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Abstract

Large language models (LLMs) have recently shown no-
table progress in unifying various visual tasks with an open-
ended form. However, when transferred to human-centric
tasks, despite their remarkable multi-modal understanding
ability in general domains, they lack further human-related
domain knowledge and show unsatisfactory performance.
Meanwhile, current human-centric unified models are mostly
restricted to a pre-defined form and lack open-ended task ca-
pability. Therefore, it is necessary to propose a large multi-
modal model which utilizes LLMs to unify various human-
centric tasks. We forge ahead along this path from the as-
pects of dataset and model. Specifically, we first construct
a large-scale language-image instruction-following dataset
named HumanIns based on existing 20 open datasets from
6 diverse downstream tasks, which provides sufficient and di-
verse data to implement multi-modal training. Then, a model
named L-Man including a query adapter is designed to extract
the multi-grained semantics of image and align the cross-
modal information between image and text. In practice, we
introduce a two-stage training strategy, where the first stage
extracts generic text-relevant visual information, and the sec-
ond stage maps the visual features to the embedding space of
the LLM. By tuning on HumanIns, our model shows signif-
icant superiority on human-centric tasks compared with ex-
isting large multi-modal models, and also achieves better re-
sults on downstream datasets compared with respective task-
specific models.

Introduction
Large language models (Touvron et al. 2023a,b; Brown
et al. 2020; Raffel et al. 2020; Chowdhery et al. 2022;
Ouyang et al. 2022) have shown remarkable performance
as a general-purpose assistant in an unrestricted form. Moti-
vated by their impressive generic potential across a range
of applications, in the field of computer vision, some re-
searchers (Liu et al. 2023b; Bai et al. 2023; Dai et al.
2023) have extended the ability of LLMs into vision-centric
tasks by bridging the gap between visual and textual fea-
tures. However, when turning into human-centric tasks,
these general methods often suffer from limited domain-
specific knowledge and lack sensitivity to human-related
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Figure 1: L-Man unifies various human-centric tasks in an
instruction-following form and achieves SoTA performance
on several datasets compared with InstructBLIP (Dai et al.
2023), Qwen-VL-Chat (Bai et al. 2023) and LLaVA1.5 (Liu
et al. 2023a).

fine-grained characteristics, which results in unsatisfactory
performance. Meanwhile, due to that there are obvious cor-
relations among different human-centric tasks, some re-
searchers (Ci et al. 2023; Zuo et al. 2024a; Tang et al. 2023)
are dedicated to develop an unified visual model that can
benefit diverse human-centric tasks. However, while these
unified models have achieved generalist capability to a cer-
tain extent, they are mostly restricted to a pre-defined form
and lack open-ended task capability.

Therefore, this paper explores to propose a large multi-
modal model which utilizes LLMs to unify various human-
centric tasks and is not restricted to a pre-defined form, as
shown in Figure 1. While this exploration is theoretically
feasible, it is unavoidable to face two obstacles. First, al-
though there are many human-related datasets, the annota-
tions follow a pre-defined form, and there is currently no
comprehensive language-image dataset that spans diverse
human-centric tasks and provides ample multi-modal data
for tuning. Second, most existing general large multi-modal
models are trained by the objective of unified global con-
sistencies and lack the perception of fine-grained details.
However, in human-centric domain, multi-grained features
are critical to achieving better performance.

To address these issues, we first build a large-scale
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(a) Diversity of Scenes

(b) Diversity of Tasks
Day Night Outdoor Indoor Blur Clear

PedesDet ActionReg Attribute Pose FaceDet Expression

(c) Diversity of Instructions
• Please analyze this pedestrian image comprehensively, paying 

special attention to the finer details and multi-scale 

information …

• This is a human posture estimation task. This task requires 

locating the key points of human body. 

• This is a person detection task. Identify the visible persons in 

the image and draw a bounding box around each one,

…

Figure 2: Overview of our HumanIns. It includes diversified scenes, tasks and instructions.

language-image instruction-following dataset, named Hu-
manIns, based on existing human-related datasets. It pro-
vides sufficient and diverse data to implement multi-modal
training. As shown in Figure 2, HumanIns has the follow-
ing diversities. (1) Diversity of scenes. The images have a
spanning scene distribution, ranging from day to night, from
outdoors to indoors and from low resolution to high resolu-
tion. (2) Diversity of tasks. HumanIns covers diverse human-
centric tasks for multi-modal tuning. (3) Diversity of instruc-
tions. HumanIns contains diverse and unrestrictive instruc-
tions. The rich and diversified data in HumanIns is indis-
pensable for unifying human-centric tasks.

Meanwhile, we design a Large Multi-modal model for
unifying human-centric tasks (L-Man). Specifically, our L-
Man has the following characteristics. (1) Supporting multi-
resolution image input. Downstream tasks have diverse im-
age resolution requirements for optimal performance. Gen-
eral multi-modal methods lack a multi-resolution design,
prompting our proposal for training with multi-resolution
image input. (2) Perceiving multi-grained information.
Human-centric tasks vary in granularity preferences. In con-
trast to many existing large multi-modal models (Liu et al.
2023b; Dai et al. 2023; Bai et al. 2023) with unified global
consistencies, our framework is able to learn human-related
features across diverse granularities. (3) Two-stage train-
ing strategy. The first stage pre-trains the query adapter to
extracts text-relevant information from visual features at a
generic representation level. The second stage combines var-
ious human-centric tasks in an instruction-following format,
by utilizing the pre-trained query adapter to map visual to-
kens to the embedding space of the large language model.

Our L-Man trained on HumanIns shows significant su-
periority compared to some existing general models (Dai
et al. 2023; Bai et al. 2023; Liu et al. 2023a) on a range
of human-centric tasks, as shown in Figure 1. Also, it
achieves even better performance compared with some
strong task-specific baselines . In summary, our contribu-
tions are two folds: (1) we build HumanIns, a large-scale
language-image instruction-following dataset covering di-
verse human-centric tasks. (2) We propose L-Man, a large
multi-modal model for unifying human-centric tasks.

HumanIns Dataset
We build the HumanIns dataset to train our L-Man. In this
section, we show the details of how to construct the dataset
and its characteristic properties.

Instruction: “See the picture of <image>. 
Would you mind letting me know what 
this person is currently occupied with?”

Answer: “This person is applying 
makeup, specifically eye makeup.”

Instruction: “Please describe this person.”
Answer: “A teenage girl with shoulder-length black 
hair tied a ponytail. She is wearing a black hooded 
jacket. And wearing black fitted pants along with 
black Ugg boots. She has also strapped a red, white 
and black tricolored backpack on the shoulders.”
Instruction : “How old does this person look like?”
Answer: “The approximate age of this person is 
teenage, specifically between 13-18 years old.”

Instruction: “See the picture of <image>. 
This is a face detection task. You should 
identify the faces in the image and draw a 
bounding box around each one. The 
original resolution of this image has a 
width and a height of 1024 and 658.” 
Answer: “There are 2 faces in the picture. They are located in: [292, 
184, 319, 234], [470, 157, 489, 195].”

Figure 3: Some specific examples in HumanIns. From top to
bottom are examples of face detection, action recognition,
and pedestrian attribute recognition, respectively.

Dataset Construction
Image Collection and Process. In general, nonverbal com-
munication in daily life includes action, visual appearance,
and posture information. Following this common sense, we
select action recognition (Yao et al. 2011; Soomro, Zamir,
and Shah 2012) as the action task, pedestrian detection (Xiao
et al. 2017; Zheng et al. 2017; Lin et al. 2014; Zhang, Be-
nenson, and Schiele 2017; Dollar et al. 2011), pedestrian at-
tribute recognition (Zheng et al. 2015; Ristani et al. 2016;
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Liu et al. 2017; Li et al. 2017; Ding et al. 2021; Zuo et al.
2024c), face detection (Jain and Learned-Miller 2010; Yang
et al. 2016), expression recognition (Li, Deng, and Du 2017;
Zhang et al. 2018) as the visual appearance task, and human
pose estimation (Wu et al. 2017; Andriluka et al. 2014) as the
posture task in our HumanIns. Following the standard proto-
cols, 20 datasets containing 908,587 images are collected as
the samples in our dataset. The specific details are shown in
the supplement. Worth noting, some samples (Soomro, Za-
mir, and Shah 2012) for the action recognition task are in
video format, which contain large information redundancy
between consecutive frames. In this case, we conduct frame
sampling and classify all sampled frames in the same video
as the same type.
Instruction-Answer Generation. We generate diverse
instruction-answer pairs for different human-centric tasks in
HumanIns. For the instructions of each task, we first manu-
ally design some task-related descriptions as a seed, then we
enrich the descriptions by iteratively asking the LLM (Tou-
vron et al. 2023b) to response with the following prompt:
“Please generate 5 sentences that have the same meaning as
the following: [task description]”. We will manually refine
the generated responses to guarantee the correctness. For the
answers, the datasets for different tasks can be classified to
vision-only dataset and vision-language dataset. The former
refers to datasets where there are no texts in the original an-
notations, while the latter has texts. For vision-only datasets
of each task, we specify the desired answer format via man-
ual rules. Taking face detection as an example, the original
annotations only contain coordinates and a representative
answer format via manual rules is shown in the top sample
of Figure 3. Also, an example of the action recognition task
is shown in the middle. For vision-language datasets includ-
ing CUHK-PEDES (Li et al. 2017) and ICFG-PEDES (Ding
et al. 2021) in pedestrian attribute recognition task, there are
captions for describing the pedestrian’s overall appearance
of each image. To enrich the diversity, we ask the LLM (Tou-
vron et al. 2023b) to response with the following instruc-
tion: ”This is an overall appearance of a pedestrian: <cap-
tion>. Please answer the following question according to it
strictly: <question>.” By designing different targeted ques-
tions, such as ”How old does this person look like”, we ob-
tain more instruction-answer pairs for this task. Some ex-
amples are shown in the bottom of Figure 3. The complete
details of task descriptions and output formats for each task
are shown in the supplement.

Dataset Properties
The statistics of HumanIns are detailed in Table 1. Com-
pared with existing human-related datasets (Tang et al. 2023;
Ci et al. 2023; Zuo et al. 2024a,b), the properties of Hu-
manIns are summarized as follows:
Diversified. Our dataset contains a wide range of varia-
tions in the scenes, tasks and instructions. Unlike the pre-
vious datasets with restricted pre-defined form, our dataset
exhibits significant advantages in diversities due to the con-
tained language-image instruction-following data.
High-quality. Our dataset is collected from a series of man-
ually annotated datasets, ensuring a high level of quality in

Tasks datasets Images Instructions
Action Recognition 4 69,672 139,344
Pedestrian Detection 5 78,650 157,300
Pedestrian Attribute 5 254,364 1,295,601

Expression Recognition 2 102,644 102,644
Face Detection 2 13,548 27,096
Pose Estimation 2 389,709 779,418

Total 20 908,587 2,501,403

Table 1: Statistics of HumanIns.

the annotations. Researchers can use this dataset with confi-
dence to conduct relevant studies.
Large-scale. Our dataset contains 908,587 images and
2,501,403 image-instruction pairs of 6 human-centric tasks
totally, which is the largest dataset with instruction-answer
pairs in the domain of unifying human-centric tasks by far.

L-Man
The proposed L-Man is an unified vision-language model
for human-centric tasks. Given an image-instruction input
pair, a pre-trained vision encocder CLIP-ViT-L14 (Radford
et al. 2021) is first adopted to encode the input image, and
the large language model Vicuna 7B (Zheng et al. 2023) is
then utilized to decode the corresponding instruction. Mean-
while, a module of query adapter is introduced to fuse the
embeddings of image and text. It should be noted that the
embeddings of image are extracted from multiple interme-
diate layers. In addition, we employ a two-stage training
strategy to improve the efficiency and performance. Also,
we adopt a task sampling strategy to support the inputs of
multi-resolution and multi-batchsize for different tasks.

Overall Model Architecture
Figure 4 illuminates the overall architecture of the proposed
L-Man. For an input image, we first feed it to the pre-trained
vision encoder (Radford et al. 2021) and extract hierarchical
visual features from multiple intermediate layers. Then, we
tokenize the corresponding input instruction to obtain the in-
struction tokens. The hierarchical visual features, instruction
tokens and learnable query tokens will be sent to the query
adapter to capture the multi-grained information of images.
Finally, a sequence of visual tokens are output by the query
adapter, which will be sent to the LLM (Zheng et al. 2023)
in conjunction with the paired instruction to output the final
decoded response.

Mechanism of The Query Adapter
Multi-grained Visual Features Extraction. Different tasks
have significant variations in their granularity requirements
for visual features. Extracting features solely from the last
transformer layer of the vision encoder, with a single gran-
ularity, often struggles to meet the requirements of diverse
tasks. Therefore, we adopt a multi-grained visual features
extraction strategy. We begin by partitioning the input image
into fixed-size grids, and then send each grid through an em-
bedding layer to obtain visual input embeddings V0. Then,
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Figure 4: Overview of L-Man architecture. L-Man is consisted of a vision encoder, a query adapter and an LLM. We adopt a
two-stage training strategy, while the first stage pre-trains the query adapter to extracts text-relevant information from visual
features at a generic representation level, the second stage maps the visual tokens to the embedding space of the LLM.

for a vision encoder with 2m layers Ev = {l1v, l2v, . . . , l2mv },
we obtain each layer’s outputs by the following:

Vj = ljv(Vj−1), (1)

where j ∈ {1, 2, . . . , 2m}, and the outputs at every alternate
layer will be sent to the query adapter as the key and value
of each according cross attention layer.
Instruction-aware Adaptation. The query adapter is con-
sisted of several transformer layers, denoted as Eq =
{l1q , l2q , . . . , lmq }, where the number of layers in it is half the
number of layers in vision encoder. To obtain the most dis-
criminative features based on different instructions, we de-
sign learnable query tokens to guide the adapter attending
to instruction-relevant information. Meanwhile, the instruc-
tion is tokenized to fixed-length instruction tokens. Then,
we concatenate the query tokens and instruction tokens to
form the adapter input tokens X0. Each layer lkq of the query
adapter is consisted of a self attention layer SAk, a cross
attention layer CAk and a forward layer FFNk. We obtain
each layer’s outputs by the following:

Xk = FFNk(CAk(SAk(Xk−1),V2k,V2k)), (2)

where k ∈ {1, 2, . . . ,m}, and V2k is the output of the 2k-th
layer in the vision encoder and serves as the key and value
in the cross attention layer CAk. The last layer output of the
query tokens will be served as the visual tokens, which has
the same length as the query tokens and will be sent to the
LLM with the paired instruction.

Two-Stage Training Strategy
In order to better bridge the modality gap and improve train-
ing efficiency, we employ a two-stage training strategy: (1)

multi-modal representation learning stage and (2) language-
image instruction tuning stage. The first stage involves train-
ing on a general image-text dataset (Lin et al. 2014) to ini-
tially equip the query adapter with the capability to extract
highly text-relevant information from visual features. The
second stage, on the other hand, involves fine-tuning on the
HumanIns dataset to enable the entire model to follow in-
structions while also being able to perform various human-
centric tasks. Detailed elaboration is as follows.
Multi-modal Representation Learning. In this stage, we
only train the query adapter and connect it to a frozen vi-
sion encoder and utilize a frozen text encoder to perform
pre-training using image-text pairs in (Lin et al. 2014). Our
goal is to train the query adapter such that the query tokens
learn to extract visual features that is most informative of the
text. Inspired by (Dai et al. 2023), we jointly optimize two
objectives.

The first is language-image contrastive learning, denoted
as Llic. For an image-text pair, the image is firstly fed into
the vision encoder and query adapter to obtain the visual to-
kens. Then, the visual tokens are pooled to get the visual
global embedding Vg . The paired text is fed into the text
encoder to obtain the textual global embedding Tg . Then,
given a batch of N image-text pairs, for each visual global
embedding Vi

g , we construct a set of visual-textual embed-
ding pairs as {(Vi

g,T
j
g), yi,j}Nj=1, where yi,j = 1 means

that the pair is matched and yi,j = 0 indicates the unmatched
pair. Let sim(x, z) = x⊤z/∥x∥∥z∥ denotes the similarity
of x and z. Then, the similarity of each pair is calculated by:

pi,j =
exp

(
sim

(
Vi

g,T
j
g

))∑N
k=1 exp

(
sim

(
Vi

g,T
k
g

)) . (3)
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Then, the contrastive loss from vision to language in a
batch can be computed by:

Lv2l = − 1

N

N∑
i=1

yi,j=1∑
j

log (pi,j) , (4)

Similarly, the contrastive loss from language to vision
Ll2v can be be computed by exchanging Vg and Tg in above
equations. Finally, this task can be optimized by:

Llic = Lv2l + Ll2v. (5)

The second is vision-grounded masked language model-
ing, denoted as Lvmlm. The task requires utilizing original
unmasked images to predict the masked words in textual
descriptions. By exploiting the visual representations, it en-
hances the perception of context and strengthens the interac-
tion between vision and language modality. For a pair of an
image and a masked textual description with masked words
wm = {wm1

, . . . ,wmM
} (M is the number of masked

words), we feed them to respective encoders to extract the
visual global embedding Vg and textual hidden-state out-
puts ht. Then, we concatenate each masked location output
of ht and Vg as the preliminary multi-modal embeddings
{hmi

}Mi=1. For each multi-modal embedding representing
the masked word, we use a prediction head to realize the
corresponding probability prediction. It can be optimized by
minimizing the negative log-likelihood:

Lvmlm = − 1

MN

N∑ M∑
k=1

logP (wmk
|hmk

), (6)

where N denotes the number of samples within a batch and
P denotes the probability distribution mapping.

Denoted λ as a hyper-parameter, the overall training ob-
jective is the weighted sum of the above objectives:

L = Llic + λLvmlm. (7)

Language-Image Instruction Tuning. In this stage, we un-
freeze the whole weights of the vision encoder (Radford
et al. 2021), and continue to update the pre-trained weights
of the query adapter and partial LLM (Zheng et al. 2023).
Given a group of an image, an instruction and an answer,
we perform instruction-tuning of the LLM on the answer
tokens, using its original auto-regressive training objective.
Specifically, we first concatenate the visual tokens and in-
struction tokens as the multi-modal instruction tokens Zins.
Denoting the answer tokens as Za = {z1, z2, . . . , zL} with
length L, we compute the probability of generating the tar-
get answer by:

p(Za|Zins) =
L∏

i=1

pθ (zi | Zins,Za,<i) , (8)

where θ is the trainable parameters in L-Man. Through this
multi-modal instruction tuning , we can uniformly combine
various human-centric tasks in the form of open-format in-
structions and answers.

Experiments
Implementation Details
Training Setups. L-Man consists of a pre-trained vision en-
coder, i.e., CLIP-ViT-L/14 (Radford et al. 2021), a query
adapter initialized by CLIP-Xformer (Radford et al. 2021)
and an LLM Vicuna-7B (Zheng et al. 2023). The number of
layers in the query adapter is half of the number of layers
in the vision encoder. The number of query tokens is set to
128. More training details can be found in the supplement.
Evaluation. We have partitioned the training and testing sets
for HumanIns to avoid data leakage issues. In the experi-
ments, we investigate the general capability of L-Man on six
human-centric tasks. More evaluation details are elaborated
in the supplement.

Quantitative Results
Comparison With Other LMMs. We conduct a quan-
titative experiment to compare our model’s instruction-
following capability with other popular large multi-modal
models (LMMs) (Dai et al. 2023; Liu et al. 2023b,a; Bai
et al. 2023) in human-centric tasks. Due to the free form of
responses in existing LMMs, there are currently no effective
metrics to directly measure the performance of each model
in downstream tasks. Therefore, we randomly select 120 im-
ages from each dataset’s test split, and require each model
to predict the answers based on the input images and task-
relevant instructions. We utilize the ground truths to manu-
ally evaluate the quality of the answers. The details of cho-
sen images, instructions and manual evaluation method are
shown in the supplement. As the comparison results shown
in Table 2, our L-Man has achieved significantly leading per-
formance on all ten downstream human-centric datasets.
Comparison With Specialists. We also compare the per-
formance of L-Man with the specialists on some down-
stream tasks (Li, Deng, and Du 2017; Soomro, Zamir, and
Shah 2012; Yao et al. 2011; Liu et al. 2017). For expression
recognition, as the results shown in Table 3, compared with
some popular specialists, our model achieve competitive
performance on RAF-DB dataset even without further fine-
tuning. For action recognition, we compare the performance
on UCF101 (Soomro, Zamir, and Shah 2012) and Stan-
ford40 (Yao et al. 2011). As the results shown in Table 4,
compared with all other specialists, L-Man achieves state-
of-the-art performance on these two datasets even without
further fine-tuning. For pedestrian attribute recognition, we
compare the performance on PA100K (Liu et al. 2017).
We adopt label-based metric mean accuracy (mA) and four
instance-based metrics including accuracy, precision, racall
rate and F1 value for evaluation. As the results shown in
Table 5, L-Man achieves competitive performance on this
dataset even without further fine-tuning. All these results
demonstrate that L-Man shows remarkable capabilities in
unifying human-centric tasks.

Qualitative Examples
Meanwhile, we have also conducted some qualitative ex-
periments to intuitively evaluate the performance of our L-
Man. We select two popular LMMs (Liu et al. 2023a; Bai

11099



Method LLM Stanford40 UCF101 CityPersons COCO PA100K RAF-DB WiderFace AIC MPII
InstructBLIP Vicuna-7B 83.3 73.3 30.0 41.6 46.7 30.0 40.0 - -
InstructBLIP Vicuna-13B 87.5 73.3 33.3 46.7 43.3 34.2 46.7 - -

Qwen-VL Qwen-7B 95.8 80.0 44.2 60.0 50.0 43.3 57.5 - -
Qwen-VL-Chat Qwen-7B 95.8 87.5 48.3 64.2 54.2 46.7 63.3 - -

LLaVA Vicuna-7B 93.3 83.3 48.3 60.0 54.2 70.0 67.5 - -
LLaVA1.5 Vicuna-7B 95.8 90.0 54.2 70.0 57.5 67.5 73.3 - -
LLaVA1.5 Vicuna-13B 95.8 93.3 56.7 76.7 67.5 70.0 70.0 - -

L-Man Vicuna-7B 97.5 96.7 73.3 83.3 84.2 86.7 77.5 83.3 80.0

Table 2: Comparison between L-Man and other popular LMMs on human-centric datasets. We show the best score in bold.
For the human pose estimation task on AIC (Wu et al. 2017) and MPII (Andriluka et al. 2014), other LMMs are unable to
accomplish this task due to a lack of relevant knowledge, which is represented by “-” in the table.

Method RAF-DB
Anger Disgust Fear Happiness Neutral Sadness Surprise Average

ImNet (2021a) 78.00 54.00 57.00 96.00 88.00 85.00 85.00 77.57
MVT (2021) 78.40 63.75 60.81 95.61 89.12 87.45 87.54 80.38
VTFF (2021) 85.80 68.12 64.86 94.09 87.50 87.24 85.41 81.86
SCAN-CCI (2021b) 81.00 70.00 66.00 96.00 89.00 86.00 88.00 82.29
Transfer (2021) 88.89 79.37 68.92 95.95 90.15 88.70 89.06 85.86
L-Man 89.19 81.88 69.76 95.17 91.89 89.03 87.23 86.31

Table 3: Comparison between L-Man and some SoTA specialists on RAF-DB dataset. We show the best score in bold.

Method UCF101 Method Stanford40
SpeedNet (2020) 81.1 PoseG (2022) 89.5
VTHCL (2020) 82.1 LossG (2019) 91.1
MemDPC (2020a) 86.1 SCLAR (2022) 92.9
CoCLR (2020b) 87.9 SAAM (2020) 93.0
RSPNet (2021) 93.7 Relation (2020) 93.1
CVRL (2021) 94.4 PoseE (2022) 93.2
GDT (2020) 95.2 BodyS (2020) 93.8
VideoMAE V1 (2022) 96.1 MultiA (2021) 94.2
VideoMAE V2 (2023) 99.6 Interaction (2023) 94.8
L-Man 99.6 L-Man 94.9

Table 4: Comparison between L-Man and some state-of-the-
art specialists on action recognition datasets.

et al. 2023). Each model is required to respond according to
the input image and instruction. As the qualitative example
shown in the left part of Figure 5, L-Man is capable of better
perceiving fine-grained appearance features related to pedes-
trians and generating more accurate descriptions. In contrast,
other models tend to produce irrelevant descriptions, such as
detailing background information. Moreover, for the popular
two tasks, pedestrian detection and human pose estimation,
the qualitative examples of L-Man are presented in the right
part of Figure 5. It can be observed that our L-Man can ef-
fectively accomplish the responding different tasks based on
different instructions and provide accurate answers.

Ablation Study
Number of Query Tokens. In our method, query tokens
are utilized to map the extracted visual information into the
textual space of LLM. The number of query tokens signifi-
cantly affects not only the effectiveness of this multi-modal
mapping but also the training costs. Too few query tokens
cannot effectively extract rich visual information and results

Method PA-100K
mA Accu Prec Recall F1

LGNet (2018) 76.96 75.55 86.99 83.17 85.04
PGDM (2018) 74.95 73.08 84.36 82.24 85.04
ALM (2019) 80.68 77.08 84.24 88.84 86.46
PDNet (2020) 80.40 78.80 87.50 86.91 87.20
JLAC (2020) 82.31 79.47 87.45 87.77 87.61
DAFL (2022) 83.54 80.13 87.01 89.19 88.09
VTB (2022) 83.72 80.89 87.88 89.30 88.21
L-Man 82.26 79.98 88.26 89.74 88.71

Table 5: Comparison between L-Man and some popular spe-
cialists on PA100K dataset.

in poor performance, while too many query tokens can eas-
ily introduce unnecessary noises and increase training costs.
Therefore, we conduct ablation studies to explore the impact
of different numbers of query tokens on the model’s perfor-
mance. As the results shown in Figure 6, the model obtains
best performance on both RAF-DB (Li, Deng, and Du 2017)
and PA-100K (Liu et al. 2017) with a query token number
of 128, achieving 86.3% and 80.0% accuracy, respectively.
Therefore, this setup, which effectively balances the model
performance and training costs, is used as the default setting
in all experiments.
Effectiveness of Each Component. We train the models un-
der different settings and directly evaluate their performance
on the PA-100K dataset (Liu et al. 2017). The results are
reported in Table 6. Llic denotes the language-image con-
trastive learning objective utilized in the multi-modal repre-
sentation learning stage. Lvmlm is vision-grounded masked
language modeling objective utilized in the multi-modal rep-
resentation learning stage. mg denotes the multi-grained vi-
sual feature extraction module designed in the mechanism of
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A young man with short black faded hair is wearing a grey sweatshirt
jacket with a blue patch on the chest and collar. He is also wearing
fitting black denim jeans and white and blue running shoes with dark
soles. He is carrying a blue backpack on his shoulders.

Please compose a detailed paragraph describing this person’s 
appearance with meticulous observations.

LLaVA1.5

Qwen-VL

L-Man

The person in the image is a man wearing a blue and gray jacket,
walking down the street. He is wearing black pants and has a backpack
on his back. The man is also wearing a hat, which is likely to be a
beanie. He appears to be walking in front of a bicycle rack, possibly
indicating that he is a cyclist or has just finished a bike ride. The man's
outfit suggests that he is dressed for a casual, active day outdoors.

The person in the image is wearing a grey and blue jacket with a hood.
They are also dressed in black pants and white and grey sneakers.
Their face is blurred out, and they have a nose ring. The individual is
walking in front of a bicycle rack filled with bicycles. There are at least
five bicycles visible in the rack, and they appear to be parked in a row.
The person is walking past the bicycle rack and seems to be the focus
of the image.

This is a human pose estimation task. Please tell
me the locations of the key points on this human
body please.The original resolution of this
image has a width and a height of 732 and 732.

L-Man There are 14 key points of human body located in the image,
their coordinates are:[Right Shoulder:(357,174), Right
Elbow:(290,267), Right Wrist:(246,355), Left Shoulder:(509,163),
Left Elbow:(598,259), Left Wrist:(591,346), Right Hip:(421,362),
Right Knee:(398,509), Right Ankle:(406,660), Left
Hip:(515,365), Left Knee:(564,508), Left Ankle:(561,660), Head
Top:(391,87), Neck:(434,161)]

How many persons are there in this
picture, and where are they located? The
original resolution of this image has a
width and a height of 1920 and 1080.

L-Man There is 1 person in the image, located in: 
[1429,437,1729,1071].

Figure 5: Qualitative examples demonstrating L-Man’s capability on person attribute recognition, pedestrian detection and
human pose estimation task. L-Man generates more fine-grained and accurate responses.
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Figure 6: Ablation studies on the number of query tokens.

the query adapter. ins denotes the instruction-aware adap-
tion mechanism, which means whether to concatenate the
instruction tokens to the query tokens. The baseline method
No.0 does not employ the four strategies mentioned above.
This implies that its query adapter does not undergo pre-
training in the first stage; instead, it is initialized randomly
and used for instruction-tuning in the second stage. Addi-
tionally, it does not utilize features from different layers of
the vision encoder, relying solely on the last layer’s features.
Furthermore, the instruction tokens of No.0 are not input
into the query adapter to extract instruction-aware visual in-
formation. From the table, it can be observed that each in-
dividual component significantly contributes to the model’s
performance in the downstream task. Combining all com-
ponents together (No.15) achieves optimal performance,
reaching 82.26% mAP, 79.98% accuracy, 88.26% precision,
89.74% recall, and 88.71% F1 value on the PA100K dataset.

Conclusion
In this paper, we investigate the opportunities and chal-
lenges in utilizing large language models to unify various
human-centric tasks, and attempt to propose a large multi-
modal model unifying human-centric tasks with an open-

No. Components PA-100K
Llic Lvmlm mg ins mA Accu Prec Recall F1

0 76.62 76.38 85.21 82.19 82.32
1 ✓ 78.76 78.82 86.84 85.43 85.67
2 ✓ 78.12 78.91 86.64 84.98 85.13
3 ✓ ✓ 79.82 79.10 87.67 87.15 86.63
4 ✓ 77.13 77.87 86.46 84.68 84.55
5 ✓ ✓ 79.64 78.88 87.63 86.72 86.27
6 ✓ ✓ 78.56 79.12 87.24 85.88 86.23
7 ✓ ✓ ✓ 81.34 79.62 87.96 88.78 87.97
8 ✓ 76.93 76.52 85.44 83.31 83.88
9 ✓ ✓ 78.96 78.45 86.72 85.65 85.33

10 ✓ ✓ 78.55 79.32 86.66 85.27 85.63
11 ✓ ✓ ✓ 80.24 79.27 87.63 88.27 87.32
12 ✓ ✓ 79.68 78.96 87.41 86.42 85.78
13 ✓ ✓ ✓ 81.42 79.31 87.80 88.81 87.84
14 ✓ ✓ ✓ 81.37 79.45 87.68 88.92 88.21
15 ✓ ✓ ✓ ✓ 82.26 79.98 88.26 89.74 88.71

Table 6: Ablation study on each component of L-Man.
Llic and Lvmlm are the two objectives in the first training
stage. mg and ins denote the multi-grained extraction and
instruction-aware adaptation mechanism in query adapter,
respectively.

ended form. Firstly, we construct a new language-image
instruction-following dataset named HumanIns with the ex-
isting publicly available datasets. Then, we propose a novel
large multi-modal model for unifying various human-centric
tasks in an unrestricted form of language instructions. A
range of experimental results demonstrate the superiority
of our proposed dataset and method in related research
domains. We hope our work can facilitate the researches
on unifying various human-centric tasks in an unrestricted
instruction-following form.
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