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Abstract mized training infrastructure—each refined for high-quality,

This paper introduces Goku, a state-of-the-art family of joint
image-and-video generation models leveraging rectified flow
Transformers to achieve industry-leading performance. We
detail the foundational elements enabling high-quality vi-
sual generation, including the data curation pipeline, model
architecture design, flow formulation, and advanced infras-
tructure for efficient and robust large-scale training. The
Goku models demonstrate superior performance in both
qualitative and quantitative evaluations, setting new bench-
marks across major tasks. Specifically, Goku achieves 0.76
on GenEval and 83.65 on DPG-Bench for text-to-image gen-
eration, and 84.85 on VBench for text-to-video tasks. We
believe that this work provides valuable insights and practi-
cal advancements for the research community in developing
Jjoint image-and-video generation models.

1. Introduction

Video generation has garnered significant attention ow-
ing to its transformative potential across a wide range of
applications, such media content creation [62], advertis-
ing [3, 93], video games [63, 77, 88], and world model sim-
ulators [1, 8, 31]. Benefiting from advanced generative algo-
rithms [30, 34, 52, 53], scalable model architectures [59, 78],
vast amounts of internet-sourced data [14, 45, 57], and ongo-
ing expansion of computing capabilities [18-20], remarkable
advancements have been achieved in the field of video gen-
eration [7, 8, 35, 36, 42, 44, 47, 49, 62, 69, 89].

In this work, we introduce Goku, a family of rectified
flow [52, 53] transformer models designed for joint image
and video generation, paving the way toward industry-grade
performance. Our approach emphasizes four key aspects:
data curation, model architecture, flow formulation, and opti-

large-scale video generation.

First, we present a comprehensive data processing
pipeline designed to construct large-scale, high-quality im-
age and video-text datasets. The pipeline integrates multiple
advanced techniques, including video and image filtering
based on aesthetic scores, OCR analysis, and subjective eval-
uations, to ensure exceptional visual and contextual quality.
Furthermore, we employ multimodal large language mod-
els (MLLMs) [90] to generate dense and contextually aligned
captions, which are subsequently refined using an additional
Qwen2 [87] to enhance their accuracy and descriptive rich-
ness. As a result, we have curated a robust training dataset
comprising approximately 36M video-text pairs and 160M
image-text pairs, which are proven sufficient for training
industry-level generative models.

Secondly, we take a pioneering step by applying rectified
flow formulation [52] for joint image and video generation,
implemented through the Goku model family, which com-
prises Transformer architectures with 2B and 8B parameters.
At its core, the Goku framework employs a 3D joint image-
video variational autoencoder (VAE) to compress image and
video inputs into a shared latent space, facilitating unified
representation. This shared latent space is coupled with
a full-attention [78] mechanism, enabling seamless joint
training of image and video. This architecture delivers high-
quality, coherent outputs across both images and videos,
establishing a unified framework for visual generation tasks.

Furthermore, to support the training of Goku at scale,
we have developed a robust infrastructure tailored for large-
scale model training. Our approach incorporates advanced
parallelism strategies [41, 94] to manage memory effi-
ciently during long-context training. Additionally, we em-
ploy ByteCheckpoint [79] for high-performance checkpoint-
ing and integrate fault-tolerant mechanisms from MegaS-
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(a) Text-to-Image Samples
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(b) Text-to-Video Samples

Figure 1. Generated samples from Goku. Key components are highlighted in RED.

cale [43] to ensure stability and scalability across large GPU
clusters. These optimizations enable Goku to handle the
computational and data challenges of generative modeling
with exceptional efficiency and reliability.

We evaluate Goku on both text-to-image and text-to-video
benchmarks to highlight its competitive advantages. For
text-to-image generation, Goku-T2I demonstrates strong
performance across multiple benchmarks, including T2I-
CompBench [39], GenEval [28], and DPG-Bench [38], ex-
celling in both visual quality and text-image alignment. In
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text-to-video benchmarks, Goku-T2V achieves state-of-the-
art performance on the UCF-101 [71] zero-shot generation
task. Additionally, Goku-T2V attains an impressive score
of 84.85 on VBench [40], securing the top position on the
leaderboard (as of 2025-01-25) and surpassing several lead-
ing commercial text-to-video models. Qualitative results,
illustrated in Figure 1, further demonstrate the superior qual-
ity of the generated samples. These findings underscore
Goku’s effectiveness in videoi generation and its potential as
a solution for both research and commercial applications.



2. Goku: Generative Flow Models

In this section, we present three core components of Goku,
the image-video joint VAE [89], the Goku Transformer
architecture, and the rectified flow formulation. These
components are designed to work synergistically, forming
a cohesive and scalable framework for joint image and
video generation. During training, each raw video input
x € RTXHXWX3 (with images treated as a special case
where T = 1) is encoded from the pixel space to a latent
space using a 3D image-video joint VAE (Section 2.1). The
encoded latents are then organized into mini-batches con-
taining both video and image representations, facilitating
the learning of a unified cross-modal representation. Sub-
sequently, the rectified flow formulation (Section 2.3) is
applied to these latents, leveraging a series of Transformer
blocks (Section 2.2) to model complex temporal and spatial
dependencies effectively.

2.1. Image-Video Joint VAE

Earlier research [25, 33, 65] demonstrates that diffusion and
flow-based models can significantly improve efficiency and
performance by modeling in latent space through a Varia-
tional Auto-Encoder (VAE) [25, 46]. Inspired by Sora [8],
the open-source community has introduced 3D-VAE to ex-
plore spatio-temporal compression within latent spaces for
video generation tasks [50, 89, 95]. To extend the advan-
tages of latent space modeling across multiple media for-
mats, including images and videos, we adopt a jointly trained
Image-Video VAE [89] that handles both image and video
data within a unified framework. Specifically, for videos, we
apply a compression stride of 8 x 8 x 4 across height, width,
and temporal dimensions, respectively, while for images, the
compression stride is set to 8 x 8 in spatial dimensions.

2.2. Transformer Architectures

The design of the Goku Transformer block builds upon Gen-
Tron [12], an extension of the class-conditioned diffusion
transformer [59] for text-to-image/video tasks. It includes a
self-attention module for capturing inter-token correlations,
a cross-attention layer to integrate textual conditional em-
beddings (extracted via the Flan-T5 language model [16]),
a feed-forward network (FFN) for feature projection, and
a layer-wise adaLLN-Zero block that incorporates timestep
information to guide feature transformations. Additionally,
we introduce several recent design enhancements to improve
model performance and training stability, as detailed below.

Plain Full Attention. In Transformer-based video gen-
erative models, previous approaches [7, 12, 69, 85] typ-
ically combine temporal attention with spatial attention
to extend text-to-image generation to video. While this
method reduces computational cost, it is sub-optimal for

Model Layer Model Dim. FFN Dim. Attention Heads
Goku-1B 28 1152 4608 16
Goku-2B 28 1792 7168 28
Goku-8B 40 3072 12288 48

Table 1. Architecture configurations for Goku Models. Goku-
1B model is only used for pilot experiments in Section 2.3

modeling complex temporal motions, as highlighted in prior
work [62, 89]. In Goku, we adopt full attention to model
multi-modal tokens (image and video) within a unified net-
work. Given the large number of video tokens remaining af-
ter VAE processing—particularly for high-frame-rate, long-
duration videos—we leverage FlashAttention [21, 68]
and sequence parallelism [51] to optimize both GPU memory
usage and computational efficiency.

Patch n’ Pack. To enable joint training on images and
videos of varying aspect ratios and lengths, we follow the
approach from NaViT [23], packing both modalities into a
single minibatch along the sequence dimension. This method
allows flexible mixing of training instances with different
sequence lengths into a single batch, eliminating the need
for data buckets [61].

3D RoPE Position Embedding. Rotary Position Embed-
ding (RoPE) [72] has demonstrated effectiveness in LLMs
by enabling greater sequence length flexibility and reducing
inter-token dependencies as relative distances increase. Dur-
ing joint training, we apply 3D RoPE embeddings to image
and video tokens. In our joint training framework, we extend
3D RoPE embeddings to image and video tokens, leveraging
their extrapolation capability to accommodate varying reso-
lutions. This adaptability makes RoPE particularly suited for
handling diverse resolutions and video lengths. Furthermore,
our empirical analysis revealed that ROPE converges faster
than sinusoidal positional embeddings during transitions
across different training stages

Q-K Normalization. Training large-scale Transformers
can occasionally result in loss spikes, which may lead to
model corruption, manifesting as severe artifacts or even
pure noise in generated images or videos. To mitigate this is-
sue, we incorporate query-key normalization [22] to stabilize
the training process. Specifically, we apply RMSNorm [92]
to each query-key feature prior to attention computation,
ensuring smoother and more reliable training dynamics.
The overall Transformer model is constructed by stacking
a sequence of blocks as described above. To address varying
computational demands and performance requirements, we
design three model variants, summarized in Table 1. The
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Goku-1B model serves as a lightweight option for pilot ex-
periments. The Goku-2B variant consists of 28 layers, each
with a model dimension of 1792 and 28 attention heads,
providing a balance between computational efficiency and
expressive capacity. In contrast, the larger Goku-8B variant
features 40 layers, a model dimension of 3072, and 48 atten-
tion heads, delivering superior modeling capacity aimed at
achieving high generation quality.

2.3. Flow-based Training

Our flow-based formulation is rooted in the rectified
flow (RF) algorithm [2, 52, 53], where a sample is pro-
gressively transformed from a prior distribution, such as
a standard normal distribution, to the target data distribution.
This transformation is achieved by defining the forward pro-
cess as a series of linear interpolations between the prior and
target distributions. Specifically, given a real data sample x;
from the target distribution and a noise sample xq ~ N(0, 1)
from the prior distribution, a training example is constructed
through linear interpolation:

x;=t-x1+ (1—1)-xp, )

where ¢ € [0, 1] represents the interpolation coefficient. The
model is trained to predict the velocity, defined as the time
derivative of x;, v; = %, which guides the transformation
of intermediate samples x; towards the real data x; during
inference. By establishing a direct, linear interpolation be-
tween data and noise, RF simplifies the modeling process,
providing improved theoretical properties, conceptual clarity,
and faster convergence across data distributions.

Goku takes a pioneering step by adopting a flow-based
formulation for joint image-and-video generation. We
conduct a pilot experiment to validate the rapid conver-
gence of flow-based training by performing class-conditional
generation with Goku-1B a model specifically designed
for these proof-of-concept experiments, on ImageNet-1K
(256 x 256) [24]. The model is configured with 28 lay-
ers, an attention dimension of 1152, and 16 attention heads.
To evaluate performance, we compare key metrics, such as
FID-50K and Inception Score (IS), for models trained using
the denoising diffusion probabilistic model (DDPM) [34]
and rectified flow. As shown in Table 2, RF demonstrates
faster convergence than DDPM. For instance, Goku-1B (RF)
achieves a lower FID-50K after 400k training steps com-
pared to Goku-1B (DDPM), which requires 1000k steps to
reach a similar level of performance.

2.4. Training Details

We propose a multi-stage training strategy. It starts with text-
semantic pairing, advances to joint image-video training and
cascaded resolutions, and concludes with modality-specific
fine-tuning for optimal visual and temporal quality. Please
refer to Appendix A for more details.

Loss Steps FID | sFID| IS1T  Precision{ Recall T

DDPM 200k 3.0795 4.3498 226.4783  0.8387  0.5317
DDPM 400k 2.5231 4.3821 265.0612  0.8399  0.5591
DDPM 1000k 2.2568 4.4887 286.5601 0.8319  0.5849
Rectified Flow 200k 2.7472 4.6416 2323090 0.8239  0.5590
Rectified Flow 400k 2.1572 4.5022 261.1203  0.8210  0.5871

Table 2. Proof-of-concept experiments of class-conditional gen-
eration on ImageNet 256 x256. Rectified flow achieves faster
convergency compared to DDPM.

2.5. Image-to-Video

To extend Goku for adapting an image as an additional con-
dition for video generation, we employ a widely used strat-
egy by using the first frame of each clip as the reference
image [6, 29, 89]. The corresponding image tokens are
broadcasted and concatenated with the paired noised video
tokens along the channel dimension. To fully leverage the
pretrained knowledge during fine-tuning, we introduce a sin-
gle MLP layer for channel alignment, while preserving the
rest of the model architecture identical to Goku-T2V.

3. Infrastructure Optimization

To achieve scalable and efficient training of Goku, we first
adopt advanced parallelism strategies (Section 3.1), to han-
dle the challenges of long-context, large-scale models. To
further optimize memory usage and balance computation
with communication, we implement fine-grained Activation
Checkpointing (Section 3.2). Additionally, we integrate ro-
bust fault tolerance mechanisms from MegaScale, enabling
automated fault detection and recovery with minimal dis-
ruption (Section 3.3). Finally, ByteCheckpoint is utilized to
ensure efficient and scalable saving and loading of training
states, supporting flexibility across diverse hardware config-
urations (Section 3.4). The details of these optimizations are
introduced below.

3.1. Model Parallelism Strategies

The substantial model size and the exceptionally long se-
quence length (exceeding 220K tokens for the longest se-
quence) necessitate the adoption of multiple parallelism
strategies to ensure efficient training. Specifically, we em-
ploy 3D parallelism to achieve scalability across three axes:
input sequences, data, and model parameters.

Sequence-Parallelism (SP) [41, 48, 51] slices the input
across the sequence dimension for independent layers (e.g.,
LayerNorm) to eliminate redundant computations, reduce
memory usage, and support padding for non-conforming
input. We adopt Ulysses [41] as our implementation, which
shards samples across the sequence parallel group from the
start of the training loop. During attention computation, it
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uses all-to-all communication to distribute query, key, and
value shards, allowing each worker to process the full se-
quence but only a subset of attention heads. After parallel
computation of attention heads, another all-to-all communi-
cation aggregates the results, recombining all heads and the
sharded sequence dimension.

Fully Sharded Data Parallelism (FSDP)  [94] partitions
all parameters, gradients and optimizer states across the data
parallel ranks. Instead of all-reduce in Distributed Data
Parallelism, FSDP performs all-gather for parameters and
reduce-scatter for gradients, enabling overlap with forward
and backward computations to potentially reduce communi-
cation overhead. In our case, we adopt the HYBRID_SHARD
strategy, which combines FULL_SHARD within a shard
group and parameter replication across such groups, which
effectively implements data parallelism (DP). This approach
minimizes communication costs by limiting all-gather and
reduce-scatter operations.

3.2. Activation Checkpointing

While the parallelism methods discussed in Section 3.1 pro-
vide significant memory savings and enable large-scaling
training with long sequences, they inevitably introduce com-
munication overhead among ranks, which can lead to subop-
timal overall performance. To address this issue and better
balance the computation and communication by maximizing
their overlap in the profiling trace, we designed a fine-grained
Activation Checkpointing (AC) [13] strategy. Specifically,
we implemented selective activation checkpointing to mini-
mize the number of layers requiring activation storage while
maximizing GPU utilization.

3.3. Cluster Fault Tolerance

Scaling Goku training to large-scale GPU clusters inevitably
introduces fault scenarios, which can reduce training effi-
ciency. The likelihood of encountering failures increases
with the number of nodes, as larger systems have a higher
probability of at least one node failing. These disruptions
can extend training time and increase costs. To enhance
stability and efficiency at scale, we adopted fault tolerance
techniques from MegaScale [43], including self-check di-
agnostics, multi-level monitoring, and fast restart/recovery
mechanisms. These strategies effectively mitigate the impact
of interruptions, enabling Goku to maintain robust perfor-
mance in large-scale generative modeling tasks.

3.4. Saving and Loading Training Stages

Checkpointing training states—such as model parameters,
exponential moving average (EMA) parameters, optimizer
states, and random states—is crucial for training large-scale
models, particularly given the increased likelihood of cluster
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Figure 2. The data curation pipeline in Goku. Given a large
volume of video/image data collected from Internet, we generate
high-quality video/image-text pairs through a series of data filtering,
captioning and balancing steps.

faults. Reloading checkpointed states ensures reproducibil-
ity, which is essential for model reliability and debugging
potential issues, including those caused by unintentional
errors or malicious attacks.

To support scalable large-scale training, we adopt
ByteCheckpoint [79] as our checkpointing solution. It not
only enables parallel saving and loading of partitioned check-
points with high I/O efficiency but also supports resharding
distributed checkpoints. This flexibility allows seamless
switching between different training scales, accommodating
varying numbers of ranks and diverse storage backends. In
our setup, checkpointing an 8B model across over thousands
of GPUs blocks training for less than 4 seconds, which is
negligible compared to the overall forward and backward
computation time per iteration.

4. Data Curation Pipeline

Stage Amount Resolution DINO-Sim. Aesthetic OCR  Motion

480p 36M  >480x864  >0.85  >43 <=0.02 0.3-20.0
720p 24M > 7201280 >0.90  >4.5 <=0.0105-15.0
1080p 7M > 1080x1920 >090  >4.5 <=0.01 05-8.0

Table 3. Overview of multi-stage training data.This table summa-
rizes the thresholds for each filtering criterion, including resolution,
DINO similarity, aesthetic score, OCR text coverage, motion score,
and the corresponding data quantities.

We unblock the data volume that is utilized for industry-
grade video/image generation models. Our data curation
pipeline, illustrated in Figure 2, consists of five main stages:
(1) image and video collection, (2) video extraction and
clipping, (3) image and video filtering, (4) captioning, and
(5) data distribution balancing. We describe the details of
data curation procedure below.

4.1. Data Overview

We collet raw image and video data from a variety of sources,
including publicly available academic datasets, internet re-
sources, and proprietary datasets obtained through partner-
ships with collaborating organizations. After rigorous filter-
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ing, the final training dataset for Goku consists of approx-

imately 160M image-text pairs and 36M video-text pairs,

encompassing both publicly available datasets and internally
curated proprietary datasets. The detailed composition of
these resources is outlined as follows:

* Text-to-Image Data. Our text-to-image training dataset
includes 100M public samples from LAION [67] and 60M
high-quality, internal samples. We use public data for
pre-training and internal data for fine-tuning.

* Text-to-Video Data. Our T2V training dataset includes
11M public clips and 25M in-house clips. The former in-
clude Panda-70M [14], InternVid [83], OpenVid-1M [57],
and Pexels [50].

4.2. Data Preprocessing

We build a high-quality video dataset through preprocessing
raw videos by standardizing duration, resolution, bitrate, and
frame rate. Videos are segmented using PySceneDetect and
refined with DINOv2. Clips undergo visual aesthetic eval-
uation, OCR-based text filtering, and RAFT-based motion
filtering, with criteria adjusted by resolution. Semantic tags
balance the dataset, emphasizing human-related content by
adjusting representation across categories. More details are
provided in Appendix C.

4.3. Captioning

Detailed captions are essential for enabling the model to
generate text-aligned images/videos precisely. For images,
we use InternVL2.0 [15] to generate dense captions for
each sample. To caption video clips, we start with In-
ternVL2.0 [15] for keyframe captions, followed by Tar-
sier2 [90] for video-wide captions. Note that the Tarsier2
model can inherently describe camera motion types (e.g.,
zoom in, pan right) in videos, eliminating the need for a sep-
arate prediction model and simplifying the overall pipeline
compared to previous work such as [62]. Next, we utilize
Qwen?2 [87] to merge the keyframe and video captions. Be-
sides, we also empirically found that adding the motion score
(calculated by RAFT [75]) to the captions improves motion
control for video generation. This approach enables users
to specify different motion scores in prompts to guide the
model in generating videos with varied motion dynamics.

5. Experiments

5.1. Text-to-Image Results

we conduct a comprehensive quantitative evaluation of Goku-
T2I on widely recognized image generation benchmarks,
including GenEval [28], T2I-CompBench [39], and DPG-
Bench [38]. Details of these benchmarks could be found in
Appendix B. The results are summarized in Table 4.

GenEval T2I-CompBench DPG
Method Text Enc. Overall | Color Shage Texture| Avg.
SDv1.5 [65] CLIP ViT-L/14| 0.43 |0.3730 0.3646 0.4219|63.18
DALL-E 2 [64] |CLIP ViT-H/16| 0.52 |0.5750 0.5464 0.6374| -
SDv2.1[65]  |CLIP ViT-H/14| 0.50 |0.5694 0.4495 0.4982| -
SDX [61] CLIP ViT-bigG| 0.55 |0.6369 0.5408 0.5637 | 74.65
PixArt-c [11] | Flan-T5-XXL | 0.48 |0.6886 0.5582 0.7044 | 71.11
DALL-E3[5] |Flan-T5-XXL | 0.67T [0.8110% 0.6750T 0.8070%(83.50%
GenTron [12] |CLIPT5XXL | - [0.7674 0.5700 0.7150 | -
SD3 [26] Flan-T5-XXL | 0.74 - - - -
Show-o [86] Phi-1.5 0.53 - - - -
Transfusion [96] - 0.63 - - - -
Chameleon [54] - 0.39 - - - -
LlamaGen [73] | FLAN-T5 XL | 0.32 - - - -
Emu 3 [81] - 0.66710.7913% 0.58467 0.74221| 80.60
Goku-T2I (2B) 0.70 |0.7521 0.4832 0.6691
Goku-T2I (2B)1 FLAN-TS XL 1 76t 10.75611 0.57591 0.70717| 836

Table 4. Comparison with state-of-the-art models on image
generation benchmarks. We evaluate on GenEval [28]; T2I-
CompBench [39] and DPG-Bench [38]. Following [81], we use t
to indicate the result with prompt rewriting.

Performance on GenEval. To assess text-image align-
ment comprehensively, we employ the GenEval benchmark,
which evaluates the correspondence between textual descrip-
tions and visual content. Since Goku-T2I is primarily trained
on dense generative captions, it exhibits a natural advantage
when handling detailed prompts. To further explore this, we
expand the original short prompts in GenEval with ChatGPT-
4o, preserving their semantics while enhancing descriptive
detail. As shown in Table 4, Goku-T2I achieves strong per-
formance with the original short prompts, surpassing most
state-of-the-art models. With the rewritten prompts, Goku-
T2I attains the highest score (0.76), demonstrating its ex-
ceptional capability in aligning detailed textual descriptions
with generated images.

Performance on T2I-CompBench. We further evaluate
the alignment between generated images and textual condi-
tions using the T2I-CompBench benchmark, which focuses
on various object attributes such as color, shape, and tex-
ture. As illustrated in Table 4, Goku-T2I consistently out-
performs several strong baselines, including PixArt-« [11],
SDXL [61], and DALL-E 2 [56]. Notably, the inclusion
of prompt rewriting leads to improved performance across
all attributes, further highlighting Goku-T2I’s robustness in
text-image alignment.

Performance on DPG-Bench. While the aforementioned
benchmarks primarily evaluate text-image alignment with
short prompts, DPG-Bench is designed to test model perfor-
mance on dense prompt following. This challenging bench-
mark includes 1,000 detailed prompts, providing a rigorous
test of a model’s ability to generate visually accurate outputs
for complex textual inputs. As shown in the last column of
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Method Resolution FVD ({) IS(1)
CogVideo (Chinese) [37] | 480x480  751.34 23.55
CogVideo (English) [37] | 480x480  701.59 25.27
Make-A-Video [69] 256x256  367.23 33.00
VideoLDM [7] - 550.61 33.45
LVDM [33] 256x256  372.00 -
MagicVideo [97] - 655.00 -
PixelDance [91] - 242.82 42.10
PYOCO [27] - 355.19 47.76
Emu-Video [29] 256x256  317.10 42.7
SVD [6] 240x360  242.02 -
Goku-2B (ours) 256x256  246.17 45.77 £ 1.10
Goku-2B (ours) 240x360 25447 46.64 + 1.08
Goku-2B (ours) 128x128  217.24 42.30 + 1.03

Table 5. Zero-shot text-to-video performance on UCF-101.
We generate videos of different resolutions, including 256 <256,
240x360, 128 x 128, for comprehensive comparisons.

Table 4, Goku-T2I achieves the highest performance with
an average score of 83.65, surpassing PixArt-« [11] (71.11),
DALL-E 3 [5] (83.50), and EMU3 [81] (80.60). These re-
sults highlight Goku-T2I’s superior ability to handle dense
prompts and maintain high fidelity in text-image alignment.

5.2. Text-to-Video Results

Performance on UCF-101. We conduct experiments on
UCF-101 [71] using zero-shot text-to-video setting. As
UCF-101 only has class labels, we utilize an video-language
model, Tarsier-34B [80], to generate detailed captions for all
UCF-101 videos. These captions are then used to synthesize
videos with Goku. Finally, we generated 13,320 videos at
different resolutions with Goku-2B model for evaluation,
including 256 %256, 240x360 and 128x128. Following
standard practice [70], we use the I3D model, pre-trained
on Kinetics-400 [9], as the feature extractor. Based on the
extracted features, we calculated Fréchet Video Distance
(FVD) [76] to evaluate the fidelity of the generated videos.
The results in Table 5 demonstrate that Goku consistently
generates videos with lower FVD and higher IS. For instance,
at a resolution of 128 x 128, the FVD of videos generated by
Goku is 217.24, achieving state-of-the-art performance and
highlighting significant advantages over other methods.

Performance on VBench. As presented in Table 6,
we evaluate Goku-T2V against state-of-the-art models
on VBench [40], a comprehensive benchmark designed
to assess video generation quality across 16 dimensions.
Goku-T2V achieves state-of-the-art overall performance on
VBench, showcasing its ability to generate high-quality
videos across diverse attributes and scenarios.

Among the key metrics, Goku-T2V demonstrates notable
strength in human action representation, dynamic degree,
and multiple object generation, reflecting its capacity for

GOKU-T2V(8B)
(a) Model Scaling

GOKU-T2V(2B)

GOKU-T2V w/o Joint Training

GOKU-T2V w/ Joint Training
(b) Joint Training

Figure 3. Ablation Studies of Model Scaling and Joint Training.
Fig. (a) shows the comparison between Goku-T2V(2B) and Goku-
T2V(8B). Fig. (b) shows the comparisons between whether joint
training is adopted or not.

handling complex and diverse video content. Additionally,
it achieves competitive results in appearance style, quality
score, and semantic alignment, highlighting its balanced
performance across multiple aspects.

For detailed results on all 16 evaluation dimensions, we
refer readers to Table 8 in the Appendix. This comprehen-
sive analysis underscores Goku-T2V’s superiority in video
generation compared to prior approaches.

5.3. Image-to-Video

We fine-tune Goku-I2V from the T2V initialization with
4.5M text-image-video triplets, sourced from diverse do-
mains to ensure robust generalization. Despite the relatively
small number of fine-tuning steps (10k), our model demon-
strates remarkable efficiency in animating reference image
while maintaining strong alignment with the accompanying
text. As illustrated in Figure 4, the generated videos ex-
hibit high visual quality and temporal coherence, effectively
capturing the semantic nuances described in the text.

5.4. Image and Video Qualitative Visualizations

For intuitive comparisons, we conduct qualitative assess-
ments and present sampled results in Figure 12. The evalua-
tion includes open-source models, such as CogVideoX [89]
and Open-Sora-Plan [95], alongside closed-source commer-
cial products, including DreamMachine [55], Pika [60],
Vidu [4], and Kling [49]. The results reveal that some com-
mercial models struggle to generate critical video elements
when handling complex prompts. For instance, models like
Pika, DreamMachine, and Vidu (rows 3-5) fail to render the
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Human Dynamic  Multiple  Appear.  Quality  Semantic
Models Action Scene Degree Objects Style Score Score Overall
AnimateDiff-V2 92.60  50.19 40.83 36.88 22.42 82.90 69.75 80.27
VideoCrafter-2.0 ~ 95.00  55.29 42.50 40.66 25.13 82.20 73.42 80.44
OpenSora V1.2 8580 4247 4722 58.41 23.89 80.71 73.30 79.23
Show-1 95.60  47.03 44.44 45.47 23.06 80.42 72.98 78.93
Gen-3 96.40  54.57 60.14 53.64 24.31 84.11 75.17 82.32
Pika-1.0 86.20  49.83 47.50 43.08 22.26 82.92 71.77 80.69
CogVideoX-5B 99.40 5320 70.97 62.11 24.91 82.75 77.04 81.61
Kling 9340  50.86 46.94 68.05 19.62 83.39 75.68 81.85
Mira 63.80 16.34 60.33 12.52 21.89 78.78 44.21 71.87
CausVid 99.80  56.58 92.69 72.15 24.27 85.65 78.75 84.27
Luma 96.40  58.98 44.26 82.63 24.66 83.47 84.17 83.61
HunyuanVideo 9440  53.88 70.83 68.55 19.80 85.09 75.82 83.24
Goku (ours) 97.60  57.08 76.11 79.48 23.08 85.60 81.87 84.85

Table 6. Comparison with leading T2V models on VBench. Goku achieves state-of-the-art overall performance. Detailed results across all

16 evaluation dimensions are provided in Table 8 in the Appendix.

Reference Im

g

Reference Imsrey

P

A woman in workout gear is lifting weights at a gym, her biceps flexing with each lift, sweat visible on her forehead, with a closeup on her determined expression...

A man surfing on a wave, with the camera following his movement and focusing on his face. He is smiling and giving a thumbs-up to the camera, ...

e .
d = s

Figure 4. Samples of Goku-I2V. Reference images are presented in the leftmost columns. We omitted redundant information from the long
prompts, displaying only the key details in each one. Key words are highlighted in RED.

skimming drone over water. While certain models succeed in
generating the target drone, they often produce distorted sub-
jects (rows 1-2) or static frames lacking motion consistency
(row 6). In contrast, Goku-T2V (8B) demonstrates superior
performance by accurately incorporating all details of the
prompt, creating a coherent visual output with smooth mo-
tion. Additional comparisons are provided in the appendix
for a more comprehensive evaluation. Furthermore, more
video examples are available at the Goku homepage.

5.5. Ablation Studies

Model Scaling. We compared Goku-T2V models with 2B
and 8B parameters. Results in Figure 3a indicate that model
scaling helps mitigate the generation of distorted object struc-
tures, such as the arm in Figure 3a (row 1) and the wheel
in Figure 3a (row 2). This aligns with findings observed in
large multi-modality models.

Joint Training. We further examine the impact of joint
image-and-video training. Starting from the same pretrained
Goku-T2I (8B) weights, we fine-tuned Goku-T2V (8B) on
480p videos for an equal number of training steps, with
and without joint image-and-video training. As shown in
Figure 3b, Goku-T2V without joint training tends to generate
low-quality video frames, while the model with joint training
more consistently produces photorealistic frames.

6. Conclusion

In this work, we introduced Goku, a novel joint image-and-
video generation model designed for industry-standard per-
formance. By combining meticulous data curation and a
robust model architecture, Goku effectively integrates image
and video modalities to produce high-quality outputs. Em-
pirical evaluations demonstrate Goku’s superior capability
in commercial-grade visual content generation.
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