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Supplementary Material

A. Diffusion Model Background
A.1. Denoising Diffusion Probabilistic Models
Denoising diffusion probabilistic models (DDPMs) [5, 12,
13] consist of two Markov processes: a forward process
that gradually adds Gaussian noise to a clean sample x0 ∈
Rn×c×h×w until obtaining a highly-noised sample xT ∈
Rn×c×h×w, and a reverse process that removes the noise
on xT to recover the original data distribution. The forward
process is defined as:

q(xt | xt−1) := N (
√
αtxt−1, (1− αt)I), (1)

where αt ∈ {αt : 1 ≤ t ≤ T} defines the noise schedule, I
is the identity matrix, and n, c, h and w denote the number,
channel, height and width of frames, respectively. Alterna-
tively, given x0, the noised sample xt at any timestep t can
be analytically derived from:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, (2)

where ᾱt :=
∏t

i=1 αi and ϵ ∈ Rn×c×h×w is the Gaus-
sian noise sampled from the standard Gaussian distribution.
In the reverse process, a denoiser (e.g., U-Net or Diffusion
Transformer) parameterized by ϕ is trained to reverse the
forward process:

pϕ(xt−1 | xt) := N (µϕ(xt, t),Σϕ(xt, t)), (3)

where µϕ and Σϕ are the predicted mean and variance of the
data distribution of xt, respectively. The less-noisy sample
xt−1 is drawn from pϕ(xt−1 | xt) step by step until the
noise-free sample x0 is obtained. In most cases, a denoiser
estimates the mean µϕ by predicting the added noise ϵϕ be-
tween xt and x0:

µϕ(xt, t) =
1
√
αt

(
xt −

1− αt√
1− ᾱt

ϵϕ(xt, t)

)
(4)

A.2. Denoising Diffusion Implicit Models
In order to speed up the generation process at the inference
time, xt−1 can be calculated in a deterministic way using
the denoising diffusion implicit model (DDIM) [11] sam-
pler:

xt−1 =
√
ᾱt−1x̂0 +

√
1− ᾱt−1ϵϕ(xt, t) (5)

where x̂0 is the clean sample approximated at the timestep
t by rewriting Eq. (2):

x̂0 =
xt −

√
1− ᾱtϵϕ(xt, t)√

ᾱt
(6)

A.3. Classifier-guidance
To condition the class of generated samples, Dhariwal et
al. [3] proposed classifier guidance, where an external clas-
sifier fθ is introduced into the denoising process of diffu-
sion models. Specifically, the classifier’s gradients with re-
spect to noised images∇xt

log fθ(yc | xt) steer the denois-
ing trajectory toward the data manifold of the target class
yc ∈ Rk by modifying the predictions of the denoiser:

ϵ̂ϕ(xt, t,yc) = ϵϕ(xt, t)− w
√
1− ᾱt∇xt

log fθ(yc | xt)
(7)

where ϵ̂ϕ(xt, t,yc) is the modified prediction of the de-
noiser and w is the guidance scale.

B. Method Details
The optimization framework of BTTF is summarized in Al-
gorithm 1. We define “denoising loop” as a flow match-
ing sampling process where the noise-free latent ẑ0 is ob-
tained by recursively running Eq. (1) n times, as summa-
rized in Algorithm 2. The whole framework consists of two
stages: inversion and CFE generation. In the first stage,
the sampled latent zT is optimized to be close to the latent
representation of the original input video zi. In the sec-
ond stage, we progressively optimize the initial latent zT to
search for a counterfactual video x̂c that changes the predic-
tion of the target classifier fθ towards the target class yc. In
addition, gradient checkpointing is utilized to mitigate the
GPU memory consumption of the proposed method. The
hyperparameters of CFE generation experiments for differ-
ent target classifiers are shown in Tab. S1. Notably, for
the target classifier A-swinR, because the semantic differ-
ences among action classes in the NTU RGB+D training set
may be relatively large (e.g., single-person “salute” vs. two-
person “hugging”), the number of inversion iterations, KI ,
needs to be manually adjusted according to the gap between
the class of the original input video and the target class.
This empirical heuristic suggests using a smaller KI when
the semantic gap between the original and target classes is
large, and a larger KI otherwise.

C. Details of Model Training
C.1. Video Dataset Preprocessing
Shape-Moving. The Shape-Moving dataset is our synthetic
video dataset consisting of 64k videos. Each video contains
65 frames with a spatial resolution of 3×224×224 (channel
× width × height) and a frame rate of 16 fps. The dataset



Table S1. Hyperparameters used in the BTTF optimization
algorithm.

Hyperparameter M-swin E-swin A-swinR

# Inversion iterations KI 0 40 0~40
# CFE generation iterations KC 100 100 100
Style loss regularization coefficient λ 1× 105 1× 105 1× 105

Max number of denoising steps N 15 15 15

Table S2. Training configurations for video classifiers.

Model Training Dataset Input Clip Shape # Training Epochs

M-swin Shape-Moving 32× 3× 224× 224 1
E-swin MEAD 16× 3× 512× 512 15
A-swinR NTU RGB+D 16× 3× 448× 448 30

includes four directional categories: “Up”, “Down”, “Left”,
and “Right”, with 16k videos per class. We randomly split
the dataset into training and testing sets using a 4:1 ratio.

MEAD. [16] The raw MEAD videos have a spatial res-
olution of 3× 1080× 1920. For preprocessing, we first re-
size the shorter spatial dimension (height) to 512 while pre-
serving the aspect ratio, which is followed by a center crop
along the longer dimension to obtain videos with a spatial
resolution of 512 × 512. In the temporal domain, we per-
form either downsampling or upsampling so that all videos
are normalized to 33 frames, which are then saved at 8 fps,
resulting in clips of approximately 4 seconds. The dataset
is randomly divided into training and testing sets with a 4:1
split.

NTU RGB+D. [9] The preprocessing pipeline for NTU
RGB+D follows the same procedure as that used for the
MEAD dataset, including spatial resizing and center crop-
ping to 512× 512, as well as temporal normalization to 33
frames at 8 fps.

C.2. Video Classifiers Training
We trained1 three target video classifiers, namely M-swin,
E-swin, and A-swinR, which are built upon an ImageNet-
1K pretrained Video Swin Transformer [8] backbone. The
training sets, input clip shape (n× c× h×w), and number
of training epochs, are summarized in Tab. S2. The input
clips are uniformly sampled from videos in the training set
using a temporal stride of 2.

D. Evaluation Details

D.1. Metrics
Flip Rate (FR) measures the effectiveness of counterfactual
examples in changing the classifier’s prediction to the target
class. Given a counterfactual video xc, a target classifier fθ,

1Code adapted from https://github.com/open-mmlab/mmaction2

Algorithm 1 BTTF optimization algorithm

1: Input: Original video xi, target class yc, target video
classifier fθ, max number of denoising steps N , number
of inversion iterations KI , number of CFE generation
iterations KC , the objective functions LI and LC

2: Output: CFE video xc

3: I← first_frame(xi) ▷ Extract the original first frame
4: IC ← CLIP(I) ▷ Extract CLIP embedding
5: Ip ← zero_pad_to_video(I) ▷ Zero-pad the first frame
6: I′ ← E(Ip) ▷ Encode the zero-padded first frame
7: zi ← E(xi) ▷ Encode the original video
8: zT ← sample_normal_like(zi) ▷ Sample the latent
9: optim← AdamW(zT ) ▷ Initialize the optimizer

▷ Stage 1: Inversion
10: n← 1
11: for k ← 1, . . . ,KI do
12: optim.zero_grad()
13: ẑ0 ← denoising_loop(zT , I′, IC , n)
14: l← LI(ẑ0, zi)
15: l.backward()
16: optim.step() ▷ Update zT
17: end for

▷ Stage 2: CFE generation
18: for n← 1, . . . , N do
19: for k ← 1, . . . ,KC do
20: optim.zero_grad()
21: ẑ0 ← denoising_loop(zT , I′, IC , n)
22: x̂c ← D(ẑ0)
23: ŷ ← fθ(x̂c)
24: l← LC(xi, x̂c, yc, ŷ)
25: l.backward()
26: optim.step() ▷ Update zT
27: end for
28: end for

29: xc ← D(denoising_loop(zT , I′, IC , N))
30: return xc

and a target class yc, FR is defined as:

FR(xc,yc) =
1

M

M∑
m=1

I
[
fθ(xc) = yc], (8)

where I denotes the indicator function and M is the total
number of samples. A higher FR indicates more effective
counterfactual interventions.

SSIM [17] quantifies perceptual similarity between two
corresponding frames in input and counterfactual videos
based on luminance, contrast, and structural information.

https://github.com/open-mmlab/mmaction2


Algorithm 2 Denoising loop used in Algorithm 1

1: Input: Initial latent zT , encoded first frame I′, CLIP
embedding IC , number of denoising steps n

2: Output: Denoised latent ẑ0

3: z← zT
4: for t← n, . . . , 1 do
5: ϵ← ϵϕ(z, t, I

′, IC)

6: z← √ᾱt−1
z−
√
1− ᾱt ϵ√
ᾱt

+
√
1− ᾱt−1 ϵ

7: end for
8: ẑ0 ← z
9: return ẑ0

For two frames xi,n and xc,n, SSIM is computed as:

SSIM(xi,n,xc,n) =
(2µi,nµc,n + C1)(2σic,n + C2)

(µ2
i,n + µ2

c,n + C1)(σ2
i,n + σ2

c,n + C2)
,

(9)
where µi,n, µc,n are means, σ2

i,n, σ2
c,n are variances, σic,n

is the covariance, and the constants C1 and C2 are stabi-
lizing terms introduced to avoid numerical instability when
the denominators are close to zero. Here, SSIM is av-
eraged across frames of input and counterfactual videos:
SSIM(xi,xc) =

1
Nf

∑Nf

n=1 SSIM(xi,n,xc,n), where Nf is
the number of video frames. Higher values indicate higher
perceptual similarity.

LPIPS [19] measures perceptual similarity using deep
network features. Here, we use AlexNet [7]. Given two
images, LPIPS is defined as:

LPIPS(xi,n,xc,n) =
∑
l

wl

∥∥∥f̃A,l(xi,n)− f̃A,l(xc,n)
∥∥∥2
2
,

(10)
where fA,l denotes features extracted at layer l of
AlexNet, f̃A,l is the normalized feature vector, and wl are
learned weights. Here, LPIPS is averaged across frames
of input and counterfactual videos: LPIPS(xi,xc) =
1
Nf

∑Nf

n=1 LPIPS(xi,n,xc,n). Lower values indicate
higher perceptual similarity.

FID [4] measures the discrepancy between real and gen-
erated images by comparing their Inception-V3 feature dis-
tributions. Let fI(x) denote the feature vector extracted
from the Inception-V3 network [14]. We assume that the
feature vectors of real images and generated images fol-
low Gaussian distributions N (µr,Σr) and N (µg,Σg), re-
spectively. Under this assumption, FID corresponds to the
squared 2-Wasserstein distance between these two Gaussian
distributions, given by

W 2
2

(
N (µr,Σr),N (µg,Σg)

)
= ∥µr − µg∥22

+Tr
(
Σr +Σg − 2(ΣrΣg)

1/2
)
,

(11)

where Tr denotes the trace operator (the sum of the diag-
onal elements of a matrix). Lower values indicate that the
generated images more closely match the real data distribu-
tion.

FVD [15] extends FID from images to videos by apply-
ing Eq. (11) to spatiotemporal features extracted with an
I3D network [2]. As in FID, the real and generated video
features are modeled as Gaussian distributions, and FVD
evaluates the discrepancy between them. Lower values in-
dicate more realistic and temporally coherent video genera-
tion.

D.2. Comparison with CG-based methods
To demonstrate the limitations of applying image-based
CFE methods to videos, we adapt the classifier guidance
(CG) strategy, commonly used in image-based CFE meth-
ods [1, 6, 10, 18],to the video setting and compare it with
our proposed BTTF. We construct three CG baselines that
progressively incorporate more temporal information: CG-
Frame, which edits each frame independently; CG-Video-
Mid, which applies video-classifier gradients but starts de-
noising from a half-noisy state; and CG-Video, which per-
forms full-noise initialization and video-level guidance.

As shown in Tab. S3, all CG variants struggle to gener-
ate high-quality video counterfactuals. CG-Frame fails to
maintain temporal consistency, resulting in extremely poor
FVD despite reasonable frame-level SSIM. CG-Video-Mid
partially improves temporal coherence by using video-level
gradients, but the partial-noise initialization limits its abil-
ity to introduce coherent spatiotemporal edits. CG-Video,
the strongest CG baseline, shows better temporal alignment,
yet its FID and LPIPS remain far worse than ours, indicat-
ing that simply extending image-based classifier-guidance
to videos cannot reliably edit spatiotemporal features.

In contrast, BTTF clearly outperforms CG variants
across most metrics, achieving by far the lowest FID (27.49)
and FVD (250.11). These results show that BTTF generates
counterfactual videos that are simultaneously realistic, tem-
porally stable, and semantically meaningful.

Overall, this comparison confirms that video counter-
factual explanations cannot be obtained by naively adapt-
ing image-based classifier-guidance methods, and that our
BTTF framework is specifically effective at producing co-
herent, high-fidelity spatiotemporal counterfactuals.

E. Qualitative results
More generated video CFEs by BTTF are shown in Fig. S1
and Fig. S2.



Counterfactual : “Happy” (𝒑𝒊/𝒑𝒄 : 0/1)Original : “Angry” (𝒑𝒊: 1.00)

Counterfactual Emotion Video (BTTF)Input Emotion Video

Time0 s 4 s
Original : “Happy” (𝒑𝒊: 1.00) Counterfactual : “Sad” (𝒑𝒊/𝒑𝒄 : 0/0.98)

Figure S1. Video CFEs generated by BTTF for the target video classifier E-swin trained on MEAD.

Counterfactual : “Hugging” (𝒑𝒊/𝒑𝒄 : 0/1)Original : “Angry” (𝒑𝒊: 1.00)

Counterfactual Action Video (BTTF)Input Action Video

Time0 s 4 s
Original : “Wiping face” (𝒑𝒊: 0.81) Counterfactual : “Staggering” (𝒑𝒊/𝒑𝒄 : 0/0.98)

Figure S2. Video CFEs generated by BTTF for the target video classifier A-swinR trained on NTU RGB+D.

Table S3. Quantitative comparison of methods. BTTF is eval-
uated against three adapted versions of the image-based classifier-
guidance (CG) strategy to validate the limitations of image-based
CFE methods to video. CG-Frame applies classifier-guidance
independently to each video frame; CG-Video-Mid uses video-
classifier gradients but begins denoising from a half-noisy state;
and CG-Video performs full-noise initialization with video-level
guidance. The benchmark dataset and the target classifier are
Shape-Moving and M-swin, respectively.

Method FR (↑) SSIM (↑) LPIPS (↓) FID (↓) FVD (↓)
CG-Frame 0.28 0.90 0.28 160.48 2072.14

CG-Video-Mid 1.00 0.95 0.14 145.22 1796.21

CG-Video 1.00 0.94 0.24 68.01 682.23

BTTF (ours) 0.97 0.95 0.20 27.49 250.11
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