DeltaQuant: 4-Bit Video Diffusion Models with Spatiotemporal Delta Smoothing

Supplementary Material

1. Additional Implementation Details

For the NVFP4 setting, we employ per-group symmetric
quantization with a group size of 16 for both weights and
activations. Each group’s scale is represented in FP8 format
(E4M3). For weights, we further introduce a per-channel
scaling factor in FP16 to enhance representational diversity
with negligible computational overhead.

Calibration is performed by sampling only 16-32 activa-
tions per layer across various timesteps and prompts. The
entire calibration process requires approximately 24 hours
on a single H100 GPU for all three models. Notably, our
DeltaQuant incurs no additional calibration cost beyond that
of SVDQuant [2].

The calibration procedure consists of two stages. In the
first stage, we calibrate the smoothing factor A, defined as a
vector where the smoothing factor for channel ¢ is computed
as max(| X ;|)®/ max(|W;_.|)?. The hyperparameters o
and §3 are searched over the interval [0, 1] with a stride of
0.1, selecting the pair that minimizes the layer output mean-
squared error (MSE) after SVD on the calibration set. In the
second stage, we calibrate the low-rank decomposition for
all layers, usingemploying an iterative approach to identify
the decomposition that yields the lowest output MSE.

2. Visualization of the Generated Videos

We present a comparative visualization of the original 16-bit
model, W4A4 SVDQuant [2], and our W4A4 DeltaQuant.
Evaluations are conducted on Wan2.2 [3] for both image-to-
video and text-to-video tasks, as well as on LTX-Video [1]
for the text-to-video task. As shown in Figure 2, 3, 4,
extensive visualizations demonstrate that DeltaQuant con-
sistently preserves the high pixel-level fidelity and overall
visual quality of the 16-bit model, outperforming the W4A4
SVDQuant [2] baseline. Additional visual results, including
videos and static web-based comparisons, are provided in
the supplementary materials.

Importantly, we observe that in the image-to-video task,
the first generated frame is particularly sensitive to quantiza-
tion errors. This is because the input frame directly serves
as the initial frame of the generated video, providing crucial
guidance for subsequent generation. As shown in Table 1
and Figure 1, the initial frame generated by SVDQuant [2]
has low similarity to ground truth, and suffers from notice-
able distortions. In contrast, DeltaQuant leverages intrinsic
spatiotemporal similarity in the activations, reliably generat-
ing high-quality initial frames that maintain strong similarity
and fidelity to the input.

Table 1. Quantitative comparison of first frame quality. Our
DeltaQuant outperforms SVDQuant in similarity and Image Re-
ward (I.R.), achieving quality on par with the ground truth.

Method LPIPS () PSNR (1) SSIM (1) LR. (1)
Ground Truth - - - 1.025
SVDQuant 0.126 27.7 0.816 0.981
Ours 0.058 30.1 0.903 1.021

3. Theoretical Analasis

Following the main paper notations, under 4-bit quantiza-
tion, the activation error is bounded by the activation norm,
|Qi(R(c)) — R(c)||% < v4||R(c)||%. The residual norm

IR@IF = 54X
channel mean ¢ = X (*) yielding X ®)_ With in-cube simi-
larity || X ¥)||2 <maD?, the quantization error is bounded
by y4maD? (smaller cubes are better), while the FP8 term
is negligible since g < 4.

— ¢j)? is minimized by the per-

4. Kernel Efficiency Breakdown

Our nsys profiling on Wan2.2-12V shows that FP8 core-
token compute adds 6.9% overhead to the DeltaQuant kernel
(Table 2), while unfused mean-delta incurs 105% overhead.
Overall, DeltaQuant achieves 5.5x speedup over BF16. Spa-
tiotemporal reordering overhead is negligible, as only two
reorders are required per inference due to the use of two
cube sizes.
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WA4A8 WA4A8 W4A4 W4A4 Quant. W4A8 DeltaQuant BF16 Mean-Delta Overhead

Operator Latency (s) TFLOPs Latency (s) TFLOPs Latency (s) Percentage Latency (s) Latency (s) Speedup If not fused
QKY Proj. 0.998 554 12.07 1314 225 6.5% 15.32 79.3 5.2x 14.54 (+95%)
O Proj. 0.598 523 6.05 1313 2.26 6.7% 8.91 442 5.0x 10.08 (+113%)
FFN up 0.650 576 10.3 1039 1.12 5.3% 12.07 61.2 5.1x 8.87 (+70.5%)
FFN down 0.790 522 7.06 1516 0 10.1% 7.85 58.8 7.5% 12.72 (+152%)
Total 3.04 544 35.48 1274 5.63 6.9% 44.15 243.5 5.5x 46.21 (+105%)

Table 2. Per-kernel latency/throughput breakdown.
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SVDQuant DeltaQuant (Ours)
BF16 LPIPS: 0.163 LPIPS: 0.077

Prompt: an aerial view of big ben and the houses of parliament in london, camera static.

SVDQuant DeltaQuant (Ours)
BF16 LPIPS: 0.072 LPIPS: 0.035

Prompt: a man in a mexican outfit holding an acoustic guitar.

SVDQuant DeltaQuant (Ours)
BF16 LPIPS: 0.072 LPIPS: 0.026
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Prompt: a room filled with lots of shelves filled with books, camera pans right.

SVDQuant DeltaQuant (Ours)
BF16 LPIPS: 0.177 LPIPS: 0.078

Prompt: a bunch of houses that are on a hillside, camera pans right.

Figure 1. Visual comparison of the first generated frame on Wan2.2-12V among the Ground Truth, SVDQuant, and DeltaQuant. Our method
produces frames with significantly improved similarity and visual quality compared to SVDQuant, which exhibits noticeable distortions.



Prompt: a group of hot air balloons flying over a field, camera tilts down

BF16

SVDQuant
LPIPS: 0.204

DeltaQuant (Ours)
LPIPS: 0.111

Prompt: a large wave crashes into a lighthouse, camera zooms out

BF16

SVDQuant
LPIPS: 0.148

DeltaQuant (Ours)
LPIPS: 0.081

Prompt: a tiger walking through a wooded area

BF16

SVDQuant
LPIPS: 0.144

DeltaQuant (Ours)
LPIPS: 0.115

Prompt: an older man jogging by the water

BF16

SVDQuant
LPIPS: 0.203

DeltaQuant (Ours)
LPIPS: 0.116

Figure 2. Comparison of Ground Truth, SVDQuant, and DeltaQuant on Wan 2.2 image-to-video generation.
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