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Figure 1: JavisGPT supports multi-level synchronized audio-video content (i.e., sounding video)
comprehension (left), and simultaneously complex instruction-based audio-video generation, inter-
leaved in-context generation (middle), and multi-turn proactive conversations (right).

Abstract

This paper presents JavisGPT, the first unified multimodal large language model (MLLM)
for joint audio-video (JAV) comprehension and generation. JavisGPT has a concise encoder-
LLM-decoder architecture, which has a SyncFusion module for spatio-temporal audio-video
fusion and synchrony-aware learnable queries to bridge a pretrained JAV-DiT generator. This
design enables temporally coherent video-audio understanding and generation from multimodal
instructions. We design an effective three-stage training pipeline consisting of multimodal
pretraining, audio-video fine-tuning, and large-scale instruction-tuning, to progressively build
multimodal comprehension and generation from existing vision-language models. For instruc-
tion tuning, we construct JavisInst-0mni, a high-quality instruction dataset with over 200K
GPT-4o-curated audio-video-text dialogues that cover diverse and multi-level comprehension
and generation scenarios. On JAV comprehension and generation benchmarks, our experiments
show that JavisGPT outperforms existing MLLMs, particularly in complex and temporally
synchronized settings.
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Figure 2: Overall architecture of JavisGPT, which can perceive and produce videos and sounds
simultaneously. The input video and audio are encoded and fed into the SyncFusion module, and
the resulting synchronized audio-video representation, together with the text tokens and learnable
JavisQueries are then passed to the LLM backbone. During decoding, the yielded JavisCond em-
beddings are used to align the LLM intents to the semantic conditional space of downstream JAV-DiT,
enabling high-quality and synchronized sounding-video generation.

1 Introduction

Joint understanding and generation of multiple modalities has recently sparked increasing interest
[71,180L 1211172, 186L150]. Existing efforts generally focus on image-text frameworks [96 184,73} 51} [11]],
or treat video and audio understanding and generation as separate modalities [[90, 81} 142].

We introduce JavisGPT, a bespoke MLLM for high-quality, unified comprehension and generation in
joint audio-video (JAV) tasks, which has clear application potential in avatar chatbots, sounding movie
curation, and music-driven video analysis. JavisGPT is a holistic system that accepts as input separate
audio and videos, synchronized sounding videos, and user text prompts. After comprehending and
reasoning over these input signals, it produces either textual responses and/or synchronized sounding
videos. Our architecture supports a wide range of JAV scenarios, including question-answering in
comprehending sounding audios, generation of sounding audios following user instructions, upon
in-context reasoning, and interleaved text-audio-video generation in multi-turn user dialogues (ref.
Fig.[I). As a comprehensive and state-of-the-art system, we highlight the design of JavisGPT below
(with detailed discussions with related works provided in Sec. [2).

Model architecture. JavisGPT uses an encoder-LLM-decoder architecture (ref. Fig. E]), with
Qwen2.5 [87] as the LLM backbone. The visual encoder is inherited from Qwen2.5-VL [5], and
the audio encoder is based on BEATSs [10]. Audio and video features, along with user prompts
and learnable JavisQuery tokens, are passed to the LLM. To enable fine-grained spatiotemporal
alignment, we propose a dedicated SyncFusion module that fuses audio and video representations
into synchronized SyncAV tokens for unified comprehension. At the output stage, the LLM generates
textual responses along with JavisCond tokens, which encode contextual semantics and serve as
conditioning inputs for a pretrained JAV-DiT generator [39]. We choose JavisDiT for its generation
quality and flexibility, and incorporate hierarchical JavisQueries to provide spatiotemporal priors,
further enhancing synchronization in audio-video generation.

Training strategies. To effectively adapt the vision-language backbone to JAV tasks, we design a
three-stage training pipeline: (1) MM-PreTrain: introducing the audio input branch for comprehension
and preliminarily aligning the output embeddings of LLM with the condition space of JavisDiT; (2) AV-
FineTune: enhancing synchronized audio-video comprehension and generation via SyncFusion and
hierarchical JavisQueries, respectively; and (3) MM-InstTune: enables generalizable instruction
following and multimodal reasoning via large-scale instruction tuning across text, video, and audio.

Dataset collection. To facilitate instruction tuning, we construct JavisInst-Omni, a large-scale,
diverse, and high-quality instruction dataset covering both comprehension and generation. The dataset
contains 200K dialogue trajectories involving tightly interleaved text, audio, and video, simulating
complex single- and multi-turn interactions. All samples are annotated via GPT-40 and manually



veri ed for quality. The instructions span a wide range of task formats, including QA, captioning,
instruction-following generation, and in-context multimodal reasoning.

We compare JavisGPT with existing JAV-like LLMs on various JAV benchmarks, where JavisGPT
yields impressive performance across all scenarios. Moreover, for audio-video joint generation,
JavisGPT also signi cantly outperforms existing methods, producing high-quality and diversi ed
sounding videos. We reiterate our main points below:

* We present JavisGPT, the rst uni ed MLLM for sounding-video comprehension and generation.

* We present its architecture design, including the audio-video synchronization mechanism, its
multi-stage tuning strategy, and a large-scale instruction dataset for JAV LLMs training.

« Evaluation indicates the effectiveness of JavisGPT in JAV comprehension and generation.

2 Related Work

Multimodal comprehension. Recently, MLLMs have signi cantly advanced many multimodal

elds, such as the modeling of image, video, and audio cont&h (%2, [18, [60, 22, 20, [79, [55].

Early approaches, such as Flamindbdnd BLIP [33,(34], focused on combining text with static

visual inputs. Recent research extended these efforts to dynamic vision and audio modalities, such as
PandaGPTg7], Video-LLaMA [91,[14], Uni edMLLM [ [36], and MiniOmni [85], which incorporate
temporal and auditory perception and reasoning. While these MLLMs achieve promising performance,
they typically treat modalities (e.g., audio and video) as independent inputs from separate channels,
relying on concatenation or simple feature padding for integration. This strategy overlooks ne-
grained spatio-temporal interactions between modalities, compromising their effectiveness in complex
scenarios where multimodal synchronization is required, such as JAV.

Multimodal generation. Compared to research efforts for multimodal content comprehension,
relatively limited emphasis has been placed on generative capabilities for MLLMs, particularly
for scenarios involving multiple interdependent modalities, such as/32\V5E]. For audio-video
generation, existing MLLMs like HuggingGPB4], NEXT-GPT [81], and Uni edlO-2 [42] adopt a
pipeline-based framework, where individual audio and video generation components are sequentially
executed. Although such methods achieve reasonable results, they suffer from issues like error
propagation and desynchronized outputs due to the lack of joint modeling.

Uni ed comprehension and generation. Early approaches such as AV2/&F][and MultiDia-

log [52] tackled talking-head generation and speech-driven dialogue, but were limited by simple
architectures or the absence of textual input/output. While recent MLLMs aim to unify multimodal
comprehension and generation, most still focus on single modalities, lacking effective modeling
of cross-modal interactions, particularly the audio-video synchronization. For instance, Video-
Salmonn[68, [70] and Meerkat/16] use separate encoders for audio and video with little attention

to alignment. Similarly, NEXT-GPT81] and AnyGPT [BQ] support multimodal generation but fail

to synchronize audio and video due to separate decoders. To address these limitations, we propose
JavisGPT, which integrates a spatio-temporal alignment mechanism and uni ed feature learning,
advancing the state of the art in joint audio-video (JAV) modeling.

3 Architecture

JavisGPT leverages Qwen2.5-VL-7B-Instrijtds backbone, incorporating with SyncFusion and
JavisQueries to perform joint comprehension and generation.[ Sgc. 3.1 demonstrates how Javis-
GPT extends to audio perception and utilizes SyncFusion to explicitly capture spatio-temporal
synchrony in input sounding videos. Sec]3.2 introduces how JavisGPT integrates with a pretrained
JAV generator[39] and enhance the generation synchrony through hierarchical JavisQueries.

3.1 Synchrony-aware Audio-Video Comprehension

Modality-speci ¢ encoding for video and audio. Following recent workslH, 68, [70], we rst
adopt the vision encoder from Qwen2.5-\] fo encode the video inputs to yield dense video
representatiotv 2 R v #W)C  ‘whereT, denotes the number of video framéd; W) are the
spatial dimensions, ard is the feature dimensionality. Meanwhile, we introduce a parallel audio
encoding branch built upon BEAT4()] to extract dense audio representatien® R = MC



Figure 3: Mechanism of SyncFusion. (1) Left: We align temporally-segmented audio tokens with
corresponding video frames by using cross-attention to merge audio clues into visual patches, so as
to capture spatiotemporal synchrony explicitly. (2) Right: Each resulting SyncAV teke@ RC
represents a sounding event occurring within the i-th row, j-th column visual patch of t-th frame.

whereT, is the temporal length of the audio featuri¥k,is the number of frequency bins, a@dis the
feature dimension. Speci cally, the raw audio waveform is rst converted into a 2D mel-spectrogram,
comprisingT, time frames and! = 128 frequency bins. Each audio frame corresponds to a 25 ms
window with a 10 ms overlap, enabling high-resolution temporal encoding. Finally, a two-layer MLP

a is applied to project audio features into the LLM token embedding space, serving as a bridge for
JavisGPT to understand audio content.

Synchronized audio-video fusion. Unlike previous MLLMs that straightforwardly concatenate
video and audio features togethén[ 68] or simply interleave audio-video frameg(, 86|, Jav-

isGPT introduces a SyncFusion modul®& to explicitly model the spatio-temporal synchrony in
sounding videos. As illustrated in Fig. 3, we rst temporally align the audio and video streams by
evenly dividing the audio representations to match the number of video frames, transforming the audio
features fromA 2 R TaMC g A02 RTv(IM)C , Wherer = dT =T, e, with zero-paddings
applied if needed. Then, a shared cross-attention module is employed to inject audio cues into the
frame-wise video representations, followed by a two-layer MLP to generate SyncAV representations.
The length of SyncAV representations matches that of the vanilla extracted video representations,
ensuring compatibility with the MRoPE positional encoding used in the Qwen2.%BNVEjch re-

sulting tokeneit.Y 2 R encodes a localized audio-visual event occurring at-tterow, j -th column

visual patch of frame, . By integrating audio semantics into visual features, the SyncFusion module
enhances representational expressiveness and achieves precise spatio-temporal synchronization. This
is crucial for downstream tasks requiring ne-grained audio-video understanding.

3.2 Spatio-Temporally Synchronized Audio-Video Generation

Equipping backbone MLLM with DiT generator. Drawing inspiration from Pan et a[[51], we
introduceN learnable query embeddin@s to bridge the hidden state space of the LLM with the
semantic condition space of the DiT generator. As demonstrated in Fig. 4, when JavisGPT encounters
the special toker|av_start|> during the NTP process, tiié learnable tokens are immediately
inserted into the input sequence. These tokens are processed through the causal attention layers of the
LLM, after which a two-layer MLP ¢ are applied to project thd hidden statee = RN ¢ into the
condition embedding space of the DiT, yieldibgs| RN P | which serve as semantic conditions for
generating synchronized sounding videos. Unlike MetaQuesigswhich completely replaces the
original conditionsc with € and require full ne-tuning of the DiT, the proposed JavisGPT retains the
original DiT parameters by freezing the generator and instead digiith the original T5-XXL [59]

text encoder with alignment |°$§dngn =k € c k »[81]. This design greatly simpli es training

and reduces computational cost while maintaining effective conditioning for generation, and Sec. D
provides further discussions with other generative MLLMs.

Synchrony-enhanced audio-video generation. To further strengthen the spatio-temporal synchrony
of generated sounding videos, we follow Liu et[80] to additionally desigmN °learnable query
tokensQS to estimate spatio-temporal prior (ST-prior) embeddi&fsr auxiliary conditions. As

shown in Fig. 4, the semantic conditi@ra coarse description of the overall audio-visual event (e.g.,

“a car starts its engine and leaves the screen'), while the ST-prior conglitegutures ne-grained
synchrony. Speci cally, the spatial prior governs where events occur and disappear (e.g., the caris
in the top-left corner of screen’), whereas the temporal prior determines when they begin and end
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