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Abstract

In this paper, we introduce DirectorLLM, a novel video generation model that em-
ploys a large language model (LLM) as the “director” to simulate human poses within
videos. To enhance the authenticity of human motions in text-to-video models, we extend
the LLM from a text generator to a video director and human motion simulator. We train
the DirectorLLM to generate detailed human poses, to guide video generation, offloading
the simulation of human motion from the video generator to an LLM, effectively creat-
ing informative outlines for human-centric scenes. These signals are used as conditions
by the video renderer, facilitating more realistic and prompt-following video generation.
Experiments on automatic evaluation benchmarks and human evaluations show that our
model outperforms existing ones in generating videos with higher human motion fidelity,
improved prompt faithfulness, and enhanced rendered subject naturalness.

1 Introduction

The fields of image and video generation have witnessed remarkable advancements, largely
due to the emergence of diffusion-based models like DALL-E 2 [28], Imagen [31], Stable
Diffusion [30], Emu [9], eDiff-I [6], Kandinsky [29], Stable Unclip [2]. These models em-
power users to create diverse and realistic visuals from text prompts. Building on these
advances, video generation models such as VideoCrafter [8] and LaVie [39], Sora [24],
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CogVideoX [16], and Movie Gen [26] have demonstrated unprecedented capacities, achiev-
ing longer and high-quality videos across various resolutions and aspect ratios. Methods like
VideoComposer [38] and DreamVideo [41] integrate video generation with various control
signals. Although these techniques significantly improve content generation and customiza-
tion, they often face limitations in understanding human poses and motion dynamics across
extended video durations.

Recent advancements in text-to-image and text-to-video generation leverage large lan-
guage models (LLMs) to improve the spatial and temporal coherence of generated content.
Generating complex visual dynamics directly from text prompts remains a significant chal-
lenge for diffusion models, especially when maintaining coherent spatial and temporal rela-
tionships. To address this, recent research LVD [19], LayoutGPT [11], attention-refocusing
[25], and VideoDirectorGPT [20] have explored using LLMs like GPT-4 [1] and PaLM?2 [4]
to produce explicit spatiotemporal layouts, such as bounding boxes or frame-by-frame de-
scriptions, derived from a single user prompt. These layouts then serve as a foundation for
conditioning diffusion models, enhancing their ability to produce images and videos with
coherent object relationships across frames. By transforming the narrative input into precise
bounding boxes and layout structures, these methods rely on off-the-shelf LLM to simulate
subject dynamics, improving motion consistency and dynamic realism.

In this work, we present DirectorLLLM, a novel T2V model designed to tackle the chal-
lenge of creating realistic and dynamic human-centric videos with improved human motions.
Existing methods [8, 39] generally rely on diffusion models to synthesize videos directly
from text prompts, requiring the model to simultaneously manage scene understanding, ob-
ject interactions, and video rendering, often resulting in anatomically inaccurate human body
outputs, such as broken or extra limbs, unnatural joint movements, or abrupt shifts in human
motion. To address these limitations, we decouple scene understanding and pose simula-
tion from the video generation process. In the real-world movie production, the director
works closely with actors to shape their portrayals, providing direction on how to deliver
lines, express emotions, and move within a scene. As shown in Fig. 1, our vision is to train
a large language model to assume the role of a director for human-centric video genera-
tion. our approach consists of three main components: a specialized large language model
(LLM) that interprets the text prompt to generate human poses at 1 frame per second (FPS),
a compact linear diffusion model that interpolates these sparse poses to a smooth 30 FPS,
enhancing temporal consistency, and a video generator (VideoCrafter [8]) enhanced with
pose ControlNet [46] to render realistic videos conditioned on both the predicted human
poses and text prompt . This structured framework allows the LLLM to handle scene un-
derstanding and human motion simulation, offloading these tasks from the video generator,
which can then focus on creating visually accurate frames. By integrating these specialized
components, our model achieves improved realism and coherence in human-centric video
generation compared to prior methods.

Our contributions are as follows: (i) To our knowledge, this is the first work to train
a large language model (e.g., Llama 3 [10]), residual VQ-VAE [35], and linear diffusion
for simulating and generating human poses, specifically tailored for text-to-video generation
task. (ii) We enhance diffusion-based text-to-video (T2V) synthesis by integrating predicted
human motion, leading to improved realism and coherence in human-centric videos. (iii) Our
system advances the current state of T2V synthesis, particularly in terms of human motion
realism and temporal consistency.
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Figure 1: The pipeline consists of two main parts: the DirectorLLM and the video renderer (cil
ematographer). The DirectorLLM, based on Llama 3, handles high-level scene understanding,
dicting subject's location, motion, pose, and interactions within the scene based on the user input
prompt. The video renderer then generates realistic and temporally consistent video frames conditi
on the guidance provided by the DirectorLLM. In this paper, we apply this concept to human-cen
text-to-video generation.

1.1 Related Work

Text-to-video (T2V) generation.Text-to-video (T2V) generation leverages deep learnin
models to interpret text input and generate video content, and it's been evolving rapi
Notable models, such as ModelScopeT2V [37] and LaVie [39], enhance video synthesis
integrating temporal layers within spatial frameworks to achieve more cohesive video c
put. VideoCrafter2 [8], for instance, tackles the scarcity of labeled video data by maki
use of high-quality image datasets to improve training. Transformer-based models like <
[24] have achieved impressive results in generating videos with high visual quality, sta
temporal consistency, and varied motion dynamics. Moreover, Movie Gen [26] pushes
boundaries further, achieving exceptional quality in both video and audio generation. Re
work has explored the incorporation of explicit motion controls. Notable works include Ar
mateDiff [12], VideoComposer [38], CameraCtrl [13], Direct-A-Video [43], and MotionCtrl
[40], which design speci ¢ modules to encode camera trajectories. Trajectory-based mo
guidance is used in works such as DragNUWA [44], MotionCitrl [40], Motion-12V [32], Tore
[48], and DragAnything [42], while box-based motion guidance is used by TrailBlazer [2
and Boximator [36]. Additionally, methods like MotionDirector [49] use reference videc
to extract motion patterns for generation. In contrast to these models, which require u
provided motion signals, our model takes care of generating human poses. , enabling 1
text-driven human-centric video generation.

LLM inimage and video generationSeveral recent text-to-image models have incorporate
large language models (LLMSs) to assist image and video generation. Methods like Layt
GPT [11] employ a program-guided method for layout-oriented visual planning across v
ious domains. Additionally, Attention Refocusing [25] introduces innovative loss functiol
to realign attention maps according to speci ed layouts. Building upon these developme
recent efforts have extended the use of LLMs to assist text-to-video models. Free-bloom
leverages LLMs to generate detailed frame-by-frame descriptions from a single prompt,
riching the video's narrative. LLM-grounded video generation [19] and VideoDirectorGP
[20] propose a training-free approach to guide diffusion models using LLM-generated frar
by-frame layouts. GPT-4-Motion [21] uses GPT-4 [1] to generate scripts for Blender to pi
duce scene components, which serve as conditions for Stable Diffusion to synthesize vic
Unlike previous work that uses pre-trained and frozen language models to generate la
and bounding boxes from text prompts, our model ne-tunes a large language model, Llz
3 [10], to predict vector-quantized tokens to simulate human poses, enabling more acct
motion understanding tailored for video generation.
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Figure 2: Overall design of our model architecture. The DirectorLLM processes the text prompt
to generate instance-level bounding boxes and human skeletons, effectively acting as a layout &
motion planner. The linear diffusion module interpolates human skeletons, enhancing smoothness &
consistency before nal rendering. These outputs guide the video generation process in a U-Net-bas
video generator which employs ControlNet for ne-grained pose control.

2 Method

2.1 Preliminaries

Text-to-video.T2V diffusion models are designed to generate video content by adding nois
in a latent space and then learning to denoise it. The process starts by encoding an inj
video into a latent representatian, Noise, represented &y is incrementally added to this
latent representation over time stépsreating a noisy laters that corresponds to different
noise levels. This progression simulates a reverse Markov chain [30] process, where tl
diffusion model,gy, is trained to predict and remove the noise adder s it transitions
back toward the clean latent representation. The model is trained using a reconstruction Ic
that minimizes the difference between the actual neiaed the predicted noisg (z;c;t),
wherec represents a conditional input, such as text or an image used for guidance. This
expressed mathematically as:
h i
L=Eze n ©:)itic ke eq(zt;C;t)kg 1)

Motion generation. Prior works on diffusion have explored audio to dance [34], text to

motion [18, 47], audio to gestures [3, 5, 45] and speech to human pose [23]. Audio2Photore
[23] presents an avatar pose generation systems conditioned on audio inputs. Given spe
audio, it outputs multiple possibilities of gestural motion for an individual, including face,
body, and hands. Unlike these pose models, our method focuses on generating dynar
human poses directly from text prompts at the context of text to video generation, leveragin
a ne-tuned large language model for detailed and contextually accurate motion planning.

2.2 Methodology

Our model consists of three main stages: a large language nadeltgned from Llama
3 [10]) generates discretized human pose tokens from text prompts at low FPS for hum:
motion planning, followed by a linear diffusion model for pose interpolation. The nal stage
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uses a video generation model (VideoCrafter2 [8]) enhanced by ControlNet [46] to prodi
realistic human-centric videos.

DirectorLLM. Our DirectorLLM, built on Llama 3 [10], plays a crucial role in scene under-
standing and human pose generation planning, serving as a high-level director that inter,
the text prompt to produce structured, instance-level layouts for human motion. Give
prompt, the DirectorLLM identi es content of the requested video in the scene and predi
corresponding human pose tokens at 1 fps. To make these outputs compatible with our g
ative pipeline, we convert continuous human pose vectors into discrete tokens via a resi
vector quantized autoencoder (VQ-VAE [35]), enabling the LLM to process human pose

cross-entropy loss using the standard next-token prediction framework,

log[p(Zot 1) = ] (2
1

Qo5

L=
t

wherep(zy: 1) represents the predicted probability given the preceding tokens.

Our LLM learns human pose dynamics through extensive text and video data. We st
its structure in Fig. 3 middle part. By embedding human poses as tokenized predictions,
DirectorLLM effectively captures the relationship between complex human dynamics a
text prompts, enabling control over movement and interactions in the generated video. °
component predicts 1 FPS human motions that align closely with the intended actions in
text prompt, which will be further enhance by diffusion pose interpolator.

Diffusion interpolator. We train a compact linear diffusion model to densify sparse pose
generated by LLM into smooth and temporally consistent outputs at 30 FPS. As shc
in Fig. 3 right part, this model enhances the initial sparse human poses by generating
termediate frames that maintain natural motion and dynamics. We incorporate conditic
pose information through cross-attention layers, allowing the model to re ne pose sequer
frame-by-frame based on both structural and temporal cues. To improve delity further, \
condition the model on CLIP [27] embeddings of the text prompt, enhancing alignment |
tween the generated dynamics and the scene description. Additionally, we employ classi
free guidance [15] by intermittently replacing conditions with zero tensors during trainin
promoting the model's ability to synthesize realistic sequences even under partial guida
This linear diffusion process enables seamless transition from sparse layouts to dense,
frequency poses, preparing the input for the nal video generation phase.

ControlNet video diffusion.In our video generator, we build our renderer on VideoCratfter:
[8], a text-to-video generator with a UNet architecture. We enhance following the design
ControlNet [46] on additional human pose signals, ensuring that it adheres closely to the
dicted human poses and dynamics throughout the video generation process. We incorp
zero convolution layers between ControlNet and original UNet, which are initialized wi
zero weights, minimizing its interference with the original U-Net's operations at the begi
ning of training. We choose a UNet structured model as our base video generator insteac
diffusion transformer (DiT) due to the substantial computational demands of DiT. Diffusi
transformer requires self-attention across all spatial and temporal locations, which mak
very costly. In our design, we of oad the high-level motion understanding and planning
dedicated large language model (LLM) and a pose interpolator, reducing the workload
the video generator. This division of tasks enables the UNet model to focus exclusively
rendering details based on the human poses generated by the prior components, app
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Figure 3:Overview of DirectorLLM. Left: The VQ-VAE module encodes human poses into discrete
tokens. Middle: The Llama 3-based DirectorLLM interprets text prompts to generate bounding boxe
and pose tokens for each instance in the scene. Right: The linear diffusion model interpolates spa
frames to dense sequences, integrating pose conditions and CLIP-encoded text prompts, produc
smooth poses.

Figure 4: Examples of generated poses and videos frames from DirectorLLM. Poses are generat
from the LLM and interpolated by pose diffusion model. We show more pose-video sequences in tf
supplementary material.

ate for generating realistic, temporally consistent human-centric video frames, making it
ef cient and suitable choice.

3 Experiments

3.1 Dataset

For data preparation, we start with the Shutterstock (SSTK) [33] video dataset, generatir
detailed scene descriptions with a video captioning model. As our task focus on huma
centric video generation, we Iter the dataset and only keep human-centric video sample
We collected videos where the same person appears across all frames following [26]. Th
we apply OpenPose [7] on each frame to extract precise pose information. The extract
poses have 18 key points, disregrading all hand and feet points. We limits a maximur
sequence length of 240 frames to capture extended scenes. During training, a subseque
of 200 frames is randomly sampled, with shorter sequences zero-padded to reach this lenc
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Figure 5: Qualitative comparison. Comparison of our model with baseline models (VideoCraft
LaVie, and CogVideo) across six different video generation scenarios, each described by a text pro
Our model consistently produces realistic and coherent human poses without visual artifacts, while
baselines frequently exhibit errors highlighted in dashed red boxes. These baseline failures inc
anatomical inconsistencies like extra limbs, detached body part, and abrupt direction changes.

From the 200 complete frames, we evenly extract 20 key frames. This thorough ltering &
annotation process produces a high-quality dataset, well-suited for our model's structt
scene planning and pose conditioning tasks.

3.2 Training and Implementation Detail

Our training pipeline consists of four steps: (1) training a 6 depth residual vector-quanti:
VQ-VAE [35] human poses, effectively discretizing the human poses, (2) training the lar
language model Director on these pose tokens, (3) training a linear diffusion model
smoothing and interpolation, and (4) training a ControlNet [46] for the video generator.
As shown in Fig. 3 left part, to convert continuous human poses detected by OpenF
into discrete tokens compatible with our large language model, we train a temporally-aw
vector-quantized variational autoencoder (VQ-VAE [35]). Our VQ-VAE is structured as
residual linear model with a depth of six, meaning it employs six codebooks, each with a
of 512. Ittakes in 20 pose key frames and convert them into 120 token ids. This con gurat
allows for high- delity discretization, capturing complex pose dynamics while ef ciently
encoding temporal information across frames. By transforming continuous pose vectors
discretized tokens, this VQVAE enables our large language model to effectively handle :
predict pose sequences as structured data within a standard text generation pipeline.
Our large language model, ne-tuned from Llama 3 [10], is adapted to generate hun
poses tokens based on text prompts, with an extended vocabulary to accommodate n
added pose tokens. We show its structure in Fig. 3 middle part. The model is initializ
from Llama 3 8B model checkpoint and all model parameters within its transformer ste
are trained at this stage. The model is trained as a standard language generation mode



