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In this supplementary material, we present a compre-
hensive overview of our proposed method, including a de-
tailed explanation of our proposed method and implementa-
tion. Additionally, we describe the experimental settings in
depth, covering models and parameter configurations. Fur-
thermore, we present additional results and analyses to sup-
port our findings.

1. The Details of Forward Gradient Descents

In this section, we provide detailed explanation on using
forward AD to estimate gradients. Let f : R”™ — R". The
directional gradient along V  evaluated at X can be defined
as:
X +6V)—f(X
) — g JE V) = 1),
6—0 )
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The forward gradient method approximates using this for-
ward AD method with only a single forward run involved
during one iteration. Initially, the estimation of a direc-
tional gradient or a gradient guess V is initialized with
standard basis vectors. In forward gradient descents [1],
the gradient guess V'can be initialized with random Gaus-
sian noise, allowing for a single forward-mode run instead
of multiple runs. In the modern deep learning framework
(e.g., PyTorch [2]), this operation can be performed with
torch. func. jvp.

2. Experimental Settings

Text-to-Video (T2V) Models. In all experiments, we em-
ploy AnimateDiff [3] with epiCRealism ' as the base text-
to-image model to generate 16 frames 8fps. We set the de-
noising process to 20 iterations, as we found this to be suf-
ficient for generating clear videos. Because we work on
computing gradients and updating the latent noise, we opt
to use FP32 that is more stable in optimization.

lhttps ://huggingface.co/emilianJR/epiCRealism

Hyperparameters. For all experiments, we set A\; = 0.1.
For the sampled gradient guess technique, we set the num-
ber of sampled frames F = 2, where we found that this
number does not impact on significant memory usage.

Toy experiment. In this experiment, we aim to demonstrate
the effectiveness of gradient approximation using forward
gradient descent, which offers improved memory efficiency.
The toy dataset consists of moon-shaped data, and we em-
ploy a diffusion model to fit the generated dataset. Our dif-
fusion model comprises two layers of neural networks, each
with a hidden dimension of 64. Each layer includes a lin-
ear transformation followed by a ReLU activation function.
For the diffusion process, we use Denoising Diffusion Prob-
abilistic Models (DDPM) [4] as the foundational equation
to fit the toy dataset.

Details of guidance tasks. Given a text prompt, our guid-
ance diffusion process incorporates three essential tasks:
aesthetic score guidance, style guidance, and audio-video
alignment. For aesthetic score guidance, we build upon
the classifier model of DOVER [5], which is designed to
enhance the semantic and compositional alignment of gen-
erated content. In style guidance, we introduce a reference
image that serves as a target for guiding the visual style of
the generated videos. This approach ensures that the output
retains a consistent artistic or cinematic look. To achieve
this, we utilize Style-CLIP [6], a powerful model that en-
ables classifier-based guidance for style adaptation. For
multi-modal alignment (i.e., audio-video alignment), we
employ ImageBind [7], which facilitates the alignment of
target audio representations with the generated videos. This
step is crucial for ensuring that the visual elements corre-
spond appropriately to the accompanying sounds, creating
a seamless and natural viewing experience. By leveraging
ImageBind, we enhance the coherence between auditory
and visual modalities, improving the overall realism and
immersive quality of the generated videos. Another task is
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frame interpolation with the first and end frames are pro-
vided and the model needs to interpolate the frames initial-
ized by the latent noise. For aesthetic score and style guid-
ance tasks, we make use of TFG-1000Prompt dataset [8]
and for multi-modal alignment and frame interpolation, we
use VGG-Sound [9]. To effectively optimize all these tasks,
we design our guidance mechanisms using a loss function
based on the cosine similarity between the feature represen-
tations of the generated video and the target. This ensures
that the generated output closely aligns with the intended
aesthetic, style, and multi-modal synchronization. For all
experiments, we use 16 frames with 8 fps.

Frame interpolation experiments. Frame interpolation in-
cludes filling in missing segments of a video. In our exper-
iment, we retain the first and last frames while reconstruct-
ing the intermediate frames. The objective is to generate
a video that maintains the continuity and overall quality of
the target videos. The task in the guided diffusion process
is to produce a clean video:

max p(Xo) = maxexp(—[A(Xo) —yl)), (2
X, Xo

where A(.) is an operator for interpolating the missing seg-

ments and y is an original video and X is the corrupted

visual input.

3. Additional Results on Video Generation

In this section, we present our qualitative results, with addi-
tional videos available in the supplementary material. We
also provide our generated video samples at our project

page’.

Qualitative results. We present qualitative results illus-
trating the generated samples in ig. Al andA2. In the frame
interpolation task, the model is given only the first and last
frames of a video and have to generate the missing interme-
diate frames. As shown in Fig.A2, our proposed method ef-
fectively completes this task, demonstrating the capability
in temporal consistency. Additionally, for style guidance,
we showcase two distinct visual styles in Fig.Al, further
highlighting the efficacy of our approach. We also provide
generated video results of 384 x384 resolution in Fig. A3
and A4.

Time and memory consumption. Below, we discuss the
time require to process a video on 16 frames with 256256
resolution. We use H200 to evaluate the processing time.
TITAN-Guide requires 2 minutes to perform guidance in
diffusion models, and DOODL [10] requires a similar time
with ours. As we know the other methods e.g., TFG [8],
MPGD [11], FreeDoM [12], Seeing and Hearing [13] do
not traverse to t = 0, they require about 40 seconds for
video generation.

ZProject page: https://titanguide.github.io/

Text: “A dog swimming under water”

B

b

yy\w\i gf%/

- .‘. /.(}f} Y

Text “A girl 30|ng to farm

Figure Al. Qualitative results of TITAN-Guide on style guidance.

Figure A2. Qualitative results of TITAN-Guide on frame inter-
polation. The given frames are indicated by red and interpolated
frames are in the between these two frames.

4. Additional Results on Image Generation

We also demonstrate that our proposed approach has the
potential to be effectively applied to the image diffusion
models [4, 14]. However, since our primary focus is text-
to-video tasks, we do not explore this aspect in depth but
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Method Super Resolution CelebA Deblurring
LPIPS| FID| Acc.t KID| LPIPS| FID]
FreeDoM [12] 0.191 74.5 68.7 3.89 0245 874
MPGD [11] 0.283 820 686 479 0177 693
TFG [8] 0.190 659 752 386 0.150 645
TITAN-Guide (ours)  0.180 759 772 3.61 0222 635

Table Al. Evaluation results across various metrics for assessing
the quality of generated images.

provide evidence of its applicability.

Settings. In all image generation experiments, we use
256 <256 image resolution. We use three different tasks:
1) Super resolution, 2) CelebA (guided by gender and age
specification), and deblurring. Following [8], for super res-
olution, and deblurring tasks, we use the CAT-DDPM dif-
fusion model trained on the CAT dataset [15]. While, we
use CelebA-DDPM trained on the CelebA dataset [16] for
gender’ and age* guidance.

Evaluation. For the experiment in image domain, we
evaluate based on Learned Perceptual Image Patch Similar-
ity (LPIPS) and Fréchet Image Distance (FID) to assess the
quality of generated images. For the CelebA (gender and
age) task, we measure classification accuracy (Acc.) and
Kernel Inception Distance (KID) to to assess fidelity of gen-
erated samples. For all experiments, we generate 256 im-
ages to evaluate the effectiveness of our proposed method.

Results. Table Al shows the results of the three tasks.
In this experiment, we use TITAN-Guide exclusively with
sampled gradient guesses. Our observations indicate that
TITAN-Guide outperforms previous methods in most tasks
and metrics. Additionally, the image generation results
demonstrate its effectiveness in image guidance tasks.
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Figure A3. Qualitative results of TITAN-Guide for audio-video alignment at 384 x384 resolution. Top: Elephants in water accompanied
by water surface sounds. Bottom: Chickens clucking in sync with the corresponding clucking sound.
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Figure A4. Qualitative results of TITAN-Guide for audio-video alignment at 384 x 384 resolution. Top: City fireworks synchronized with
firework sounds. Bottom: Highway cars accompanied by accelerating engine sounds.
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