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Abstract

Manipulating human poses based on natural language is an
emerging research field that has traditionally focused on
coarse commands such as “walking” or “dancing.” However,
fine-grained pose manipulation, like instructing “put both
hands in front of the stomach,” remains underexplored. In
this paper, we introduce PoseLLLaVA, a pioneering model that
integrates SMPL-based pose representations into the multi-
modal LLaVA framework. Through a novel pose encoder-
decoder mechanism, PoseLLaVA achieves precise alignment
between pose, textual, and visual modalities, enabling de-
tailed control over pose manipulation tasks. PoseLLaVA ex-
cels in three key tasks: pose estimation, generation, and ad-
justment, all driven by detailed language instructions. We fur-
ther introduce a fine-grained pose adjustment dataset PoseP-
art, where each sample contains an initial pose and a target
pose, along with specific instructions for adjustments, mim-
icking the guidance a human instructor might provide. Ex-
tensive evaluations across these tasks demonstrate significant
improvements over existing methods, including metrics such
as MPJPE and PA-MPJPE, which measure SMPL reconstruc-
tion errors, and Recall rates, which assess feature alignment
across modalities. Specifically, PoseLLaVA reduces MPJPE
errors by more than 20% compared to state-of-the-art meth-
ods in pose adjustment and generation tasks. Additionally,
we demonstrate the feasibility of combining PoseLLaVA with
generative models, such as diffusion, for pose image editing,
highlighting its potential applications in language-controlled
pose manipulation.

Code — https://github.com/ustcfd/PoseLLaVA

Introduction

Accurately capturing and generating 3D human poses is cru-
cial for lifelike animations in fields such as movie produc-
tion, gaming, virtual reality, and robotics. Despite numerous
advancements, the process often requires high-end motion
capture systems and skilled professionals to design intricate
human poses and movements. To democratize this technol-
ogy, it is essential to develop a pose manipulation model that
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communicates seamlessly with users, particularly through
natural language interfaces.

Manipulating human poses based on natural language is
an emerging research area that remains largely unsolved. Ex-
isting approaches predominantly focus on motion generation
from coarse semantic commands like “walking” or “run-
ning” (Zhang et al. 2024). However, fine-grained pose ma-
nipulation—such as instructing “put both hands in front of
the stomach” or adjusting a posture from “vertical arms” to
“horizontal arms”—presents significant challenges and has
been underexplored.

These challenges can be viewed from two perspectives.
First is Model Structure. A straightforward approach to nat-
ural language-driven pose manipulation might involve using
existing multimodal large language models like MiniGPT-
4 (Zhu et al. 2023) or LLaVA (Liu et al. 2024c), which
connect image and text modalities. However, images alone
often lack the precision needed for detailed adjustments.
Subtle changes in joint angles or limb orientations are dif-
ficult to extract and interpret. To address this, we pro-
pose incorporating SMPL-based pose representations into
the LLaVA model. By introducing a pose encoder-decoder
mechanism and a three-stage training strategy, we achieve
well-aligned pose, image, and text modalities. Second is
Data Availability. Fine-grained pose-language datasets are
scarce. Recently, PoseFix (Delmas et al. 2023) provided
the first language descriptions for pose adjustment. How-
ever, these descriptions are often redundant or overly com-
plex due to rigid rules. Additionally, PoseFix’s selection of
pose pairs involves significant changes across multiple body
parts, making it challenging for models to learn subtle move-
ments. Drawing inspiration from how human instructors ad-
just poses—focusing on one body part at a time and break-
ing down complex movements—we introduce a body-part-
level pose adjustment dataset, PosePart. This dataset com-
plements PoseFix by offering small changes in single body
part, which is critical for fine-grained pose manipulation.

We present PoseLLaVA, a model designed to handle three
pose manipulation tasks guided by language instructions:
pose estimation, pose generation, and pose adjustment, as il-
lustrated in Figure 1. For pose estimation, the model predicts
a 3D human pose from a monocular RGB image. In pose
generation, it creates a 3D pose from a detailed language
description. In pose adjustment, an initial pose is modi-
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Figure 1: We introduce PoseLLaVA, a pose centric multimodal LLM designed for pose estimation, pose adjustment and pose
generation. PoseLLaVA accepts three types of input modalities: images, text and SMPL pose parameters. Left: Example of using
PoseLLaVA for 3D pose manipulation. Right: Example of combining PoseLLLaVA with Diffusion models such as PIDM(Bhunia

et al. 2023) for pose image editing.

fied based on a language instruction, and generate the tar-
get pose. Unlike existing approaches that address each task
separately, PoseLLaVA employs a unified framework and
results in more coherent outcomes. The model’s advanced
NLP capabilities further enhance its ability to interpret com-
plex language instructions. In summary, our contributions
are threefold:

* Pioneering Pose Centric Multimodal LLM (PoseLLaVA)
: It integrates a pose encoder and decoder into the LLaVA
framework. It aligns pose, image, and text modalities
through a three-stage training strategy. Unlike exist-
ing works that specifically designed for each one task,
PoseLLaVA offers a unified framework capable of han-
dling multiple pose manipulation tasks guided by lan-
guage.

* Fine-Grained Pose Adjustment Dataset (PosePart): In
PosePart, each sample consists of a pose pair with a sin-
gle body part change and a fine-grained language instruc-
tion for adjustment. This dataset complements existing
ones by enhancing data diversity and instruction quality,
thereby improving the accuracy of pose manipulation.

* Leading Performance Across Metrics and Tasks: Our
model outperforms multimodal LLM baselines in the
pose estimation task, and significantly surpasses existing
methods in pose generation and adjustment. Addition-
ally, when combined with diffusion models, our method
enables language guided pose image generation, outper-
forming standalone diffusion models.

Related Work

Human Pose Estimation Human pose estimation has a
long history in computer vision. This paper focuses on
estimating 3D human poses from a single image using
the SMPL model. State-of-the-art methods are typically
optimization-based, refining poses iteratively to minimize
the difference between projected and detected points (Joo,
Neverova, and Vedaldi 2021), or regression-based, directly
inferring pose parameters from images using deep learning
(Choutas et al. 2022). However, most works focus solely on
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single pose estimation without incorporating language inter-
action, limiting practical usability. Recently, ChatPose (Feng
et al. 2024) leveraged a vision-language model to enhance
user interaction by reasoning about 3D human poses from
images and text, though it still lags in accuracy compared to
traditional methods.

Human Pose Generation Existing works in pose gener-
ation mainly focused on generating pose sequences condi-
tioned on coarse text descriptions, like “running” or “danc-
ing.” Methods like MotionDiffuse (Zhang et al. 2024) use
diffusion models for motion prediction, while T2M-GPT
(Zhang et al. 2023b) employs transformers to generate mo-
tion based on text context. Although these models produce
coherent sequences, they struggle with fine-grained poses,
such as “a person walking with hands extended horizontally
to the sides.” PoseScript (Delmas et al. 2022) and ChatPose
(Feng et al. 2024) have recently shown potential in gener-
ating specific 3D poses from detailed descriptions. Despite
progress, fine-grained pose generation remains challenging,
with accuracy much lower than pose estimation(Feng et al.
2024; Delmas et al. 2024).

Human Pose Adjustment Adjusting 3D human poses via
natural language has applications in fitness coaching and an-
imation editing, but research in this area is limited. Some
methods generate new images with pose controls, like Con-
trolNet (Zhang, Rao, and Agrawala 2023), while others
allow manual pose editing via tools like dragging (Yen-
phraphai et al. 2024). However, research on language-driven
pose editing is scarce. PoseFix (Delmas et al. 2023), which
predicts the modified pose, introduced a triplet dataset com-
prising initial pose, target pose, and the textual description of
the change. However, PoseFix emphasizes significant pose
differences, which makes learning subtle transformations
more difficult and less applicable to real-world scenarios.

Multimodal Large Language Models Multimodal Large
Language Models have enhanced the interpretation of var-
ious modalities, particularly in vision and language tasks
like visual question answering and image captioning. Mod-
els like MiniGPT-4 (Zhu et al. 2023) and LLaVA (Liu et al.
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Figure 2: We developed a three-stage training pipeline for PoseLLaVA. First, align the pose and vision encoder in latent space.
Second, the LLM is pre-trained for pose generation task. Finally, we perform instruction tuning across all three task.

2024c) integrate vision encoders with LLMs for vision lan-
guage interaction. Despite recent advances in exploring mul-
tiple modalities such as video and audio (Zhang et al. 2023a;
Zhang, Li, and Bing 2023; Wu et al. 2024), the integra-
tion of the pose modality remains underexplored. ChatPose
(Feng et al. 2024) recently enabled interaction with 3D poses
through language, and MotionLLM (Chen et al. 2024) inte-
grated video and motion inputs for motion understanding.
In this paper, we explore pose estimation, adjustment,
and generation within a unified framework. We integrate a
pose modality with an encoder and decoder into the LLaVA
model and develop a three-stage training strategy for align-
ing pose, image, and text modalities. We also introduce the
PosePart dataset for fine-grained pose adjustments.

Methodology
Architecture

The architecture and training pipeline of PoseLLaVA is il-
lustrated in Figure 2. We integrate the pose modality into the
vision-language model LLaVA (Liu et al. 2024a) to create a
pose centric multimodal LLM. Our model accepts text, im-
ages, and poses as inputs and produces text and SMPL pose
parameters as outputs. We use CLIP-ViT (Radford et al.
2021) as the vision encoder, followed by a vision projec-
tor same with that in LLaVA. The pose modality is repre-
sented by pose orientations in 6D representation (Zhou et al.
2019) for both pose encoder input and pose decoder output.
In our implementation, we fix the shape parameters and only
estimate rotation parameters. For the pose encoder and de-
coder, we propose a transformer architecture, along with a
pose projector with the same design as the vision projector.

Let the image input be denoted as x4, the pose input
as Tpose, and text prompts as Ty,¢. Let the multimodal LLM
be denoted as M. The LLM generates an output sequence
of tokens Y;,; = [t1, ..., ] associated with corresponding
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hidden states [h1, ..., hy,,] such that:
YPtmt = M(f(xzmgv xpose)a xt:vt) (l)

where f(-) is a modality selector that select image or pose
embedding according to the modality placeholder (image)
or (pose). We follow ChatPose (Feng et al. 2024) and Lisa
(Lai et al. 2024) by expanding the text vocabulary with a
(POSE) token. If one of the LLM output tokens ¢,, € Y,
is the (POSE) token, we extract the hidden state of the
specical token as hpose € R?, where d is the dimension
of the LLM hidden states. The hidden state hjpqse is then
projected by the PoseDecoder into the pose rotation in 6D
representation that Y,,.sc € R

Training Strategy

Pose-Image Alignment The PoseEncoder is a critical
component of PoseLLaVA, addressing the limitations in
understanding fine-grained pose semantics. Unlike image
and text modalities, which benefit from extensive public
datasets, fine-grained pose datasets are scarce. To overcome
this, we employ a CLIP-like contrastive learning approach
combined with a pose encoder-decoder structure to align the
pose modality with the well-pretrained image modality.

As illustrated in Figure 3, the model consists of three main
components: i) a pre-trained CLIP vision encoder, ii) a pose
encoder-decoder, and iii) a lightweight cross-attention Re-
sampler designed to learn compact visual representations.

The vision and pose encoders are aligned at both global
and local scales. At the global scale, both encoders use
an additional learnable global token as input, producing
global feature embeddings V,,, and Z,,4. At the local
scale, since tokens in the visual and pose modalities are
not directly consistent, we apply a resampler to compress
visual features Vj . to match that of Z;,.,;. The com-
pressed local visual features Vj,.q; is denoted as Vipeqr =
[Vi,Va,...,V,], and the local pose features are denoted
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Figure 3: Multi-scale Alignment between Pose and Image.

as Ziocal = |Z1,Z2,...,Zy]. We use contrastive learning
method to align the global features of the vision and pose
encoders. Additionally, we employ regression loss L4 in
the pose encoder-decoder to achieve accurate pose recon-
struction.

Lstager =Lci(Zavg, Vavg) + Leosin(Ziocal, Viocal)
+ Lreg(ZTpose; Tpose)

[J1, J2, .oy T

[jl,jg,...,jn} are the input and groundtruth of pose

@

and  Zpose

where  zp06c

representations that n = 24 indicating a global body orien-
tation and 23 SMPL joints, and J,, € R'*% is the 6D pose
rotations. For the contrastive learning loss £.;, we employ
SigLip (Zhai et al. 2023) for global feature alignment.

Pose-Text Alignment Since existing multimodal models
like LLaVA (Liu et al. 2024a) and language models like Mis-
tral (Jiang et al. 2023) are trained on natural language data,
there is a significant distribution mismatch with the feature
space of our pose manipulation tasks. To address this, we
pre-train the LLM component to better adapt to pose tasks.
We achieve this by training the LLM and pose decoder on
the pose generation task, where input is text data and out-
put is SMPL pose parameters. To expand the dataset scale
and variety, we combine text data from both PoseFix (Del-
mas et al. 2023) and PoseScript (Delmas et al. 2022). For
the PoseFix data which was original created for pose adjust-
ment, we exclude the initial pose data, using only text data
as input and target pose as output.

Multi-Task Instruction Tuning In this step, we use a
multi-modal instruction-following strategy using all data
from the three tasks. The model is trained end-to-end using
an auto-regressive cross-entropy loss L;,; for text genera-
tion and a pose loss L. for generating SMPL pose pa-
rameters. The pose loss is the L2 loss between the predicted
and target pose parameters. The overall objective L is the
weighted sum of these losses, with weights Az and Apose
setto 1 and 10, respectively.

EstageS :)\ta:t X £twt(Y;wt7Y/t$t) (3)
+ )‘pose X Epose (Yposea Ypose)
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Where Yi,;; and Y., are the predicted text and pose, Ymt
and Y}, are the ground truth text and pose, respectively.

PosePart Dataset Construction

We introduce a new dataset for fine-grained pose adjustment,
called PosePart. This dataset focuses on changes in a single
body part per sample to simulate fine-grained pose manipu-
lation. The construction pipeline is illustrated in Figure 4.

We divide the SMPL parameters into six body parts: left
upper limb, right upper limb, left lower limb, right lower
limb, trunk, and head. Pose pairs are generated by ad-
justing only one body part at a time, enabling the model
to learn subtle changes. We begin by selecting pose pairs
PoseA and PoseB from AMASS (Mahmood et al. 2019),
where PoseA serves as the initial pose and PoseB as the
reference pose. Our process for creating triplet data sam-
ples (PoseA, PoseC, Textmodifier) consists of three steps:
First, we compare PoseA and PoseB to identify the body
part with the most significant pose change. Second, the se-
lected change from PoseB is applied to PoseA to simulate
the pose adjustment a human tutor might request. Subtle
noise is added to the non-selected body parts to introduce
data variation. Third, pose difference descriptions between
PoseA and PoseC are generated using PoseFix. Given the
limitations of rigid rules in PoseFix, the resulting descrip-
tions may be redundant or complex, so we refine them using
GLM-4 (GLM et al. 2024). The prompt to GLM-4 includes
two components: specifying the highlighted body part and
selecting language descriptions for this part from the Pose-
Fix results. Ultimately, we construct a dataset of 135,000
samples, matching the size of PoseFix, to ensure balanced
data variation.

Experiments

In this section, we present a series of experiments designed
to evaluate the performance of PoseLLaVA. We compare our
model against SOTA baselines and demonstrate its effective-
ness in both qualitative and quantitative assessments.

Implementation Details The training dataset is con-
structed by converting each task-specific datasets into
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Task | Dataset | Annotations
Pose Estimation | Human3.6M | 300,000
Pose Generation | PoseScript | 100,000

. PoseFix 135,000
Pose Adjustment ‘ PosePart ‘ 135.000

Table 1: Datasets for PoseLLaVA training.

instruction-following datasets, including Human3.6M
(Ionescu et al. 2013), PoseScript (Delmas et al. 2022), Pose-
Fix (Delmas et al. 2023) and the new introduced PosePart.
We follow ChatPose (Feng et al. 2024) to use a question-
answer template such as: “Question: (image) / (pose)
Kindly review the provided description. {description}.
Given the initial pose of a human, can you predict and
adjust the SMPL pose according to the textual description?
Sure, the SMPL pose is (POSE). All the data used to train
our model is listed in Table 1.

We use pre-trained weights from Llava-v1.6-mistral-7b
(Liu et al. 2024b), which adopt CLIP-VIT-L/14-336 model
for vision encoding and mistral for the LLM. The vision pro-
jector and the pose projector of representation alignment are
two MLP layers. We employ 8 NVIDIA 40G Tesla A100
GPUs for training. The LLM is tuned by LoRA(Hu et al.
2022) with a rank of 128 and an alpha of 256. The batch size
per device is set to 16 with gradient accumulation step of 4
and the training process include 2 epochs in total.

Results on Pose Estimation

For the pose estimation task, we trained our model using the
Human3.6M (Ionescu et al. 2013) dataset. Unlike traditional
methods such as (Lin et al. 2023), which often rely on ex-
tensive data augmentation, our approach does not employ
any data augmentation. Instead, we sampled only 300,000
instances from the original data to demonstrate the effec-
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Method Human3.6M 3DPW
MPIJPE | { PA-MPJPE | { PA-MPJPE |
SPIN 60.2 41.7 52.3
HRM2.0 52.1 41.0 58.4
Chatpose 177.8 55.7 79.0
Posel.Lava 71.7 51.2 81.0

Table 2: Comparison on Human Pose Estimation.

tiveness of PoseLLaVA. Following the methodology used in
ChatPose (Feng et al. 2024), we randomly selected 200 sam-
ples from the Human3.6M (Ionescu et al. 2013) and 3DPW
(Von Marcard et al. 2018) test set for evaluation. We uti-
lized two widely recognized metrics: Mean Per-Joint Po-
sition Error (MPJPE) and Procrustes-Aligned MPJPE (PA-
MPJPE). The former measures the average Euclidean dis-
tance between the predicted 3D joints and the ground truth
after root alignment, while the latter calculates MPJPE af-
ter rigid alignment. For both metrics, lower values indicate
higher accuracy.

As shown in Table 2, our method significantly outper-
forms the recent multimodal LLM ChatPose (Feng et al.
2024) on the Human3.6M dataset and achieves comparable
performance on 3DPW, even though ChatPose was trained
on much larger datasets. While our MPJPE and PA-MPJPE
errors are higher than those of traditional task-specific meth-
ods like SPIN (Kolotouros et al. 2019) and HRM (Goel
et al. 2023), it’s important to note that we use significantly
less training data than all baseline methods. For exam-
ple, PoseChat and HRM employ four different datasets, in-
cluding Human3.6M (Ionescu et al. 2013), MPI-INF-3DHP
(Mehta et al. 2017), COCO (Lin et al. 2014), and MPII
(Andriluka et al. 2014), while SPIN is trained on three
datasets including Human3.6M (Ionescu et al. 2013), MPI-
INF-3DHP (Mehta et al. 2017), and LSP (Johnson and Ever-
ingham 2010). Moreover, traditional methods like SPIN and



Methods PoseFix Dataset PosePart Dataset
MPJPE PA-MPJPE R@1 R@5 R@I10 { MPJPE PA-MPJPE R@1 R@5 R@I0
PoseFix 130.5 94.09 25% 38% 50% - - - - -
ChatPose 180.5 100.7 3% 21% 31% 181.66 107.33 3% 15% 28%
ControlNet 98.7 71.5 - - - 70.3 52.7 - - -
PoseLLaVA-Image 88.8 63.2 14%  43% 52% 189.43 112.06 12% 41% 60%
PoseLLLaVA-Pose 71.7 52.1 37% 56% 63% 61.6 42.3 31% 56% 64 %

Table 3: Comparison Results on the Pose Adjustment Task. For the MPJPE and PA-MPJPE metrics, lower values indicate better
performance. For the R@K recall rates, higher values are better.

Instruction Sample from PoseFix: Please read and understand the following information. The right
* forearm must be upright while opening the right elbow slightly more. Move the right hand forward
slightly, the right hand must be beside the left hand then bring the right foot slightly to the right while
bringing the right knee slightly to the right. The right knee needs to be straight. Given the initial human

pose , your task is to refine it into a SMPL pose that aligns with the provided text description.

Initial
Pose +
& b
E & )
Q) e *
Y B g
y » 4 9 4 ®
Target Pose (GT) ChatPose PoseFix

PoselLLaVA (Ours)

PoselLLaVA + ControlNet

ControlNet

Figure 5: We compared different methods for the pose adjustment task and demonstrated the feasibility of combining our
approach with image generation techniques like ControlNet for pose image editing. In this example, our method accurately
captures fine-grained instructions such as ’right forearm must be upright while opening the right elbow slightly more.” In
contrast, the pose generated directly by ControlNet remains almost identical to the initial pose, failing to adjust the human
pose according to the language guidance. By combining PoseLLaVA with ControlNet, we first generate the adjusted pose using
PoseLLaVA, then use this pose as a control for image generation, resulting in more precise pose control for image editing.

HRM2.0 focus exclusively on pose estimation, whereas our
method handles multiple pose manipulation tasks within a
unified framework, leveraging language instructions for im-
proved human-machine interaction.

Results on Pose Adjustment

For the pose adjustment task, we used a training dataset
composed of two parts: the PoseFix (Delmas et al. 2023)
dataset and the newly introduced PosePart dataset. The
PoseFix dataset is generated by sampling data from AMASS
(Mahmood et al. 2019) and contains only pairs of SMPL
poses and corresponding language descriptions, without the
original images. To accommodate both pose and image
modalities, we used mmhuman3d (Contributors 2021) to
render SMPL pose images for both the PoseFix and PoseP-
art datasets. The final dataset for pose adjustment consists of
270,000 samples.

We used multiple metrics, including MPJPE, PA-MPJPE,
and retrieval recall rates, to compare our method with SOTA
methods. Table 3 presents the comparison results. Our ap-
proach surpasses all existing SOTA methods, including the
GAN-based PoseFix (Delmas et al. 2023), which is specifi-
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cally designed for this task, and the recent multimodal LLM
method PoseChat (Feng et al. 2024). Notably, we achieved
a 45% reduction in MPJPE error compared to PoseFix and
a 60% reduction compared to ChatPose, demonstrating sig-
nificant improvements over the current SOTA methods.

We also compared our method with the diffusion-based
approach ControlNet (Zhang, Rao, and Agrawala 2023),
a SOTA method for image generation conditioned on lan-
guage and other inputs. For the pose adjustment task, where
the input is <PoseA, PoseC, T'ext,odifer >, We provided
PoseA and the language description to ControlNet to gener-
ate an image with the adjusted pose. We then extracted the
SMPL pose from the generated image using SPIN (Kolo-
touros et al. 2019) and SMPLify (Bogo et al. 2016) for
quantitative comparison. The results, as illustrated in Fig-
ure 5, show that using ControlNet alone does not yield satis-
factory outcomes, highlighting the challenges of language-
guided pose image manipulation. However, our PoseLLaVA
method can be combined with image generation methods to
achieve better results. Specifically, we first use PoseLLaVA
to generate the adjusted pose and then employ Control-
Net again for pose-guided image generation, achieving



Instruction Sample from PoseScript: There is a person doing this: the person is sitting on their behind, with their legs bent forward
and in front of them; their left foot is lifted more above the ground than the right. They are arching their back slightly forward, and are
grabbing their neck with their right hand. Their left hand is just next to their left knee. Can you use SMPL pose to describe the pose?
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Figure 6: We compared various methods for language-guided pose generation, including both pose generation approaches and
one image generation method. In this example, the language instruction describes a fine-grained pose involving multiple body
parts, specifying details such as the positioning of the legs, arms, and hands. Our method accurately captures multiple fine-
grained details, such as ’legs bend,” ’left foot lifted higher above the ground than the right,” and ’left hand next to the left knee’.

language-guided fine-grained pose adjustment. These results
underscore the potential of our method for both language-
guided pose editing and pose image editing tasks.
Additionally, we evaluated the feature representation ca-
pability by reporting the pose adjustment recall rate in a re-
trieval task. Specifically, after generating the adjusted pose,
we used it to retrieve the corresponding true adjusted pose,
leveraging the embedding models of each method. We sam-
pled 100 instances for this retrieval task and reported the
R @K recall rates, representing top-K retrieval performance.
Higher values of R@K signify better performance. Across
all metrics, our method consistently achieved the best re-
sults, demonstrating significantly superior performance.

Results on Pose Generation

Method |MPJPE PA-MPJPE|R@1 R@5 R@10
PoseScript | 214.3 145.1 9% 20% 24%
Chatpose | 237.1 139.9 8% 14% 22%
PoseLLava| 169.72 111.03 [11% 23% 30%

Table 4: Comparison on Human Pose Generation Task.

For the pose generation task, we used the PoseScript (Del-
mas et al. 2024) dataset, which includes textual descriptions
for 100,000 diverse human poses sourced from the AMASS
dataset. We followed the dataset splits used in PoseScript
and PoseChat to create training and evaluation sets. We com-
pared our method against state-of-the-art approaches using
the same metrics as in the pose adjustment task. For the
MPIJPE and PA-MPJPE metrics, we compare the predicted
SMPL pose with the target SMPL pose. For the retrieval
task, we use the generated pose to retrieve the target pose by
comparing the embedding similarity between the two pose
sets. We sampled 100 instances for this retrieval task.

As shown in Table 4, our method outperforms all existing
SOTA methods across all metrics, including the VAE-based
PoseScript (Delmas et al. 2024) and the MLLM method
PoseChat (Feng et al. 2024). Visual examples are provided
in Figure 6, along with results from Dall-e3 (OpenAl 2023)
for image generation.
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Effectiveness of the PosePart Dataset

\ PoseFix PosePart
[MPIPE | PA-MPIPE | MPIPE | PA-MPJPE
PoseFix Only | 74.6 51.9 65.5 45.9
PosePart Only | 83.5 57.2 62.9 44 .8
BothDB | 717 | 521 | 616 | 423

Table 5: Training on Different Dataset.

We evaluated the impact of the PosePart dataset, specif-
ically designed to facilitate fine-grained pose adjustments
by focusing on single body part modifications. We trained
PoseLLaVA using PoseFix, PosePart, and a combination of
both, then compared their performance on the pose adjust-
ment task. The results, summarized in Table 5, show that the
model trained solely on PoseFix performs better on PoseFix,
while the model trained solely on PosePart excels on PoseP-
art. When combining the two datasets, the model achieves
strong performance on both.

Conclusion

In this paper, we introduced PoseLLLaVA, a multimodal large
language model that integrates human pose as a distinct
modality alongside images and text. PoseLLaVA is capable
of performing pose estimation, adjustment, and generation
guided by textual instructions. With a pose centric model
structure, a fine-grained pose-language dataset, and a so-
phisticated pose encoder-decoder architecture, PoseLLaVA
sets a new benchmark for multimodal LLMs in pose ma-
nipulation tasks. Our integration with diffusion models also
highlights its potential for both pose manipulation and pose
image editing.

Limitations: Our dataset mainly focuses on single-person
poses with simple backgrounds due to limited public
datasets and the high cost of creating more complex ones.
Future work could involve collecting data in more com-
plex scenarios, such as multi-person interactions in cluttered
scenes, to further improve the model’s capabilities.
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