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This supplementary document provides additional details and
experiments to complement the main paper. We provide the
details on how the multi-granular attribution levels have been
broken down in Sec. S-1, the complete implementation details
for reproducibility in Section S-2. In terms of additional exper-
iments and analyses, we provide state-of-the-art comparison
for the attribution tasks in Section S-3, the ablation on the
foundation model backbone in Section S-4, ablation on the
amount of source labeled data used for Stage-2 of SAGA in Sec.
S-5 and the ablation on performance based on the different loss
objectives in Sec. S-6. Additionally, we show the consistency
of T-Sigs in Section S-7.

S-1. Attribution Levels

The DeMamba dataset [5] enables a rigorous, multi-tiered
approach to source attribution for AI-generated videos by
leveraging detailed generator metadata. Table S-1 summarizes
the key properties of each included generator, such as task
type, Stable Diffusion (SD) version, development team, model
lineage, and training sources. This structured metadata forms
the basis for defining four distinct attribution levels in our
framework: TASK-L, SD-L, TEAM-L, and GEN-L.

By grouping generators according to these criteria, we
can systematically evaluate attribution performance under
varying degrees of granularity. For example, GEN-L attribution
requires distinguishing between individual generator models,
while TEAM-L attribution focuses on identifying the broader
development group responsible for the model. This design
allows us to probe not only fine-grained source identification
but also coarser, more interpretable groupings that may be
relevant for practical forensic or policy applications.

To ensure clear attribution boundaries and avoid ambiguous
cases, generators labeled as “Mixed” or “Unknown” in critical
metadata fields are excluded from training and evaluation.
This exclusion maintains the integrity of each attribution split
and facilitates reproducible, interpretable benchmarking. Our
framework thus provides a comprehensive foundation for future
research in AI-generated video provenance, supporting both
fine-grained and high-level attribution tasks across a diverse

landscape of generation technologies.

S-2. Implementation Details
Details of Input Videos: Our pipeline extracts frames from
each video using a constant frame rate (FPS) of 8. This value
is chosen to align with the typical FPS of most generators in
DeMamba [5]. SAGA processes videos of a fixed context
window (L = 8). For videos shorter than L frames, we
apply padding to maintain consistent input size. Since all
manipulations span the entire video, each segment inherits
the video’s original label yk ∈{0,...,nc−1}, where nc is the
number of classes dependent on the attribution task as follows:
• BIN-L: nc=2
• TASK-L: nc=3
• SD-L: nc=5
• TEAM-L: nc=15
• GEN-L: nc=20

Details of the SAGA architecture: The foundational vision
encoder used to encode the frame-level features before utilizing
them in our video transformer architecture is the SigLIP
[26] model, specifically the SigLIP-So400m/14 [1] version,
which has been trained on internet-scale data, and provides
domain-agnostic features. The input image to the SigLIP model
is resized to gm =R378×378×3. SigLIP breaks down images
in 14×14 non-overlapping patches for tokenization and feature
extraction, resulting in (according to the notations followed in
Section 3.1 of the main paper) lt=729 and dt=1152. SAGA’s
video transformer architecture (θ) depth is set to a total of 6
encoder layers, of which 1 is the spatial encoder layer and 5 are
temporal encoder layers, which was chosen to balance feature
complexity and computational efficiency. We specifically have
more temporal encoder layers than spatial, since SigLIP already
encodes spatial information in its features, and temporal feature
modeling is the focus of θ. We adopt sine-cosine positional
encodings [20] in our video transformer to inject temporal order
into the tokenized frame embeddings. For frame index m and
feature dimension dt, the encoding is computed as,

P(m,2r+1)=cos

(
m

10000
2r
dt

)
, P(m,2r)=sin

(
m

10000
2r
dt

)
, (1)

1



Table S-1. Overview of the video generators included in the DeMamba dataset [5]. This table is central to our multi-tier attribution framework, as it
details the grouping logic used to construct the TASK-L, SD-L, TEAM-L, and GEN-L splits for all attribution experiments. Generators labeled
as “Mixed” or “Unknown” are excluded from training to ensure clear and consistent attribution boundaries. This organization enables rigorous,
interpretable evaluation across diverse attribution granularities and sets a reproducible standard for future work in source attribution.

Generator Task SD Version Team Model name Trained from
ZeroScope [17] T2V Unknown Personal: Spencer Sterling Zeroscope v2 XL ModelScope, version 1.4.2

I2VGen-XL [22] I2V SD 2.1 Alibaba Group VideoComposer ModelScope, LDM, SD 2.1+3DUnet
SVD [3] I2V SD 2.1 Stability AI Stable Video Diffusion SD 2.1, LVD-F

VideoCrafter [6] T2V SD 2.1 Tencent AI Lab Videocrafter2 VideoCrafter1 (SD 2.1) + ModelScopeT2V
Pika [9] Mixed Unknown Pika - -

DynamiCrafter [24] I2V SD 2.1 Tencent AI Lab DynamiCrafter VideoCrafter1 + SD 2.1
SD [28] Mixed SD 1.5 Shanghai AI Lab PIA SD 1.5

SEINE [7] I2V SD 1.4 Shanghai AI Lab
Short-to-long (S2L)

video diffusion model SD 1.4, Lavie

Latte [12] T2V SD 1.4 Shanghai AI Lab Latent Diffusion Transformer SD 1.4

OpenSora [29] T2V Unknown HPC-AI Tech
Transformer-based

video diffusion
2D VAE for v1.0,

Video Diffusion Transformer DiT
ModelScope [21] T2V SD 2.1 Alibaba Group ModelScopeT2V SD 2.1
MorphStudio [18] T2V Unknown MorphStudio - -
MoonValley [13] T2V Unknown MoonValley - -

HotShot [14] T2V SDXL Hotshot Co. Hotshot-XL Stable Diffusion XL

Show 1 [27] T2V
Mixed

(DeepFloyd+ModelScope)
Show Lab,

National University of Singapore Both pixel and latent VDM Pixel + latent VDM

Gen2 [16] Mixed Unknown Runway RunwayML Gen SD
Crafter [4] T2V SD 2.1 Tencent AI Lab VideoCrafter1 SD 2.1

Lavie [23] T2V SD 1.4 Shanghai AI Lab
Cascaded video latent

diffusion models SD 1.4

Sora [10] T2V Unknown OpenAI - -

where, r indexes the feature dimension. These encodings, added
to the input tokens, provide temporal context for the trans-
former’s attention mechanism with minimal computation cost.
Hardware, Software & Hyperparameters: SAGA is imple-
mented on TensorFlow, and trained using an AdamW optimizer
[11] (initial learning rate of 1e− 05, decay rate of 0.5 every
1000 steps), with a batch size of 64, trained for 10 epochs on
8 TPUv3 chips. The loss weight factor (Sec. 3.2 of the main
paper) is set as λ=0.5 and the margin hyperparameter α for
both semi-HNM and HNM for our experiments was set as 1.0
according to popular choice in the literature. TensorFlow Data
Service was used for multi-thread I/O during model training
since the amount of video data (total ∼ 2M samples) is huge,
and would otherwise reduce the duty cycle of the TPU. Stage-1
real/fake pretraining using all DeMamba [5] generators (80%
data in training) takes ∼ 10hrs and Stage-2 attribution with
0.5% labeled data (which equates to 500 samples per class)
takes ∼ 20mins. The end-to-end inference time per video on
a single CPU takes ∼ 1min. The real/fake pretrained model
(smallest SAGA version) has 95.64M trainable parameters,
requiring 364.85 MB storage space, and the GEN-L trained
model (largest SAGA) version has 95.66M trainable parameters
requiring 364.93 MB storage space. Average TPU duty cycle
(ratio of the amount of time TPU is actually performing
calculations versus the amount of time for where TPU is booked
and online) of the experiments was ∼80%.

S-3. SOTA Comparison on Attribution Tasks

We compare SAGA with both image-based and video-based
state-of-the-art detection methods on all attribution granularities,

Table S-2. SAGA vs. SOTA methods on the attribution tasks.
Method Type TASK-L TEAM-L SD-L GEN-L

F3Net [15] Image-based 60.76% 54.28% 48.32% 43.77%
NPR [19] Image-based 67.35% 61.64% 52.19% 49.01%
TALL [25] Video-based 84.92% 75.47% 72.61% 69.53%
SAGA Video-based 98.20% 97.77% 98.49% 94.99%

Table S-3. Ablation of the foundation model backbone used as the
frame-level vision encoder in SAGA.

Backbone BIN-L TASK-L TEAM-L SD-L GEN-L
SigLIP-So400m/14 99.94% 98.20% 97.77% 98.49% 94.99%
DINOv2 ViT-L/14 99.56% 98.34% 97.69% 97.96% 94.63%

as shown in Table S-2. SAGA consistently achieves much
higher accuracy across all tasks, clearly outperforming existing
approaches. These gains indicate that methods originally
designed for binary deepfake detection or coarse video-level clas-
sification do not readily extend to fine-grained, multi-granular
source attribution. In contrast, SAGA is explicitly tailored for
video source attribution, and its architectural design and training
strategy enable it to capture generator- and team-specific
signatures, leading to superior performance across all levels.

S-4. Ablation on Vision Encoder Backbone

We compare two foundation model backbones, SigLIP-
So400m/14 (default) and DINOv2 ViT-L/14, as the frame-level
vision encoder in SAGA, and report the results in Table S-3.
Across all five evaluation granularities, the performance
differences between the two backbones are marginal (≤0.4%).
This indicates that SAGA is remarkably robust to the specific
choice of vision encoder and does not rely on a particular
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pre-trained backbone to achieve strong attribution performance.
Instead, the consistently high scores with both SigLIP and
DINOv2 suggest that our gains primarily stem from the
architectural design of SAGA and the proposed training
strategy, rather than from backbone-specific advantages.

S-5. Ablation of Number of Labeled Samples
We observe that the performance of SAGA in Stage-2
contrastive finetuning is tied to both the number of labeled
samples per class and the granularity of the attribution task
as shown in Fig. S-1. As the number of labeled samples
increases, accuracy improves across all attribution levels;
however, the gains are most pronounced for fine-grained tasks
such as team-level and generator-level attribution. Notably,
as the number of classes increases with task granularity, the
performance gap between low-data and high-data regimes
widens substantially. This trend reflects the greater challenge
of learning discriminative representations for a larger set
of visually similar classes with limited supervision. These
findings are consistent with prior work in contrastive learning,
which highlights the importance of sufficient positive and
negative samples for robust representation learning, especially
in long-tailed or fine-grained classification settings [2, 8].

Figure S-1. Performance of SAGA as a function of labeled samples
per class used in Stage-2 contrastive finetuning. Accuracy is shown for
each attribution granularity. Results indicate that while high accuracy
is maintained at coarser levels even with limited data, fine-grained attri-
bution (team and generator-level) benefits significantly from increased
labeled samples.

S-6. Ablation of Loss Functions
In Fig. S-2, we present a generator-wise comparison of SAGA
under three loss configurations for the most challenging GEN-
L attribution task: (1) cross-entropy (CE) only, (2) CE with
semi-hard negative mining (semi-HNM), and (3) CE with hard
negative mining (HNM). The HNM-augmented objective deliv-
ers uniformly strong accuracy across nearly all of the 19 genera-
tors, indicating that explicitly mining the closest negatives effec-

Figure S-2. Effect of loss function on GEN-L attribution performance.

Figure S-3. T-Sigs stratified by video semantics. T-Sigs pro-
duce stable, consistent signatures regardless of video content.

tively enforces inter-generator separation even when classes are
highly similar. By contrast, CE-only and semi-HNM show spo-
radic success, matching HNM on a small subset of generators,
but frequently collapsing near 0.00% on many others, revealing
insufficient separation of closely related generators. Averaged
over classes, CE achieves 55.13%, semi-HNM improves to
70.13%, and HNM attains 94.99%, highlighting the substantial
and consistent gains from hard-negative mining in this setting.

These results are consistent with the margin-based view:
semi-HNM prioritizes negatives within the margin but still
farther than the positive, which can miss truly overlapping
generators, whereas HNM targets the closest negatives that
most directly violate or threaten the margin, leading to better
cluster disentanglement.

S-7. T-Sig Consistency
To assess the robustness of T-Sigs to semantic content,
we stratify videos by high-level categories (scenes, animals,
humans) and visualize the corresponding signatures in Fig. S-3.
Across these diverse content types, T-Sigs for a given
generator exhibit consistent, model-specific patterns, indicating
that the learned temporal traces are not tied to particular
semantics. This supports our claim that T-Sigs capture
generator-dependent temporal statistics that persist across
different video contents, rather than spurious correlations with
specific scene or object categories.
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