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Overall Introduction

• LLaVA-ST is the first MLLM capable of simultaneously processing spatial-temporal fine-grained understanding 
tasks and demonstrates high performance across various tasks of fine-grained multimodal understanding. 

• Examples of spatial-temporal interleaved fine-grained understanding tasks in the proposed ST-Align Benchmark, 
which include Spatial Temporal Video Grounding (STVG), Event Localization and Captioning (ELC), and Spatial 
Video Grounding (SVG).



Motivation

We refer to tasks that require processing visual coordinates based on linguistic input as fine-grained multimodal 
understanding, designing a unified MLLM for spatial-temporal fine-grained understanding tasks faces two major 
challenges:

Ø Difficulties in multimodal coordinate alignment
Ø Challenges in preserving visual details

Our contributions are summarized as follows: 
i) We propose LLaVA-ST, the first MLLM capable of end-to-end processing fine-grained spatial, temporal, and 

interleaved fine-grained multimodal understanding tasks. We introduce the LAPE to reduce the difficulty of 
aligning coordinate features between vision and language and STP to preserve fine-grained spatiotemporal 
context in the video feature compression process. 

ii) We propose a progressive training strategy for LLaVA-ST, enabling the model to progressively learn content 
alignment, coordinate alignment and multi-task ability. To support the training process, we construct the 
STAlign dataset which includes 15 different tasks and 228K newly conducted data samples. 

iii) We perform experiments for on 11 different benchmarks, including TVG, video QA, REC and spatial-temporal 
interleaved tasks, and the results demonstrate the outstanding capabilities of LLaVA-ST.



Model Architecture

We introduce discrete special tokens to represent spatiotemporal coordinates within the language modality. LAPE 
embed these coordinate representations into the visual feature space. Furthermore, the STP module utilizes a two-
stream packing mechanism to efficiently compress the features.



Design of LAPE

To avoid the inefficiency of tokenizing numerical text, we extend the vocabulary of the LLM by introducing special 
tokens for coordinates. These special tokens are incorporated into the input text embeddings and output layers of the 
LLM. We then embed the spatial tokens into the visual features as positional embeddings.  LAPE leverages coordinate-
related input text embeddings and features within the output layer matrix as visual positional embeddings. 



Design of STP

Above illustrates the calculation process of a patch feature in packers. After obtaining the region feature and the pooled 
feature, each is processed through an MLP, followed by cross-attention computation. The pooled feature is then added 
to the output feature through a residual connection. packert share the similar architecture but with temporal pooling 
dimension. 



STAlign Dataset

To enhance the stability of the training process and improve the model’s final performance, we partitioned the training 
data into three stages based on data quality and the granularity of visual-text alignment. These stages are: content 
alignment, coordinate alignment, and multi-task instruction tuning. 



STAlign Benchmark

To address the current deficiency of data involving fine-grained 
multimodal understanding with spatiotemporal interleaving, we 
employ GPT-4-turbo to revise and enhance the textual 
annotations of VidSTG, adapting them for the following three 
tasks: 
i) Spatial Video Grounding (SVG): based on the event 
duration and textual description, locate the tracklet of the event 
subject. 
ii) Spatial Temporal Video Grounding (STVG): localizing the 
spatiotemporal tube of the event subject in the video based on 
the event description. 
iii) Event Localization and Captioning (ELC): given a 
starting position and the bounding box of the event subject, 
locate the ending position of the event and provide a description 
of the event. 



Results on Fine-Grained Spatial-Temporal Grounding



Results on General Video QA



Ablation Study



Quantitative Results
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Thanks for Listening!


