=1 �
`
m

` where |�| = 1. The detailed structure of the
decoder is provided in Supp. A.

3.2. Traning Objectives
Target refinement loss As the number of targets increases,
the likelihood of the model encountering confusion and pro-
ducing overlapping masks intensifies. To mitigate this issue,
we introduce a target refinement loss. This simple yet effec-
tive strategy focuses on unclear pixels where multiple tar-
gets are predicted together. This helps the model in clearly
identifying and learning different targets.

Denote the mask predictions as
n
M̂k 2 RH⇥W

oK

k=1
where K is the total number of targets, H and W are the
shape of mask. M̂ki 2 R represents the binary value of
each pixel. Then we define a map A to assign increased
weights to regions predicting multiple targets:

Ai =

⇢
↵,

P
k
M̂ki � 2

1,
P

k
M̂ki < 2

where ↵ is a hyper-parameter. The weighted loss is com-
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Figure 4. The left panel illustrates the prompt employed in our GPT-4V data generation pipeline. The right panel showcases an example of
the generated data.

puted against the ground-truth Mk for each mask as follows:

Lref =
1

KHW

X
k

X
i

AiLBCE(M̂ki ,Mki)

where LBCE is per-pixel binary cross-entropy loss.
Overall loss The model is trained end-to-end using an auto-
regressive cross-entropy loss Ltxt for text generation (note
the tokens from the segmentation codebook are also in-
cluded in the loss calculation), a DICE loss Ldice and a tar-
get refinement loss Lref for mask generation. The overall
objective L constitutes the weighted sum of these losses,
calibrated by �ref and �dice:

L = Ltxt + �refLref + �diceLdice

4. Multi-target Reasoning Segmentation
Our objective is to develop a LLM capable of handling tasks
involving an arbitrary number of open-set targets and di-
verse reasoning complexities. A primary challenge is the
absence of a suitable dataset for model training. We review
existing public datasets and identify critical limitations: 1)
Inadequate detail and object representation in segmentation
masks; 2) A lack of question-answer pairs featuring com-
plex reasoning and a varied number of objectives.

To address these issues, we introduce a structured anno-
tation pipeline for constructing the multi-target reasoning
segmentation (MUSE) data. Examples of MUSE are shown
in Fig. 1. MUSE stands out with its open-set concepts, de-
tailed object descriptions, complex multi-target question-
answer pairs, and instance-level mask annotations. In the
next, we elaborate on the construction of MUSE.

4.1. MUSE Dataset
Two public datasets, RefCOCO series [12] and ReasonSeg
dataset [14], are pertinent to our goal. RefCOCO guides

segmentation with explicit target object names, e.g. “or-
ange”, lacking more complicated instructions, e.g. “the
fruit high in Vitamin-C”. Besides, they also fall short in
offering multi-target question-answer pairs with target de-
scriptions directly connected to segmentation masks, which
however is a common requirement in real-world scenarios,
like “How to make fruit salad?”

To this end, a total of 910k high-quality instance segmen-
tation masks are selected from the LVIS dataset, along with
detailed textual descriptions based on image content. Uti-
lizing these instances, we construct 246k question-answer
pairs, averaging 3.7 targets per answer. This dataset is then
divided into three splits: train, val, and test, containing
239k, 2.8k, and 4.3k question-answer pairs, respectively.
The test split comprises two parts: the number of targets
involved in the question are less or more than three. Please
see Supp. C.2 for more analysis of MUSE.

4.2. Dataset Generation Pipeline
We first try to use GPT-4 to construct our dataset: using
LLAVA [17] for image captioning and then GPT-4 for gen-
erating questions about multiple image regions. We utilize
images with pre-existing mask annotations to reduce anno-
tation costs. The image caption, manually selected object
names, and bounding box coordinates from the image are
input into GPT-4 to facilitate answer selection and question
formulation. However, due to the inability to directly per-
ceive image content, the content of question-answer pairs
generated by this method is often confined to the caption’s
description, significantly limiting the diversity of the data.

To address these limitations, the pipeline is refined in
two key ways. First, we convert to the more advanced GPT-
4V which shows strong capabilities in understanding visual
contents [25]. This model has been instrumental in generat-
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ing more nuanced and naturalistic questions. Additionally,
we implement a more dynamic approach for answer gener-
ation. Specifically, we feed all the instance category names
and corresponding bounding box coordinates in the image
to GPT-4V. Using carefully crafted prompts, GPT-4V au-
tonomously selects instances to construct question-answer
pairs relevant to the image content. An example of such a
prompt is illustrated in Fig. 4. More details of data filtering
and the data generation pipeline are provided in Supp. C.

4.3. Evaluation
To evaluate our task, we focus on three main aspects: i)
the generation of natural text descriptions aligned with cor-
responding object masks, ii) the accuracy of the match be-
tween object masks and text descriptions, and iii) the quality
of the masks. Since we focus on the mask quality of each
target, we do not evaluate image-level captioning.

The evaluation process for each question involves four
steps: First, we match the predicted masks with ground-
truth masks based on mask IoU scores using bipartite
matching, similar to DETR [4]. Any unassigned predic-
tions or ground-truths are assigned an empty mask. Sec-
ond, we replace the position of the mask in the generated
text with the corresponding ground-truth object descrip-
tion. For example, as shown in Fig. 2, the text might read:
“Sit in the kayak (a red kayak parked on the

beach), propel it forward using the paddle (a

double-bladed paddle on the kayak)”. The content
in brackets is a ground-truth description. Third, this mod-
ified text prompts GPT-3.5 to score each prediction from 1
to 10, with higher scores indicating better quality, and unas-
signed predictions receiving a score of 0. Fourth, the final
score for each prediction is the product of the GPT and IoU
scores, from which we calculate the gIoU and cIoU metrics.
For more evaluation details, please refer to Supp. A.

5. Experiment
In this section, we first present the implementation de-

tails and then show the comparison results on benchmarks.
Finally, we ablate on the key components in PixelLM.

5.1. Implementation Details
We use pre-trained multimodal model from LlaVA-7B and
LlaVA-llama2-13B, with LoRA adopted for efficient fine-
tuning. The vision encoder uses a fixed CLIP-ViT-L/14-
336 model, modified with linearly interpolated position em-
beddings for processing 448x resolution images. The train-
able parts of our model include the pixel decoder D, LoRA
parameters, segmentation codebook Cseg, the vision-to-
language and vision-to-decoder projection layers pV!T and
pV!D. To facilitate task evaluation, we convert refCOCO
series datasets into multi-referring segmentation datasets
(detailed in Supp. C.3). Training involves random sampling

from multi-referring segmentation datasets (ADE20K [40],
COCO-Stuff [3], LVIS-PACO [28], refCOCO series [12],
⇠200k images in total), VQA data (LLAVA-150k), and
MUSE. The training steps follow LISA [14], requiring ap-
proximately 1.5/2 days on 8 A100 GPUs for the 7B/13B
model.

5.2. Benchmarks and Baselines
Benchmarks We evaluate PixelLM on three benchmarks
with a varied number of targets: MUSE, multi-referring
segmentation and the conventional referring segmentation
(refCOCO series). The former two involve multiple tar-
gets and the last one focuses on a single object. Through
this evaluation, we validate the versatility of PixelLM in di-
verse mask generation tasks. For the MUSE benchmark, we
use the GPT-based evaluation metric as detailed in Sec. 4.3.
In multi-referring segmentation, we formulate multi-target
queries from the refCOCO dataset’s annotations, asking
models to segment 3 to 6 objects per image. These queries
are structured as “Please segment the <objects>”,
with <objects> being comma-separated object descriptors.
The responses involve generating masks corresponding to
the listed objects’ sequence. For refCOCO series, we follow
previous methods to calculate the gIoU and cIoU scores.
Baselines To our best knowledge, PixelLM is the first to
handle complex pixel reasoning tasks involving multiple
targets. To demonstrate the effectiveness of PixelLM, we
establish four strong baselines for comparative analysis on
the aforementioned benchmarks. Three baselines evolve
from LISA [14], which is the most relevant work with Pix-
elLM, and one additional non-LLM based model.
• LISA [14]: The original model, designed for single-target

segmentation, employs SAM for mask generation.
• LISArec: To address the limits of LISA, this variant em-

ploys a two-step approach: first identify target objects
in text form and then ask LISA to segment them one
by one. Specifically, LLAVA-13B extracts noun phrase
responses from multi-target queries using the prompt:
“<question>, Please only use noun phrases in

answer”, which are then input to LISA for segmentation.
• LISAaug: An augmented version of LISA, adapted to gen-

erate masks for multiple targets and additionally trained
with the MUSE dataset.

• SEEM [43]: A state-of-the-art image segmentation
model, SEEM is limited to producing segmentation
masks only. Hence, its evaluation is confined to mask
quality assessment across each benchmark.

5.3. Results on MUSE
Tab. 1 compares PixelLM with competing methods on the
multi-target reasoning segmentation task. For SEEM and
the original LISA, since they can only generate a single
segmentation mask given query text, we report the IoU be-
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Method w/o
SAM TFLOPs

Val Test
overall few targets many targets overall

gIoU cIoU gIoU cIoU gIoU cIoU gIoU cIoU

SEEM [43] ! 0.43 13.6 16.2 23.6 24.9 8.5 13.2 11.7 15.7

LISA-7B [14] % 7.16 18.8 29.0 24.7 36.5 9.6 24.5 12.8 27.1
LISA-7Brec % 7.16 24.5 31.1 30.0 30.9 12.4 23.2 16.2 24.8
LISA-7Baug % 7.16 42.0 46.1 43.5 52.0 37.7 42.3 38.9 44.4
PixelLM-7B† ! 3.57 39.9 48.0 43.1 56.7 36.0 38.2 37.5 42.2
PixelLM-7B ! 3.57 42.6 50.7 44.6 59.2 37.7 42.8 39.2 46.3
LISA-Llama2-13B [14] % 10.24 20.4 29.2 27.5 38.5 10.9 25.6 14.4 28.4
LISA-Llama2-13Baug % 10.24 43.6 50.2 44.7 60.0 41.2 47.9 41.9 50.5
PixelLM-Llama2-13B† ! 6.65 43.0 51.7 44.8 61.6 39.3 44.6 40.5 48.2
PixelLM-Llama2-13B ! 6.65 44.8 54.1 45.2 62.9 41.5 47.6 42.3 51.0

Table 1. Comparison on MUSE benchmark. † denotes PixelLM w/o using the token fusion mechanism and target refinement loss.

Method w/o
SAM

MrefCOCO MrefCOCO+ MrefCOCOg
val testA testB val testA testB val(U) test(U)

LISA [14] % 36.7 38.3 36.4 34.0 36.3 32.1 34.5 36.2
LISAaug % 68.9 70.8 66.3 59.8 62.2 54.1 62.3 63.9
PixelLM† ! 70.3 74.2 66.2 64.4 69.6 57.0 64.0 67.0
PixelLM ! 72.7 76.2 68.1 65.7 71.3 57.7 65.8 67.7

Table 2. Results on the multi-referring segmentation bench-
mark. The meaning of † is the same as Tab. 1.

Method w/o
SAM

refCOCO refCOCO+ refCOCOg
val testA testB val testA testB val(U) test(U)

MCN [22] ! 62.4 64.2 59.7 50.6 55.0 44.7 49.2 49.4
VLT [9] ! 67.5 70.5 65.2 56.3 61.0 50.1 55.0 57.7
CRIS [33] ! 70.5 73.2 66.1 62.3 68.1 53.7 59.9 60.4
LAVT [34] ! 72.7 75.8 68.8 62.1 68.4 55.1 61.2 62.1
ReLA [16] ! 73.8 76.5 70.2 66.0 71.0 57.7 65.0 66.0
X-Decoder [42] ! - - - - - - 64.6 -
SEEM [43] ! - - - - - - 65.7 -

LISA [14] % 74.1 76.5 71.1 62.4 67.4 56.5 66.4 68.5
LISAaug % 74.0 76.3 70.4 62.5 66.3 56.0 67.0 69.1
PixelLM ! 73.0 76.5 68.2 66.3 71.7 58.3 69.3 70.5

Table 3. Results on the referring segmentation benchmark.

tween prediction and the ground truth which merges all tar-
get masks. Although the text description for the target is
ignored, thus leading to a simpler setting when compared
with ours, we can observe their performance is still inferior,
which demonstrates the challenges of this task. Although
LISArec improves upon LISA by simplifying the generation
task by first generating the target for multi-target queries,
it still largely lags behind our models. This highlights the
importance of end-to-end training on the task. By train-
ing on MUSE, the performance of the augmented LISA
LISAaug further improves on the dataset, which validates
the benefits of our dataset in training an LMM with strong
pixel reasoning capabilities.

PixelLM stands out in both efficiency and performance.
Under the fair setting involving equivalent training data and
LMM sizes, PixelLM-7B and PixelLM-Llama2-13B con-
sistently outperform their counterparts (LISAaug and LISA-
Llama2-13Baug, respectively) across almost all evaluated
metrics. Notably, PixelLM eschews additional segmenta-

tion modules, thereby conferring substantial efficiency ad-
vantages. In terms of computational efficiency, PixelLM
achieves a remarkable reduction in TFlops by 50% and 35%
for the 7B and 13B model sizes, respectively, compared
to LISA. Interestingly, while PixelLM benefits from model
scaling up: PixelLM-Llama2-13B boosts upon the PixelLM
with a 7B LMM, it still maintains smaller TFlops (6.65 vs.
7.16) than LISAaug which includes an extra SAM model.
Furthermore, we conduct an ablation study to ascertain the
impact of the proposed token fusion mechanism and target
refinement loss. PixelLM, devoid of these two components,
is denoted as PixelLM†. The results clearly demonstrate
that the complete PixelLM configuration significantly out-
performs PixelLM†, thereby affirming the contribution of
these components to the model’s efficacy. This trend is con-
sistent in the 13B model variant as well. Detailed ablation
analyses of each component are presented in Sec. 5.5.

5.4. Results on Referring Segmentation
Tab. 2 presents the results on the multi-target referring seg-
mentation dataset, wherein PixelLM demonstrates superior
performance across all data splits, significantly outperform-
ing LISA and its enhanced variant, LISAaug. Notably, Pix-
elLM exhibits enhanced efficiency compared to the LISA
models, as evidenced by its lower TFlops (as detailed in
Tab. 1). The superiority of the token fusion and target re-
finement loss components within PixelLM is further cor-
roborated through the comparison with PixelLM†.

We also compare results on the conventional single-
target refCOCO series dataset. Despite the dataset’s focus
on single target segmentation, PixelLM attains commend-
able performance. As shown in Tab. 3, PixelLM achieves
the highest scores on most metrics, particularly excelling in
the more challenging refCOCO+/refCOCOg datasets.

5.5. Ablation Study
Number of scales. Tab. 4a shows the effects of increasing
the number scales in PixelLM by adding more feature layers
and corresponding codebook tokens to the decoder. We ob-
serve notable gains by adding just one extra scale (the 2nd
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Architecture MUSE Val refCOCOg
gIoU cIoU val(U) test(U)

baseline 40.1 47.2 64.3 65.6
+ 2 scale feature-fusion 42.6 50.7 69.3 70.5
+ 3 scale feature-fusion 42.3 51.4 69.8 70.4
+ w/ CLIP-H 47.8 55.2 72.6 73.0

(a) Different number of scales and larger vision encoder.

Token number N
per-group

MUSE Val refCOCOg
gIoU cIoU val(U) test(U)

1 40.7 48.6 68.0 68.3
2 42.0 49.5 69.0 69.9
3 42.6 50.7 69.3 70.5
4 43.0 50.3 69.1 70.6

(b) Different token number in each group.

Token
fusion

Target
refinement loss

MUSE Val refCOCOg
gIoU cIoU val(U) test(U)
39.9 48.0 68.0 68.3

! 41.5 50.1 69.3 70.5
! 40.7 48.6 68.0 68.3

! ! 42.6 50.7 69.3 70.5
(c) Token fusion mechanism and target refinement loss.

Data
generator

Data
amount

MUSE Val
gIoU cIoU

GPT-4 30k 30.0 35.7

GPT-4V
30k 35.6 40.0
100k 38.9 45.7
200k 42.6 50.7

(d) Different data generators and number of question-answer pairs.

Table 4. Ablations. We conduct all experiments based on our 7B model.

Figure 5. Comparison between PixelLM and PixelLM† (w/o
token fusion mechanism and target refinement loss.)

row). The gain diminishes with more scales. Using a larger
laion-CLIP-H can further improves performance.
Token fusion mechanism In this ablation, the number of
tokens in a group is 3. Table 4c shows that applying token
fusion achieves up to a 2.4% and 2.2% increase in cIoU on
MUSE val and refCOCOg, respectively. This demonstrates
its benefits for both multi-target and single-target tasks.
Token number in each scale Tab. 4b explores how chang-
ing the number of tokens per group (denoted as N in Sec-
tion 3.1) affects performance. N = 1 corresponds to no
token fusion. Increasing N to two and three consistently
boosts performance, yielding increases of 0.9% to 2.1% in
cIoU and 1.3% to 2.1% in gIoU. However, further increases

yield only slight improvements in metrics.
Target refinement loss As Table 4c shows, target refine-
ment loss results in a 0.8% improvement in gIoU and 0.6%
in cIoU on MUSE val. This loss, designed for scenarios
with multiple targets, does not affect performance in ref-
COCOg. Combining the loss with token fusion can lead to
up to a 2.7% improvement in cIoU on MUSE. Fig. 5 com-
pares the use (third column) and non-use (second column)
of these two designs, wherein the former shows higher mask
quality and better target completeness than the former.
MUSE enhances pixel reasoning. To further verify this,
We test LISA both with and without MUSE training on
ReasonSeg, a single-object reasoning dataset proposed by
LISA. Training with MUSE markedly improves LISA’s
performance on ReasonSeg val (gIoU: 52.9 !58.0, cIoU:
54.0!59.1), underscoring MUSE’s effectiveness in en-
hancing pixel reasoning.
GPT-4V vs. GPT-4 To showcase GPT-4V’s advantage over
GPT-4 in data generation, we create 30,000 extra multi-
target question-answer pairs for a balanced comparison. As
one can see from Tab. 4d, GPT-4V-generated data shows
superior performance in the MUSE benchmark, with up
to 7.0% gIoU and 8.6% cIoU gains using the same data
amount. Additionally, increasing MUSE training data vol-
ume leads to consistent performance improvements, indi-
cating that enhancing the MUSE dataset allows PixelLM to
gradually improve its general pixel-level understanding.

6. Conclusion
In this study, we introduce PixelLM, an effective and effi-
cient LMM for pixel-level image reasoning and understand-
ing. Benefiting from novel designs, PixelLM is adept at pro-
ducing high-quality masks for a variety of tasks. Moreover,
we construct a comprehensive multi-target reasoning seg-
mentation benchmark to bolster this research area. Through
extensive experiments, PixelLM achieves promising results
across various benchmarks. Future endeavors will focus on
the expansion and enhancement of PixelLM’s capabilities.
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