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The SMPL pose of this person is <POSE>.

Is there a person with green shirt? If so,
please describe this person.

Yes, there is a person with green shirt in the image. This person is
sitting in a chair.

Please give the SMPL pose of this person.

What might his body pose be when he finishes getting his hair cut?

It is difficult to predict the exact SMPL pose of the man after 
getting his hair cut without seeing the final result. However, it is 
likely that the man would adopt a more relaxed pose, such as 
<POSE>, once the hair cutting process is complete and he is 
comfortable enough to move freely.

Sure, it’s <POSE>.

| want to build strength in my arms and core, also 
improve my sense of balance, please recommend an 
advanced yoga pose. 

Sure, the pose of Plank Pose Is a great option for you. It
engages the core, arms, and legs, and requires good balance. 
It is a beginner pose, but it can be made more advanced by
holding the pose for a longer period of time or adding 
variations such as lifting one arm or leg off the ground. 

I don't like this, recommend a more advanced one.

Sure, the pose of Handstand is an advanced pose that 
engages the arms, core, and legs. It requires a good sense 
of balance and strength in the arms and core to support 
the body in a handstand position. It is a pose that requires 
practice and skill, but it can be very rewarding for those 
looking to build strength and balance.

Can you give SMPL pose of this one?

The SMPL POSE is <POSE>.

Can you describe the person’s pose in the 
middle? Please respond with SMPL pose.  

LLM
SMPL

Projection Layer
SMPL
Model

Figure 1. We introduce ChatPose, a multimodel LLM designed for chatting about human pose that produces 3D human poses (SMPL pose
parameters) upon user request. ChatPose features a specialized SMPL projection layer trained to convert language embeddings into 3D
human pose parameters. Our demonstration includes conversations both without (left) and with (right) an image input. Upon detection of
a pose token, the token is used to estimate the SMPL pose parameters and subsequently generate the corresponding 3D body mesh.

Abstract

We introduce ChatPose, a framework employing Large
Language Models (LLMs) to understand and reason about
3D human poses from images or textual descriptions. Our
work is motivated by the human ability to intuitively under-
stand postures from a single image or a brief description, a
process that intertwines image interpretation, world knowl-
edge, and an understanding of body language. Traditional
human pose estimation and generation methods often op-
erate in isolation, lacking semantic understanding and rea-
soning abilities. ChatPose addresses these limitations by
embedding SMPL poses as distinct signal tokens within a

multimodal LLM, enabling the direct generation of 3D body
poses from both textual and visual inputs. Leveraging the
powerful capabilities of multimodal LLMs, ChatPose uni-
fies classical 3D human pose and generation tasks while
offering user interactions. Additionally, ChatPose empow-
ers LLMs to apply their extensive world knowledge in rea-
soning about human poses, leading to two advanced tasks:
speculative pose generation and reasoning about pose esti-
mation. These tasks involve reasoning about humans to
generate 3D poses from subtle text queries, possibly ac-
companied by images. We establish benchmarks for these
tasks, moving beyond traditional 3D pose generation and
estimation methods. Our results show that ChatPose out-
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performs existing multimodal LLMs and task-specific meth-
ods on these newly proposed tasks. Furthermore, Chat-
Pose’s ability to understand and generate 3D human poses
based on complex reasoning opens new directions in human
pose analysis. Code and data are available for research at
https://yfeng95.github.io/ChatPose.

1. Introduction
We address the problem of understanding and reasoning
about 3D human pose from an image or a text description
via large language models. For humans, a quick glance
at a picture or a brief description of a person allows us to
form an impression of their articulated body posture. For
instance, one might wonder, “What is the girl in the dress
doing?” or “How might she behave if she feels tired?”. This
involves interpreting the image, employing general knowl-
edge about the world, and understanding human body lan-
guage. Current methods that estimate 3D human poses from
images [9, 12, 20, 21, 25, 59], usually detect individuals,
segment them from the image, then use a neural network to
predict 3D pose and shape in terms of the parameters of a
body model like SMPL [32]. Other approaches [40, 47, 48]
regress poses of all individuals by analyzing the full image.
However, these processes lack a comprehensive understand-
ing of the scene, failing to fully consider the interactions
between humans and their environment, as well as their in-
tentions. Methods for text-driven pose generation have also
progressed rapidly [7, 18] but the text instructions are typi-
cally “explicit,” precisely describing the pose with words.

Thus, existing specialized systems for 3D pose estima-
tion and generation are constrained to narrow tasks. This
is in contrast to the general-purpose reasoning exhibited
by large language models (LLMs). Existing multimodal
LLMs [23, 30, 36, 54] demonstrate proficiency in perceiv-
ing and interpreting information from images and reason-
ing based on a wealth of world knowledge. They are par-
ticularly adept at describing scenes, including the appear-
ance of people, their activities, and high-level behaviors. If
the LLM could relate this generic world knowledge to 3D
human pose and motion, it would have powerful reasoning
capabilities beyond existing solutions. That is, the LLM
could bring to bear all that it has learned from both images
and language for a richer and more nuanced understand-
ing of human pose. Existing LLMs, however, have not yet
demonstrated the ability to interpret 3D human pose.

Our hypothesis is that, long term, general purpose mul-
timodal LLMs will subsume special-purpose methods. Es-
timating 3D pose from a 2D image is fundamentally am-
biguous and must use prior information or contextual cues.
Generating pose or motion from language, likewise, is am-
biguous and open to interpretation. By formulating these
problems in the context of LLMs, the solutions can theo-

retically benefit from the LLM’s broad general knowledge.
The solutions can also benefit from interaction with a user
through a language interface. For our hypothesis to be true,
LLMs must be able to understand and interpret 3D human
pose. What do they already understand about 3D pose and
how can we teach them about 3D human pose?

To investigate these questions, we introduce Chat-
Pose, an approach that finetunes multimodal Large Lan-
guage Models for predicting human pose, represented as
SMPL [32] pose parameters. Our method embeds SMPL
poses as a unique <POSE> token, prompting the LLM to
output these when queried about SMPL pose-related ques-
tions. We extract the language embedding from this token,
and use an MLP (multi-layer perceptron) to directly pre-
dict the SMPL pose parameters. This enables the model
to take either text or images as input and subsequently
output 3D body poses, as shown in Fig. 1. We maintain
the vision components in a frozen state while training the
SMPL projection layers and fine-tuning the LLM models
with LoRA [15]. Our training strategy involves construct-
ing question and answer pairs derived from image-to-SMPL
and text-to-SMPL pose pairings, originating from pose esti-
mation and text-driven pose generation tasks. Additionally,
we integrate general multi-modal instruction-following data
throughout the end-to-end training process of our model.

We evaluate ChatPose on a variety of diverse tasks, in-
cluding the traditional task of 3D human pose estimation
from a single image and pose generation from text descrip-
tions. While the metric accuracy on these classical tasks
does not yet match that of specialized methods, we see this
as a first proof of concept. More importantly, once the
LLMs are able to understand SMPL poses, they can uti-
lize their inherent world knowledge to relate to, and reason
about, human poses without the need for extensive addi-
tional data or training. For example, as demonstrated by the
right example in Fig. 1, ChatPose is capable of inferring the
body pose following the action depicted in the image. This
capability gives rise to two innovative tasks concerning hu-
man poses: (1) Speculative Pose Generation (SPG): In
contrast to methods that generate poses like “sitting” based
on text like “the person is sitting,” in SPG we ask the LLM
to speculate, for example, about “how would the person’s
pose change if they were tired?” Such data is not in clas-
sic pose training datasets and requires an understanding of
(i) what being tired does to a body and (ii) how this trans-
lates into 3D pose. This is a significantly harder task than
is considered by prior work. (2) Reasoning-based Pose
Estimation (RPE): Contrary to conventional approaches in
pose regression, our methodology does not involve provid-
ing the multimodal LLM with a cropped bounding box sur-
rounding the individual. Instead, the model is exposed to
the entire scene, enabling us to formulate queries regard-
ing the individuals and their respective poses within that
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context. For example, “what are the poses of all the peo-
ple wearing glasses?” This requires an integration of scene
understanding with 3D human pose that does not exist in
current human pose regression systems. To successfully ad-
dress these tasks, the model needs two primary capabilities:
1) the ability to reason through complex and implicit text
queries, integrating them with image data when available;
2) the ability to generate SMPL pose parameters based on
its understanding of high-level concepts.

In summary, for the first time, we demonstrate the abil-
ity of a large vision-language model to reason about 3D hu-
man pose from images or text and to connect this with 3D
SMPL parameters. Our key contributions are as follows: (1)
We present ChatPose, a multimodal Large Language Model
(LLM) that can directly generate SMPL poses. This en-
ables the generation and estimation of human poses through
reasoning from text or images. (2) We introduce two in-
novative tasks: speculative pose generation and reasoning-
based pose estimation. These tasks necessitate an accu-
rate understanding of human poses and the ability to rea-
son using world knowledge. We have also established new
benchmarks that can drive research on this topic. (3) Our
model, ChatPose, demonstrates superior performance com-
pared with other multimodal LLM baselines on the tasks of
pose generation and estimation.

2. Related Work

Our work spans multiple research areas. Consequently, we
briefly review 3D human pose estimation from images, lan-
guage and pose, and large language models.

Human Pose Estimation. Human pose estimation in 2D,
3D, or over time, has a long history, which we do not re-
view here. Instead, we focus on work that estimates the
pose of a 3D parametric body model from a single im-
age. Here we use the SMPL model [32], which produces
a 3D triangulated mesh given relative body part rotations
and body shape (though we ignore shape here). SMPL is
widely used, in part because it is compatible with graph-
ics engines and because there is a large amount of train-
ing data available in SMPL format. SMPL parameters are
typically estimated from an image using one of two tech-
niques. Optimization-based approaches solve for the pa-
rameters such that, when the model’s 3D joints are pro-
jected into the image, they match detected 2D keypoints,
subject to various priors [3, 10, 19, 37]. Regression-based
approaches [12, 20–22, 25, 59] directly infer the pose pa-
rameters from a cropped image. When provided with a
full image, these methods typically first detect each per-
son in the image and then apply the regression network to
tight crops. The best regression methods are now quite ac-
curate and robust except when there is significant occlu-
sion, poor image quality, or unusual poses. Additionally,

there are methods designed for multi-person pose estima-
tion [40, 47, 48], which are capable of directly generating
body meshes for multiple people within a single image.
The above methods, however, do not “understand” the se-
mantics of human pose or relate pose to language.

Language and Human Pose. Given a textual description
of a person’s attributes, advanced image generation methods
like Stable Diffusion [43] and DALL·E 2 [42] generate real-
istic 2D images of people. These can further be conditioned
on information like 2D human pose [62]. Such methods
clearly understand properties of the human body and human
pose but they output pixels and not 3D representations. Re-
cent language-to-3D generation methods [5, 14, 26, 39, 61]
create 3D human shapes from textual descriptions. Yet,
these methods struggle to represent complex body poses.
Other approaches exist that can take text input and directly
produce parameters of a parametric body model like SMPL.
For example, BodyTalk [45] takes human shape attributes
(such as “broad shoulders” or “skinny”) and outputs SMPL
shape parameters. Similarly, [4] employs text annotations
to describe a person’s general action and the surrounding
scene, which it uses to generate SMPL pose parameters.
PoseScript [7] creates SMPL pose parameters from fine-
grained textual descriptions of 3D human poses. While
these methods are effective when test descriptions closely
match the word distributions of their training data, they of-
ten lack the capability to understand or reason based on
complex textual inputs. For example, PoseScript’s training
data lacks descriptions that relate human poses with scenes.
Since our method leverages LLMs, it can deal with more
complex text queries even when trained only with the same
text-to-SMPL pose pairs as PoseScript.

Unlike all the task-specific approaches to pose estima-
tion, action recognition, and pose generation, we develop
a single, unified, model capable of reasoning about 3D hu-
mans from images, text, or both by leveraging its general
knowledge of the visual world. Additionally, it can interact
with users through conversations, discussing human poses
and providing relevant responses.

Multimodal Large Language Models. Large Language
Models (LLMs) are rapidly changing multiple fields. While
the most powerful models like OpenAI’s ChatGPT [35] and
GPT-4 [36] are private, a range of open-source LLMs such
as Vicuna [6], LLaMA [50], and Alpaca [49] enable re-
search like ours. In particular, we exploit the ability to fine-
tune LLMs on multimodal tasks. There are two primary
ways to do this. The first leverages LLMs for decision-
making guidance. Research such as [16, 31, 38, 44, 53,
55, 56] typically employs prompt engineering or instruction
tuning. In this approach, LLMs connect separate modules
via API calls. The LLM generates API calls to solve tasks
and retrieve results. Such an approach falls short of achiev-
ing a comprehensive understanding of new modalities.
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An alternative approach maps modality-specific infor-
mation into the language embedding space of the LLM. The
visual modality has been a major focus in this area. Re-
cent initiatives like LLaVA [29, 30] and MiniGPT-4 [65]
incorporate vision encoders to interpret images and use pro-
jection layers that align image features with language em-
beddings. Work like LISA [23] generates visual informa-
tion in the output, processing both images and questions to
yield text and masks. In addition to images, MM-LLMs
(Multi-Modal Large Language Models) are rapidly being
developed for video [24, 60] and audio [58]. Notably, mod-
els such as PandaGPT [46], ImageBind [11], and NeXT-
GPT [54] demonstrate the capability to handle a wide ar-
ray of modalities, including text, image, audio, and video.
Specifically, NeXT-GPT aligns embeddings from these four
modalities with language, both as input and output.

In this work, we investigate 3D body pose as a new
modality for LLMs to process. We explore (1) the ability
of LLMs to generate 3D pose from text or image input, and
(2) whether LLMs can comprehend 3D body poses and inte-
grate this understanding into their overall functionality. To
our knowledge, this has not previously been explored.

3. Method
Our goal is to enable Large Language Models (LLMs) to
comprehend human poses, represented as SMPL [32] pose
parameters in our case. Drawing inspiration from recent
advancements in multi-modal LLMs [13, 23, 54, 57], we
approach human pose as a distinct modality. In this frame-
work, the LLM generates a unique token representing this
modality, which is subsequently mapped to SMPL pose pa-
rameters via an MLP projection layer1. Leveraging the
SMPL parametric model [32], we can then decode this in-
formation into a three-dimensional body mesh. Here we de-
scribe the architecture and training strategy that integrates
SMPL pose as a modality within LLMs. Once the LLM
grasps the concept of 3D body pose, it gains the dual abil-
ity to generate human poses and to comprehend the world,
enabling it to reason through complex verbal and visual in-
puts and subsequently generate human poses. This leads
us to introduce novel tasks that are made possible by this
capability, along with benchmarks to assess performance.

3.1. Architecture

The architecture of ChatPose is illustrated in Fig. 2. Our
approach takes text or images (if provided) as input and
produces textual output. Also, when users request human
pose information, it also returns the corresponding SMPL
pose. Our model consists of a multi-modal LLM model,
fϕ, an embedding projection layer, gΘ, and a parametric

1Readers familiar with the geometric “projection” of SMPL into im-
ages should not confuse that with the use of projection in this context,
which effectively means “aligning” one representation with another.

human body model, SMPL [32], represented by pose and
shape parameters θ and β, respectively. Here, we assume
the β values are all zero, corresponding to the average body
shape. Given a text string Xq and an image Xv as input,
the model produces a textual response Yt = fϕ(Xq, Xv) or
Yt = fϕ(Xq) in the absence of an image. The language
embedding corresponding to Yt is represented as Ht. If
<POSE> is present in the textual output Yt, its correspond-
ing embedding Hpose is retrieved from Ht. The pose em-
bedding, processed by the SMPL projection layer gΘ, yields
the SMPL pose parameters θ = gΘ(Hpose). The 3D ver-
tices and triangles of the body mesh are then determined
using the standard SMPL function M(θ, β) (see [32]).

3.2. Training

We keep both the vision encoder and vision projection
frozen and trainf the SMPL pose projection layer gΘ. Addi-
tionally, we employ LoRA [15] to finetune the LLM, with
its parameters denoted as ϕlora. The final set of optimiz-
able parameters is {ϕlora,Θ}. With the provided ground
truth textual output Ŷt and SMPL pose parameters θ̂, we
optimize the model using the following objective function:

L = λtCE(Ŷt, Yt) + λθ|θ̂ − θ|. (1)

The first term is the cross-entropy loss, while the second,
pose loss, is the L1 difference between the ground truth and
estimated pose parameters. λt and λθ serve as the weights
for their respective loss terms. To train our multi-modal
LLM model, we construct data by leveraging existing task-
specific datasets below.
Text to Pose Generation. A 3D human pose can be
generated from a detailed textual description of the pose.
The data pairs in this case are SMPL pose parameters
and detailed text description labels {Xq, θ̂}. To fit this
data into a question-answer format, we employ templates
such as “USER: {description}, can you give the

SMPL pose of this person. ASSISTANT: Sure,

it is <POSE>.”, where {description} contains the
pose descriptions Xq from the dataset.
Human Pose Estimation. Conventional methods of 3D
human pose estimation [12, 22] typically involve using
cropped images to regress SMPL body shape and pose
parameters. Similarly, we use pairs of cropped images
and SMPL pose parameters {Xv, θ̂}. To format the data
suitably for visual question answering, similar to text to
pose generation, we use a question-answer template like
“USER: <IMAGE> Can you provide the SMPL
pose of the person in the center of
this image? ASSISTANT: Sure, the SMPL pose

of this person is <POSE>.”, where <IMAGE> is a
placeholder for the input image tokens. The corresponding
ground truth SMPL pose parameters θ̂ are used to calculate
the pose loss as in Equation 1. During training, we also use
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LLM

SMPL Projection

SMPL Model

Their hands are approximately shoulder 
width apart and their right upper arm is
parallel to the floor while their right elbow 
is a bit bent, their right knee and their left 
knee are in l-shape. 

The SMPL pose
is <POSE>.

Vision Encoder

Vision Projection

Can you give the SMPL pose of this person?

SMPL Projection

SMPL Model

Sure, it’s <POSE>.

LLM

Vision Encoder

Vision Projection

What are the possible reasons for the dog's 
outfit and the context in the image?

In the image, a small black pug is wearing 
a Harley-Davidson shirt, goggles 
(sunglasses), and is sitting on a motorcycle. 
The dog's outfit and presence on the 
motorcycle suggest that it is participating 
in a themed event or promotional activity 
related to motorcycles or the Harley-
Davidson brand. In such scenarios, it is 
common for pets, especially dogs, to be 
dressed up in outfits and accessories to 
reflect the theme of the event or attract 
attention. 

LLM

Figure 2. Method and Training Overview. Our model is composed of a multi-modal LLM (with vision encoder, vision projection layer and
LLM), a SMPL projection layer, and the parametric human body model, i.e. SMPL [32]. The multi-modal LLM processes text and image
inputs (if provided) to generate textual responses. In the training phase, we focus on training the SMPL projection layer and fine-tuning the
LLM, while keeping the other components frozen. The three data types used for the end-to-end training are: text-to-3D pose generation,
image-to-pose estimation, and multi-modal instruction-following data. When an image is available, its information is used by the LLM to
deduce an answer. If the user inquires about a SMPL pose, the LLM responds with a <pose> token. The embedding related to this token
is then used to predict the SMPL pose parameters, leading to the generation of a body mesh, as visualized.

other templates to generate question-answer data to ensure
diversity; please see Sup. Mat. for details.
Multi-Modal Instruction-following. In order to maintain
the multi-modal LLM’s inherent capability for multi-turn
conversations, we use a multi-modal instruction-following
dataset during training. Following LLaVA-V1.5 [29], we
utilize the LLaVA-V1.5-MIX665K2 dataset, which is cre-
ated through queries made to GPT-4.

3.3. Reasoning about Human Pose

After training, our model is capable of estimating SMPL
poses from single images, generating poses based on de-
tailed descriptions, and facilitating question-and-answer
conversations. Remarkably, even without integrating SMPL
pose into multi-turn conversations or linking complex
phrases with SMPL pose, our model demonstrates a zero-
shot capability for reasoning about human poses within
multi-turn dialogues. This suggests that the model is able to
interweave reasoning and world knowledge with the SMPL
pose representation. Therefore, in addition to conventional
evaluation approaches for human pose and generation tasks,
we introduce two new tasks that require reasoning skills:
Speculative Pose Generation and Reasoning-based Pose Es-
timation. These new tasks leverage the model’s ability to
apply reasoning in the context of human pose analysis.

2liuhaotian/LLaVA-Instruct-150K

Speculative Pose Generation (SPG). In this task, rather
than using explicit pose descriptions from the text-to-
pose generation dataset, users pose indirect questions
about a person’s state, requiring the LLM to deduce
and generate the appropriate pose. For instance, a user
might ask, “USER: {descriptions implicit},
can you give the SMPL pose of this person?

ASSISTANT: Sure, it is <POSE>.” Here,
{description implicit} represents speculative
queries such as “This man is proposing marriage, what
pose might he be in?”. This kind of inquiry requires an
understanding of global concepts such as “marriage” and
the capacity to logically deduce the individual’s pose,
followed by the generation of SMPL pose parameters. To
create an evaluation dataset, we use pose descriptions from
the PoseScript [7] dataset as a source. We then query GPT4
to reformulate these descriptions into questions about the
activities associated with each pose, generating a total
of 20k responses, of which 780 examples are used for
evaluation. These responses are then manually reviewed
and corrected as needed.
Reasoning-based Pose Estimation (RPE). Standard hu-
man pose estimation methods typically first run a per-
son detector and then only process a cropped im-
age around the person. This ignores scene con-
text, which can be useful in reasoning about human
pose. In contrast, RPE lets users make inquiries about
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PoseScript [7] SPG Benchmark

Method RP2T ↑ RT2P ↑ RP2T ↑ RT2P ↑

PoseScript [7] 22.6 / 31.0 / 42.3 22.4 / 32.1 / 43.6 1.9 / 3.8 / 6.5 2.8 / 4.3 / 7.2
ChatPose 17.6 / 25.3 / 35.8 28.0 / 39.0 / 54.4 8.6 / 14.2 / 20.8 10.9 / 16.9 / 25.3

Table 1. Comparison of classical and speculative pose genera-
tion. Arrows show whether higher or lower values are better. Top
5 / 10 / 20 retrieval recall rates are reported for pose generation on
the PoseScript test set and our new SPG Benchmark.

an image before requesting details about a person’s
pose. Specifically, we define RPE as: “USER:<IMAGE>
{description person}, can you give the SMPL

pose of this person? ASSISTANT: Sure, it is

<POSE>.” In this case, {description person} could
be queries about a particular individual, such as “The man
with black hair”, or “the woman near the stairs”. The
model is required to interpret the scene context and gen-
erate the SMPL pose parameters for the individual fit-
ting the description. To evaluate this task, we start with
image-to-SMPL pose pairs from standard pose estima-
tion evaluation datasets. We then use GPT4V to gener-
ate descriptions of the individuals in these images. The
generated descriptions are subsequently refined manually.
Specifically, we sample 50 multiple-person images from
the 3DPW [51] test set. For each individual, we collect
descriptions that cover behavior, outfits, pose,
shape, summary, where summary summarizes all the
other attributes. This process leads to a total compilation
of 250 question and answer pairs for evaluation. For more
details of the collection pipeline, please see the Sup. Mat.

4. Experiments
We employ LLaVA-1.5V-13B [30] as the multimodal LLM
backbone, with CLIP [41] for vision encoding and Vicuna-
13B [63], finetuned from Llama 2 [50] on conversational
data, for the LLM backbone. We maintain the CLIP en-
coder and vision projection layer, while training the SMPL
projection layer from scratch and fine-tuning the LLM us-
ing LoRA. The SMPL projection layer is an MLP with
layer dimensions of [5120, 5120, 144]. Following previous
work [12, 22], our network predicts 6D rotations [64] for
the SMPL pose, which are converted into rotation matrices
for loss computation. For further implementation details,
training details, our ablation study, and details about LLM
backbones, please see Sup. Mat.

4.1. Datasets

Text to Pose Generation. We use the text-to-SMPL pose
pairs from PoseScript [7], which features textual descrip-
tions of 20k diverse human poses derived from the AMASS
[33] dataset. Within this dataset, 6.5k texts are human-
annotated and there are six types of automated labels for
the entire set of 20k poses. Our training employs their des-
ignated training set of approximately 14k pairs. Addition-

This person could be proposing marriage, traditionally done by 
kneeling on one knee to signify commitment and respect.

ChatPoseGPT4 with DALL·E PoseScript

This person appears to be searching for something on the 
ground, perhaps looking for a lost item under furniture.

ChatPoseGPT4 with DALL·E PoseScript

The person is squatting so that upper body is resting on the 
back of their legs raise up on their toes. Both arms are 
extended out to the side but bent so the lower arms are going 
upward and slightly forward. The head is level and looking 
straight forward.

ChatPoseGPT4 with DALL·E PoseScript

Figure 3. Speculative Pose Generation (SPG). GPT-4
(DALL·E) [36] generates images that depict the correct pose but
does not explictly generate 3D poses. In contrast, PoseScript [7] is
a task-specific method for 3D pose from language but it is not able
to relate high-level concepts like “searching under furniture” with
3D pose. In contrast, ChatPose, understands high-level concepts
and how to relate them to 3D pose. The methods in orange address
SPG, while the green region indicates the “classical” approach.
The first two query examples are sourced from our SPG bench-
mark, which offers implicit text queries regarding human poses.
The third example is derived from the PoseScript test set, which
has detailed descriptions of human poses.

ally, we observe that the automatically generated labels in
the dataset exhibit significant noise. Thus, we prioritize hu-
man labels when available; in their absence, we randomly
select one of the automated labels for each pose.
Human Pose Estimation. In line with prior research on
“classical” 3D human pose and shape regression, we em-
ploy datasets from Human3.6M [17], MPI-INF-3DHP [34],
COCO [28], and the MPII dataset [1] for training. These
datasets include training pairs of images with ground-truth
or pseudo-ground-truth SMPL pose parameters. Note that
we ignore the SMPL shape parameters here. Unlike previ-
ous methods, which typically use significant data augmenta-
tion (e.g. [21, 27]), our approach solely uses tightly cropped
images without any additional augmentation such as blur or
occlusion. Despite this, our model still demonstrates good
generalization to these scenarios, suggesting that the net-
work is able to leverage its general visual capabilities.
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Image SPIN HMR 2.0 LLaVA-S LLaVA*-S LLaVA-P GPT4-S GPT4-P ChatPose

Figure 4. We compare multi-modal LLMs (LLaVA [30], GPT-4 [36]) and traditional HMR-style methods (HMR2.0 [12], SPIN [22]) for
classical human pose estimation. LLaVA* is LLaVA fine-tuned with keypoint data.

Stage 1 Stage 2
Text Description

AveragedBehavior Shape Outfit Pose Summary

SPIN [22] - 244.9 / 107.3 / 12.4 244.9 / 107.3 / 12.4 244.9 / 107.3 / 12.4 244.9 / 107.3 / 12.4 244.9 / 107.3 / 12.4 244.9 / 107.3 / 12.4
HMR 2.0 [12] - 225.2 / 105.7 / 12.1 225.2 / 105.7 / 12.1 225.2 / 105.7 / 12.1 225.2 / 105.7 / 12.1 225.2 / 105.7 / 12.1 225.2 / 105.7 / 12.1

LLaVA [30] SMPLify [3] 490.7 / 200.6 / 20.9 462.3 / 204.3 / 20.2 481.1 / 198.7 / 20.0 480.9 / 207.4 / 21.1 490.7 / 207.4 / 21.1 481.1 / 203.7 / 20.7
LLaVA [30] PoseScript [7] 370.8 / 182.3 / 17.5 407.8 / 191.3 / 18.0 440.7 / 190.4 / 17.6 363.2 / 177.9 / 17.4 391.5 / 191.9 / 17.8 394.8 / 186.8 / 17.7
ChatPose (Ours) - 307.9 / 102.9 / 12.1 269.9 / 103.7 / 12.0 265.6 / 102.6 / 11.8 277.9 / 96.0 / 11.7 253.6 / 103.8 / 11.7 275.0 / 101.8 / 11.9

Table 2. Comparison of reasoning-based pose estimation with different text descriptions. MPJPE / PA-MPJPE/ MPJRE (×100) on the
RPE benchmark are reported. Examples of each description type are in the Sup. Mat. Bold shows the best model for each metric.

The man wearing a light brown hat is preparing 
to stand up. He is bending his body, with his 
head, waist, and knees all bent, while his arms 
are extended and crossed in front of his chest. 
Could you give the SMPL pose of this person?

HMR 2.0 SPINLLaVA-S LLaVA-P ChatPose

The person facing away from the camera is 
wearing a black backpack. He is walking 
forward with his left leg bent and slightly 
lifted. Could you give the SMPL pose of this 
person?

LLaVA-S LLaVA-P ChatPose HMR 2.0 SPINTarget

Target

Figure 5. Comparison with LLaVA [30] and classical HMR-style
methods (HMR2.0 [12] and SPIN [22]) on reasoning-based hu-
man pose estimation. For each method, we utilize the entire
image provided by the user as input, without applying cropping.
Methods involving LLMs are highlighted in orange, while those
that are purely task-specific methods, are marked in green.

4.2. Evaluation Metrics and Baselines

Generation. For both the standard text-to-pose generation
task and our new speculative pose generation (SPG) task,
we use the evaluation metrics established in PoseScript [7].

3DPW [52] H3.6M [17]

Method MPJPE ↓ PA-MPJPE ↓ MPJRE ↓ MPJPE ↓ PA-MPJPE ↓

SPIN [22] 102.9 62.9 10.1 61.9 42.6
HMR 2.0 [12] 91.0 58.4 9.2 50.0 33.6

LLaVA-S [30] 440.8 205.4 21.8 461.3 195.4
LLaVA *-S [30] 232.1 101.1 12.8 246.0 118.2
GPT4-S [36] 322.0 136.7 16.0 336.9 144.0
LLaVA-P [30] 335.2 172.3 16.5 334.1 172.5
GPT4-P [36] 396.5 203.4 18.6 354.1 203.5
ChatPose (Ours) 163.6 81.9 10.4 126.0 82.4

Table 3. Comparison on Human Pose Estimation. MPJPE
(mm), PA-MPJPE (mm), and MPJRE (×100) are reported.

We report the text-to-pose recall rate RT2P and the pose-to-
text recall rate RP2T of the retrieval models trained on real
poses and evaluated on generated poses. Following previ-
ous work [7], for the SPG task, the retrieval model is re-
trained for evaluation using SPG training data.
Estimation. To evaluate traditional and reasoning-based
3D pose estimation, we use the traditional metrics: Mean
Per-Joint Position Error (MPJPE) and this error after rigidly
aligning the posed body with the ground truth (PA-MPJPE).
Additionally, we introduce the Mean Per-Joint Rotation Er-
ror (MPJRE) to more directly evaluate body pose accuracy.
To evaluate human pose estimation, we select 200 samples
from the 3DPW [51] and Human3.6M [17] test sets. To
assess ChatPose’s performance on SPG and RPE tasks, we
introduce several baseline methods:
• LLaVA*. Instead of utilizing the pose token <POSE>,

human poses can be represented through language, such
as textual descriptions of keypoint locations. Using the
same dataset pairs as in ChatPose, we formulate VQA
pairs as described in Sup. Mat. for training. We then fine-
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tune the base model LLaVA, referred to as LLaVA *, with
results shown in Table 3 and Fig. 4.

• LLaVA-S, LLaVA*-S, and GPT4-S. For the RPE task,
we initially request LLMs, such as LLaVA [30], LLaVA*,
and GPT4 [36], to provide textual descriptions of the key-
point locations for the target individual, and then apply
SMPLify [3] to optimize the human poses based on these
keypoint locations.

• LLaVA-P and GPT4-P. Similarly, for RPE and SPG
tasks, we use LLMs like LLaVA [30] and GPT4 [36] to
describe human poses in response to questions, and then
generate SMPL poses with PoseScript [7] from these de-
scriptions. We show the RPE results in Figure 5 and SPG
comparison in Sup. Mat.

4.3. Pose Generation

We evaluate ChatPose’s pose generation capabilities on
both the classical task and the new SPG task. Fig-
ure 3 shows how ChatPose handles detailed and specu-
lative queries, outperforming PoseScript in complex sce-
narios involving reasoning. While ChatPose and DALL·E
produce different output modalities (3D poses vs images),
they both “understand” the concepts. Quantitatively, as Ta-
ble 1 shows, ChatPose performs comparably to PoseScript
on classical tasks (with detailed pose descriptions) and out-
performs it on speculative pose generation.

4.4. Pose Estimation

Figure 4 and Table 3 show qualitative and quantitative re-
sults on classical human pose estimation. ChatPose out-
performs other Multi-modal LLMs, yet it does not match
the performance of methods designed and trained specifi-
cally to estimate 3D human pose. This is not surprising and
we see these results as a first proof-of-concept. For failure
cases, please see the Sup. Mat. In reasoning-based human
pose estimation, ChatPose outperforms both task-specific
and multi-modal LLM methods. This is illustrated in Fig. 5
and Table 2. Notably, the MPJPE is heavily affected by the
global orientation, while PA-MPJPE lessens this impact, of-
fering a truer reflection of body pose accuracy. ChatPose
has trouble estimating global orientation of the person; this
could likely be addressed by additional training.

We also found that ChatPose generalizes well to strong
occlusions. Even without any data augmentation during
training. This suggests that it is able to leverage its gen-
eral visual knowledge about occlusion in solving the human
pose estimation problem. See Sup. Mat. for examples.

4.5. GPT-Assisted Evaluation

When training ChatPose to understand 3D pose, it is criti-
cal that it does not forget its general knowledge. To evaluate
this, we follow LLaVA’s [30], using GPT4-Assisted evalua-
tion. Table 4 shows ChatPose slightly lags LLaVA, indicat-

Method Conv Detail Complex All
LLaVA-V1-13B [30] 83.1 75.3 96.5 85.1
LLaVA-V1.5-13B [29] 84.4 81.0 93.9 86.5
ChatPose (Ours) 78.8 76.2 96.7 84.0

Table 4. GPT4-Assisted Evaluation. “Conv,” “Details,” and
“Complex” signify three categories of questions produced by the
LLaVA data generation pipeline, covering conversation, detailed
description, and complex reasoning.

ing ChatPose successfully combines 3D pose abilities with
its vision and language understanding.

4.6. Ablation study

We evaluate the impact of different aspects of ChatPose,
including human pose representations, multi-modal LLM
backbones, and various datasets. Please refer to Sup. Mat..

5. Conclusions
ChatPose makes a first step towards integrating 3D human
pose estimation with the general reasoning capabilities of
LLMs. This study teaches us several things. First, multi-
modal LLMs can be fine-tuned to infer 3D human pose from
images. In particular, they are able to infer the real-valued
rotations of human body parts. To our knowledge, this is the
first demonstration that such models can directly solve this
task. Second, the model can connect 3D human pose with
language. This is important because it opens up many pos-
sibilities both for applications and for training. Third, we
have demonstrated new use cases in which a user can chat
with the language model about 3D human pose using text
and images. We think this is the beginning of a rich space
that will open up new ways of training and using LLMs to
reason about 3D human pose.
Limitations. The accuracy of our 3D pose estimation from
images is below recent specialized regressors. Better qual-
ity data relating language to pose is needed. A key lesson
of recent LLM research is that the scale and quality of the
data is key. Additionally, freezing the vision encoder is a
limitation which could be overcome with a more powerful
backbone or by fine-tuning the whole model on more data.
Future work. Future work should also improve the abil-
ity of ChatPose to have multi-turn conversations about 3D
pose. It should also be possible to enable pose editing,
cf. [8]. It should be straightforward to extend our work to in-
fer and reason about 3D body shape and human movement.
The extension to video input is particularly promising given
recent progress on video models, which have broad knowl-
edge about the 3D world and human behavior, e.g. [2].
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