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Abstract

Video generation is experiencing a rapid growth, driven by ad-
vances in diffusion models and the development of better and larger
datasets. However, producing high-quality videos remains challeng-
ing, due to the high dimensional data and the complexity of the
task. Recent efforts have primarily focused on enhancing visual
quality and addressing temporal inconsistencies, such as flickering.
Despite progress in these areas, the generated videos often fall short
in terms of motion complexity and physical plausibility, with many
outputs either appearing static or exhibiting unrealistic motion. In
this work, we propose a framework aimed at improving the realism
of motion in generated videos, exploring a complementary direction
to much of the existing literature. Specifically, we advocate for the
incorporation of a retrieval mechanism during the generation phase.
The retrieved videos act as grounding signals, providing the model
with demonstrations of how the objects move. Our pipeline is de-
signed to apply to any text-to-video diffusion model, conditioning
a pre-trained model on the retrieved samples with minimal fine-
tuning. We demonstrate the superiority of our approach through
established metrics, recently proposed benchmarks, and qualitative
results, and we highlight additional applications of the framework.
Code available at: https://github.com/helia95/ragme.
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Figure 1: We evaluate the Fréchet Video Distance (FVD) us-

ing the captions and videos from the validation set of the

WebVid10M [1] dataset. We plot it against the cosine simi-

larity with respect to the retrieved examples in the DINOv2

embedding space. Ideally, the best model should produce

high-quality videos (indicated by low FVD) while avoiding

direct copying from the grounding examples (indicated by

low cosine similarity).

1 Introduction

Text-to-video (T2V) generation is rapidly advancing, with large-
scale models trained on vast datasets achieving increasingly im-
pressive results. Notably, SORA [7] has established a new state-of-
the-art, showcasing the remarkable potential of massive data and
computational scaling. However, a significant limitation of current
models lies in the realism and motion complexity of the objects
in the output results. The generated videos often result in static
scenes with simplistic or physically implausible motion [60]. Some
works tackle this issue by improving the data curation pipeline
[2] or proposing a different architecture that scales better with the
computation [36]. However, all these models seem to suffer from
similar failure cases, suggesting that scaling data and computing
power are not sufficient to solve the problem.

In this work, we explore a complementary approach, i.e., incorpo-
rating grounding information to guide the network toward a more
realistic and plausible motion. We propose a retrieval augmented
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generation (RAG) pipeline – a technique that has demonstrated
impressive results in Natural Language Processing (NLP) [29, 41].
However, it remains underutilized in computer vision, particularly
in video generation. We retrieve (real) examples from an external
database to guide the model and enhance the temporal dynamics
of the generated samples. We term our method RagMe, Retrieval
Augmented Generation for Motion Enhancement.

Our approach is inspired by the related tasks of video editing
and motion transfer [14, 35, 39, 57]. In these settings, the goal is
to synthesize an output video given one (or more) input video
and a prompt describing the edit. The input videos are crucial for
preserving motion, serving as an anchor for the video editing al-
gorithm. We draw from these techniques but apply them to the
broader problem of video generation. Our goal is to transfer the
high-level action from the retrieved examples without preserving
their specific details. Specifically, our design choices focus on pre-
venting the transfer of low-level details, such as the background,
the subject’s identity, or the spatial arrangement of the scene. For
example, when generating a video of a person walking, we can
gather samples from an external database where the action is per-
formed in various ways. People have distinct identities and walk in
different ways, in different directions, and across different environ-
ments. However, the underlying action remains consistent across
these examples, and all of these variations can guide the model to
produce a video with a more realistic motion. In this work, we aim
to preserve only high-level information, allowing the model to gen-
erate new content without directly copying specific instances from
the retrieved examples. When evaluating Fréchet Video Distance
(FVD), our method significantly reduces this metric compared to
the base model while ensuring that the generated video is not a
replica of the retrieved samples, as indicated by a slight increase in
cosine similarity between them (see Fig. 1).

We build our pipeline in a general manner, without specific as-
sumptions about the architecture or the application (e.g., humans).
We use theWebVid10M as a large-scale text-to-video dataset and use
it to build a retrieval mechanism, which is used to condition a pre-
trained T2V model by inserting cross-attention layers that fuse in-
formation from retrieved samples. Additionally, we propose a novel
mechanism to initialize the random noise for the denoising process
leveraging the retrieved samples. We evaluate our model through
standard metrics like FVD, but also on the recently proposed video
generation benchmarks. We demonstrate superior results compared
to baselines and training-free methods for enhancing video quality
and consistency. The core contribution of this work is to apply for
the first time a RAG pipeline to video generation as a first step to
guide the model towards more realistic motion generation.

2 Related Works

Text-to-Video Diffusion Models. In the last years, there have been
several efforts to expand the achievements of text-to-image models
to the video domain [3, 15, 20, 45, 50, 52]. ImagenVideo [20] and
Make-A-Video [45] propose a deep cascade of temporal and spa-
tial upsamplers to generate videos and jointly train their models
on image and video datasets. A consistent line of works focus on
extending powerful pre-trained text-to-image (T2I) models intro-
ducing new layers to model the time dimension and exploiting the

powerful prior learned on the spatial domain [50, 52]. Blattmann et
al. [4] initially explored this direction by leveraging a pre-trained
Stable Diffusion model [42], which was later extended to image-
to-video generation and longer videos by Stable Video Diffusion
[2]. AnimateDiff [18] proposes to freeze the spatial layers and train
only the temporal module and introduce MotionLoRA [22] as a
lightweight finetuning technique to learn specific motion patterns.
Nevertheless, all these methods rely on 3DUNet with separable spa-
tial and temporal computation which poses a limitation on motion
modeling capabilities. SnapVideo [36] proposes to use a transformer-
based FIT [30] architecture which can jointly model the space and
time components, by exploiting a compressed video latent represen-
tation. Other works introduce fully transformer-based architectures
[33], culminating in the state-of-the-art results achieved by SORA
[7]. While the open-source community is working to replicate these
outcomes, the generated quality still lags behind [28, 60].

Concurrently, some approaches have explored not only the ar-
chitectural modeling choices but also the noising policy. Pyoco
[15] introduces a noise-correlated sampling strategy, based on the
intuition that frames shouldn’t be sampled from independent noise.
Recently, FreeInit [54] proposed a training-free technique to opti-
mize the initial noise of the denoising process. The model predicts
a sample that is diffused back according to the noising schedule,
mixing the low-frequency components with randomly initialized
high-frequency components. While this approach results in im-
proved sample consistency, it requires repeating the sampling pro-
cess multiple times, which is often impractical.

We build on the recent advancement of T2V models, leveraging
the strengths of powerful pre-trained models and extending their
capabilities with minimal architecture modifications. Additionally,
we propose a noise initialization strategy that enhances the final
result without incurring the high computational costs associated with
existing methods.

Motion Transfer and Video Editing. One line of work exploits
pre-trained T2I models and adapts them to the task in a zero-shot
manner [9, 16, 27, 39, 57]. The temporal consistency of the generated
frames is typically obtained by extending the self-attention opera-
tion across frames[27, 53]. Tune-A-Video [53] involves fine-tuning
the model on the video to be edited, enabling test-time edits through
text prompts or cross-attention control [31]. Pix2Video [9] and
FateZero [39] propose a training-free approach, exploiting the at-
tention maps extracted during an initial inversion step and blended
with those generated during the editing process, confining the edit
to a specific region. TokenFlow [16] and FLATTEN [10] propose to
propagate features of the base T2I model leveraging the optical flow
extracted from the source video. In contrast, other methods opt
for pretraining on video datasets, typically employing an inflated
3DUNet architecture and incorporating explicit dense condition-
ing signals (e.g., optical flow, depth maps, or sketches) to preserve
motion and structure from the guiding video [14, 17, 18, 38, 51].
Animate-A-Story [19] utilizes a similar technique for guiding gen-
eration, but instead of relying on user-provided input, it retrieves a
single video from a database to serve as the anchor. Other works
have explored the broader task of motion transfer. Yatim et al. [58]
addresses motion transfer between objects of different categories
that may not share the same motion characteristics. They enforce
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the transfer through an inference-time optimization, introducing
a loss to match the correlation of features of the input with the
output video. Similarly, [35, 59] propose a DreamBooth-like [43]
training strategy to learn motion patterns from a set of videos with
the same action.

Our work is inspired by this line of research but differs fundamen-
tally because we do not aim to replicate the conditioning video, nor
do we rely on a manually curated set of examples. Furthermore, we
seek a practical implementation that avoids costly test-time training
procedures.

Retrieval Augmented Generation (RAG). It represents a well estab-
lished technique in Natural Language Processing as a powerful way
to improve model performances, by integrating information from
an external database that acts as a memory bank [6, 29, 41]. Early
attempts to adapt similar retrieval mechanisms for image and video
generation were introduced within the context of GANs [8, 48].
More recently, [5, 44] have applied these concepts to image diffu-
sion models. Their approach involves a semi-parametric generative
model that combines a learnable module with an external database,
allowing for post-hoc conditioning based on labels, prompts, or
specific styles. Re-Imagen [6] extends this concept to text-to-image
(T2I) models, and [56] propose an in-context learning strategy to
integrate retrieved samples and enhance generation results.

To the best of our knowledge, RAG has not yet been applied to video
generation, which presents additional challenges in both the retrieval
mechanism and the model’s conditioning component.

3 Method

We describe the technical details of RagMe, formalize the task, and
outline its applications. We begin by defining the notation used
throughout the paper. We assume to have access to a database D =

{X𝑖 }𝑁𝑖=1. Each data-point represents a video, with X𝑖 ∈ R𝑇×3×𝐻×𝑊

denotes the 𝑇 frames of the video with spatial resolution 𝐻 ×𝑊 .
We define a Retrieval Mechanism (RM) as a non-learnable func-

tion to retrieve from the database given a query 𝑞, i.e. 𝑓𝐾 : (𝑞,D) →
Z, with Z = {(X𝑗 ,T𝑗 )}𝐾𝑗=1, Z ⊆ D and 𝐾 = |Z| represents the
number of retrieved samples. Next, we define 𝑔𝜃 : T𝑖 → Y𝑖 as a
(pretrained) T2V Generative Model that synthesizes an output video
Y𝑖 ∈ R𝑇×3×𝐻×𝑊 given a textual prompt T𝑖 .

In this work, we propose to learn a semi-parametric T2V model,
which can incorporate relevant retrieved samples via conditioning,
i.e. 𝑔𝜃 ′ : (T𝑖 ,Z) → Y𝑖 . As discussed in Sec. 1, our final goal is to
produce videoswith better temporal dynamics,without copy-pasting
artifacts from the retrieved examples.

T2V Diffusion Models Preliminaries. Diffusion models are proba-
bilistic models that approximate distributions by iteratively denois-
ing data. Starting with a sample of Gaussian noise, the model learns
to progressively remove noise in steps until the sample approxi-
mates the target distribution [21, 46]. Our framework builds upon a
pre-trained latent T2V model [2, 42]. Instead of learning the distri-
bution directly in the complex, high-dimensional video space, this
model projects the video into a compressed latent representation
and learns a conditional distribution based on text. Architecturally,
it consists of three main components: The VAE Encoder E(·), which
projects the raw input pixels to the latent space i.e. 𝑧 = E(X), and

the correspondent Decoder D(·). The text encoder 𝜏𝜃 (·), which
maps the input textual prompt to a conditioning vector; and the de-
noiser 𝜖𝜃 (·), which takes the text embedding and a noisy version of
the latent as input and predicts (with the correct reparametrization
[21]) the added noise.

The training is performed by sampling a noise 𝜖 ∼ N(0, 1) and
diffusing the original sample 𝑧0 according to a noise scheduler
function and a time-step 𝑡 ∼ 𝑓 (𝑡) [11, 21, 24]. The diffused sample
𝑧𝑡 is computed as

𝑧𝑡 =
√
𝛼𝑡 · 𝑧0 +

√
1 − 𝛼𝑡 · 𝜖 (1)

where 𝛼𝑡 is a parameter controlled by the noise scheduler func-
tion that dictates the amount of noise at timestep 𝑡 . At the final
timestep 𝑡 = 𝑇 , the original sample is completely destroyed to pure
noise, i.e. 𝑧𝑇 ∼ N(0, 1), which allows sampling from the model at
inference time.

The parameters of the denoiser network are trained to recover
the added noise. Specifically, the training loss is defined as:

Lsimple := EE(𝑥 ),𝜖∼N(0,1),𝑡
[
∥𝜖 − 𝜖𝜃 (𝑧𝑡 , 𝑡, 𝜏𝜃 (𝑐)∥2

2

]
(2)

In this work, we focus on the denoiser network 𝜖𝜃 (·). Although
purely transformer based architecture are emerging, we rely on the
widespread 3DUNet models [2, 3, 50, 52]. From an architectural per-
spective, combines convolutional layers with attention operations.
The attention blocks can be further categorized into the:

• Cross-Attention blocks, which integrate information from the
text encoder.

• Spatial Attention blocks, which operate on the spatial dimen-
sion treating each frame independently, the activation of the
network are reshaped as 𝑥spatial ∈ R(𝑏 ·𝑇 )×(ℎ ·𝑤 )×dim.

• Temporal Attention blocks, which operate solely on the tem-
poral axis, the activation of the network are reshaped as
𝑥temp ∈ R(𝑏 ·ℎ ·𝑤 )×𝑇×dim.

In this work, we concentrate on the temporal attention blocks,
as our primary goal is to enhance the temporal dynamics of the
generated video.

Retrieval Mechanism (RM). The retrieval mechanism processes a
query 𝑞 and retrieve 𝐾 samples form a database D. The retrieval is
performed by minimizing a distance function 𝑑 (𝑞, ·) between the
query and the other entries in the database. In practice, it is com-
posed of three non-learnable blocks: the pre-trained text encoder
𝑓txt, the pre-trained visual encoder 𝑓vis and an indexing mechanism
𝑓index. Following the previous works, we use CLIP to implement
the visual and textual encoders. Our choice is motivated by three
factors: (i) previous works on video-action recognition show that
frame-wise CLIP encodings are powerful for the task, and can be
used to recognize the action with high accuracy [1, 32, 34? ] (ii)
the embedding space is compact and reduces the dimensionality
(dim = 512), with advantages in memory and computational re-
quirements, (iii) the shared textual-visual embedding space allows
to search the database in amulti-model manner at inference time (i.e.
using the prompt of the T2V model as the query for the retrieval).

First, we preprocess the database D. For each video X𝑖 , we en-
code the frames independently and compute the average along the
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Figure 2: Pipeline of RagMe. (a) We show a general T2V pipeline with RAG capabilities. Given a textual prompt, we retrieve

related videos from a database and use it to enhance the generation capabilities of a T2V model. (b) We detail the specific

implementation. Each video frame from the retrieved videos is encoded using CLIP and then processed by a transformer

temporal enhancer module to obtain the final conditioning vector. This vector is used to condition a T2V model through

cross-attention layers. Each video is color-coded, with different frames represented by varying shades of the base color.

temporal dimension to aggregate the information. This results in a
per-video representation, after L2 normalization:

x𝑖 =



 1
𝑇

𝑇∑︁
𝑗=1

∥ 𝑓vis (X𝑖, 𝑗 )∥2





2
. (3)

Second, we efficiently store the compressed video representa-
tions in the index using the FAISS library [13]. Next, we search over
the index, returning 𝐾 samples from the database, which maximize
the cosine similairty 𝑑cos with the query:

Z = top-K
Z𝑗 ∈D

𝑑cos (𝑞,Z𝑗 ) (4)

with Z = {Z0, . . . ,Z𝐾 }, 𝑞 ∉ Z.
During training, we compute the averaged temporal CLIP rep-

resentation for the current video X𝑖 as described in Eq. (3). Then,
we search the dataset using Eq. (4), setting the query 𝑞 = x𝑖 . Con-
versely, at test time, we encode the given textual prompt T𝑖 using
the CLIP textual encoder, i.e., t𝑖 = ∥ 𝑓txt (T𝑖 )∥2. Finally, we leverage
the multimodal nature of the CLIP latent space and retrieve from
the dataset using Eq. (4), setting the query 𝑞 = t𝑖 . We refer to Fig. 2
(a) for a visual representation of the process.

Note that, for the sake of generality, we assume the database to
contain only videos, but the pipeline can be applied to text-video
database as well. We explore other choices for the retrieval system
and discuss the result in the Sec. 4. Lastly, we apply a deduplication
strategy to prevent returning (multiple) similar elements in a dataset
with redundant entries. Further details on the implementation and
post-processing are provided in the Supp. Mat..

Retrieval Augmented Conditioning (RagCA). After developing
the retrieval mechanism, we explain how to condition the T2V
model using this retrieved information. For a visual representation
of the process, refer to Fig. 2 (b). The first step involves representing

the conditioning videos within an appropriate embedding space.
Consistent with our guiding principle, our goal is to condition the
main network in a way that enhances temporal dynamics, while
avoiding direct copies of the the conditioning signals. The CLIP
visual encoder emerges as a strong candidate for this purpose, as it
effectively encodes high-level semantic without retaining low-level
information [40]. Additionally, it offers a practical solution since
we can directly utilize the embeddings returned by the retrieval
mechanism. However, since 𝑓vis operates on independent frames,
we introduce a module specifically designed to handle the temporal
dimension, which we term the transformer time enhancer model. In
practice, we pack the per-frame CLIP embedding into a sequence
of tokens:

z̄𝑖 = [CLS; 𝑓vis (Z𝑖,0); . . . ; 𝑓vis (Z𝑖,𝑇 )] (5)

with z̄𝑖 ∈ R(𝑇+1)×dim, [. . . ; . . .] represents the concatenation
operation and [CLS] is a class token appended at the beginning
of the sequence [12]. We apply the transformer time enhancer
independently on each retrieved videos and pool the [CLS] token in
output. In this way, we obtain the final conditioning signal z = 𝜏 (z̄),
with z ∈ R𝑏×𝐾×dim (see Fig. 2 (b)).

Next, we condition the pre-trained T2V model retaining the
generation capabilities learned during the pertaining stage. Follow-
ing previous works, we initialize new multi-head cross attention
layers and inject them after every temporal attention layer of the
base model. In practice, let 𝑥temp ∈ R(𝑏 ·ℎ ·𝑤 )×𝑇×ch be the 3DUNet
activation after a temporal layer, we compute a residual:

𝑥temp = 𝑥temp + MCA(𝑥temp, z) (6)

where MCA(·) represent the multi-head cross-attention operation
with queries computed from 𝑥temp and keys/values from the z
signals respectively.
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RAG Noise Initialization (RagInit). As explored in previous works
[25, 54, 55], noise initialization plays an important role in diffusion
models and can greatly affect the quality of the generated result. We
further leverage the retrieved videos and propose to initialize the
noise averaging the latents. We diffuse the result following Eq. (1)
and setting 𝑡 = 𝑇 :

𝑧RAG
𝑇

=
√
𝛼𝑇 · 1

𝐾

𝐾∑︁
𝑖=1

E(Z𝑖 ) +
√︁

1 − 𝛼𝑇 · 𝜖 (7)

This strategy is very fast, as it doesn’t require inversion, and
comes at the additional cost of running the VAE encoder on the
retrieved videos. Nevertheless, it has the advantage of providing a
good initialization for the noise which is likely to be aligned with
the conditioning videos.

Implementation Details. We build our framework on Zeroscope
[47], a latent T2V model based on an inflated 3DUNet architecture
with factorized spatial and temporal layers. We develop the retrieval
system using the WebVid10M dataset [1]; our choice is motivated
by the large scale and the general-purpose nature of its videos,
which cover a wide range of scenarios. For the retrieval mechanism,
we implement the CLIP ViT-B-32 [40] as our feature extractor to
handle both 𝑓vis and 𝑓txt. This model, pre-trained with a contrastive
loss on images and captions from a large-scale dataset, outputs
a 512-dimensional embedding representing the respective input.
Although the choice of the encoder for the retrieval mechanism
could, in principle, be independent of the conditioning process, we
find it easier and more convenient to use the same encoder.

Next, we leverage the FAISS library [13] to create an index for effi-
cient retrieval. TheWebVid10M dataset contains duplicate or highly
similar videos; to prevent the model from processing redundant in-
formation, given a query q, we apply a deduplication strategy based
on the cosine similarity between samples. We empirically set the
deduplication threshold at 𝛿dedup = 0.965 and maintain this value
across all experiments. Additionally, to ensure that the retrieved
videos are relevant to the query, we set a minimum cosine similar-
ity threshold of 𝛿min = 0.6 and remove samples from the retrieval
set Z that do not meet this criterion. This filtering is particularly
applied when retrieving a large number of samples (i.e. 𝐾 = 20,
𝐾 = 50). In such cases, padding is used to match the required length.
From an architectural point of view, we introduce the transformer
temporal enhancer module to improve the temporal representation
of the video. It is composed of 6 layers of transformer blocks with a
hidden dimension of dim = 512. A learnable token [CLS] is added
at the beginning of the sequence and pooled in output to represent
the video. Lastly, we add multi-head cross-attention layers to the
base T2V model ZeroScope. We introduce a point-wise convolution
initialized with zero-weights, to act as the identity when the model
is initialized.

The added modules are finetuned (while keeping the rest of the
network frozen) for 200K iterations on the WebVid10M dataset, at
resolution 448 × 256 and 12 frames. Training is performed with an
effective batch size of 16, distributed on 4 Nvidia A100 GPUs.

Method FVD (↓) DINO-S (↓) Latency (s) (↓)
Retrieved Videos 117.22 1.00 -
ZeroScope 613.15 0.74 17.78
FreeInit 453.50 0.79 68.88
RAGInit 422.10 0.82 19.86
RagMe 270.26 0.84 22.43

Table 1: Comparison between the baseline methods and

RagMe on the WebVid10M validation set.

4 Experiments

In this section, we qualitatively and quantitatively analyze the per-
formance of RagMe. We start by evaluating established metrics
in the video generation field on the validation set of WebVid10M
[1]. Moreover, we follow VBench [23], a benchmark recently intro-
duced, which exploits an array of pre-trained models to evaluate
the generated videos under multiple angles. Next, we present a
series of ablation studies to understand the role of each component
in our pipeline. Lastly, we showcase several qualitative results com-
paring our method with the baselines. All the results are available
as videos on the supplementary website.

Baselines and Setting. We compare RagMe with videos produced
by the base T2Vmodel, ZeroScope [47]. Next, we enhance the videos
generated by the base model using FreeInit [54], a training-free
technique that optimizes the starting noise of the diffusion process
through repeated denoising. Finally, we compare our full model
with another baseline, which uses our proposed RagInit technique
to initialize the noise.

We perform inference from all the models using the DDIM sam-
pler [46] with 50 denoising steps, and classifier-free guidance with
scale of 𝑠 = 7.5.

4.1 Quantitative Results

WebVid10M Results. Our end goal is to develop a system with bet-
ter video quality, especially in the temporal dynamics, while avoid-
ing leakage of the conditioning videos (see Sec. 1). To capture the
first aspect, we rely on the Fréchet Video Distance (FVD) [49], which
is well-established in the video generation literature. To estimate
the second factor, i.e. possible copy-paste artifact from the retrieved
videos, we compute the cosine similarity on the DINOv2 [37] em-
bedding space. Specifically, given a generated video Y and a set of
retrieved videos Z, the metric is computed as maxZ cos-sim(Y,Z𝑖 ).
In this case, a model that achieves a lower cosine similarity is con-
sidered better. Lastly, we compare the methods on the latency, i.e.
the time to generate a single video. We take into account the time
of retrieving the videos and encoding them with CLIP when com-
puting the latency of our model. We refer to the Supp. Mat.fro more
detailed discussion.

We conduct the experiments on the WebVid10M validation set,
which comprises 5000 videos with the associated captions. We
report the results in Tab. 1, wherein the first row we report the
results of the retrieved videos (i.e. videos form the WebVid10M
training set) as a reference. RagMe drastically outperforms the
base diffusion model in terms of FVD, resulting in videos of higher
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Method Human Action Subject Consistency Background Consistency Motion Smoothness Temporal Flickering Dynamic Degree

ZeroScope 0.922 0.962 0.984 0.985 0.986 0.367
FreeInit 0.912 0.978 0.990 0.988 0.994 0.242
RagInit (Our) 0.952 0.961 0.985 0.985 0.990 0.467
RagMe 0.974 0.911 0.972 0.968 0.982 0.692

Table 2: Comparison between RagMe and the baselines on VBench [23]. We report the metrics related to motion dynamics

and temporal consistency. Our method outperforms the competitors in the quality of motion while slightly decreasing the

consistency-related metrics.

quality. While applying FreeInit does lead to some improvement,
it remains inferior in comparison. RagInit achieves comparable
performance to FreeInit. However, a notable difference emerges in
latency: our proposed noise initialization method does not require
costly denoising steps and instead uses the retrieved samples for
noise initialization.

Analyzing the DINO-similarity metric, we observe that RagMe
shows an increase compared to both the baseline and FreeInit. How-
ever, compared to RagInit, the full model’s improvement is minimal,
suggesting that the primary issue may lie in the noise initialization
procedure rather than the cross-attention conditioning. It is impor-
tant to note that a very low DINO cosine similarity is not desirable
as well, and would indicate: either a lack of relevance between the
retrieved videos and the final video or a failure of the T2V model to
align with the prompt. We recommend examining the qualitative
results in the next section and the supplementary material for a
comprehensive assessment.

VBench Results. While the FVD metric is well established, it is
difficult to interpret as improvements over it can be due to multiple
factors. To get a better understanding of what aspects our method
is improving, we follow VBench [23] for a more detailed evaluation.
VBench is a recently proposed benchmark for T2V models, which
comprises a suite of roughly 900 prompts and a list of 16 dimensions
for evaluations. In the main paper, we report only the metrics
related to the temporal consistency and quality of motion, as these
represent our main target for improvement. However, we refer the
reader to the Supp. Mat. for full comparison between the methods,
and to the original paper for detailed explanation of how each
metric is computed. We report the results in Tab. 2. Our method
strongly outperforms the baseline in two aspects: the HumanAction
and the Dynamic Degree metrics. This reflects our design goals
of having less static videos with better motion. At the same time
comes at the price of a slight decrease in background and subject
consistency, which is nevertheless expected (a static video would
achieve a perfect score in these metrics). Comparing with the noise
initialization stargeies of FreeInit and RagInit, it is interesting to
notice that a better action can be primarily explained by a better
noise initialization, but the dynamic degree is mostly due to the
corss-attention layers which incorporates the retrieved videos.

4.2 Ablations

Role of the database D. We ablate the role of the retrieval data-
base D in our system, specifically focusing on the types of videos
we retrieve. In the previous section, we used a general retrieval
mechanism without making strong assumptions about the task.
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Figure 3: We compare the role of different retrieval databases

on the person-related subset of VBench [23]. We retrieve

from the Kinetics [26] and the WebVid10M [1].
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Figure 4: We study the impact of the retrieved samples 𝐾 on

the FVD vs Cosine Similarity trade-off. We select 𝐾 = 5 as a

good trade-off between the two.

The retrieval database consisted of general videos from WebVid,
and we did not exploit the textual components. However, the pro-
posed mechanism is highly flexible, allowing different databases
to be used at inference time to retrieve videos tailored to specific
applications. Hence, we assume access to an application-specific
database for human-related prompts, specifically the Kinetics [26]
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"A person is cutting or shaving the beard." "A zebra running to join a herd of its kind."
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"Yoda playing guitar on the stage." "A person is playing piano."

Figure 5: Visual comparison of the different methods. We report the prompt at the bottom.

video dataset, and plug it into our pipeline without further fine-
tuning. This dataset, commonly used for action recognition tasks,
contains a large set of actions performed by people. We replace our
base dataset, derived from WebVid10M, with Kinetics and evalu-
ate how this change affects performance on the VBench metrics.
The results, shown in Fig. 3, demonstrate a relative improvement
in both the Human Action and Dynamic Degree metrics. These
findings highlight the importance of the retrieved videos in the pro-
cess and suggest that the mechanism can be specialized for specific
applications to achieve better performance.

Number of retrieved examples 𝐾 . We study the impact of the
number of retrieved samples on the final generated videos, com-
paring the FVD vs DINO-similarity trade-off. Specifically, we train
different versions of the models to use different numbers of 𝐾 . We
use a reduced computation budget and train the models for 25𝑘
iterations. We report the results in Fig. 4. We can observe that𝐾 = 1,
i.e. retrieving a single sample, achieves good FVD but incurs very
high DINO-similarity (i.e. undesired copy-paste-effects). Vice-versa,

increasing 𝐾 too much, results in progressively worse FVD prob-
ably because it becomes harder for the model to get meaningful
information (besides incurring additional computational costs). We
observe that 𝐾 = 5 represents a good trade-off. We set this value
and use it throughout all our experiments. In principle, nothing
prevents us from training a model with a given 𝐾 and adopting a
different 𝐾 ′ at inference time. However, we observed slightly re-
duced performances. We add a more detailed discussion, along with
qualitative results for different 𝐾 in the supplementary material.

4.3 Qualitative Results

In this section, we present a qualitative comparison between differ-
ent methods, moreover, we explore an additional use case of our
method i.e. motion transfer. In Fig. 5, we display frames from the
generated videos based on prompts from the VBench suite. Our
methods produce better videos in terms of both motion and scene
composition. Additionally, in Fig. 6, we show the first frame of the
generated video alongside the first frames of the five videos used
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Generated Retrieved Samples

"A cute panda eating Chinese food in a restaurant."

"A windmill."

Figure 6:We show the first frame of the generated video and the first frame of the 5 retrieved samples used during the generation

phase. No clear leakage is present, i.e. the model is not simply copy-pasting the output but using it to improve the result.
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“A truck is driving past the Arc de Triomphe.”

Figure 7: Results for the motion transfer task. The top row

displays the reference video, followed by a comparison of

Motion Director (MD) [59] and ourmethod using two distinct

prompts (shown at the bottom). Our approach achieves qual-

itatively similar results with 8× fewer fine-tuning iterations.

for conditioning. We observe that no clear leakage is present, indi-
cating that RagMe effectively integrates the retrieved information
to achieve better results. The generated videos from our method
contain watermarks due to the training dataset, WebVid10M [1].
However, training on higher-quality datasets would eliminate this
artifact. Full video results are available on the supplementary web-
site.

Motion Transfer. While our method is designed for flexible con-
ditioning on multiple retrieved videos, a key application in video
editing is motion transfer. This involves transferring motion from a
reference video while controlling the appearance and overall style
of the output, for instance, through a textual prompt.

Our approach is specifically designed to avoid explicit copy-paste
artifacts, extracting only high-level motion semantics from the re-
trieved videos – aligning with our goal of enhancing generated
motion in a generalizable way. However, for motion transfer, we
can adapt our method accordingly. In practice, given a driving video,
we overfit the controller network to that specific video to achieve
the desired effect. Notably, the design of our architecture and pre-
training on WebVid-10M facilitate this adaptation process, making
it more efficient compared to other methods that require fine-tuning
on the target video. Compared to Motion Director [59] (which relies
on the same backbone video generator), our method achieves simi-
lar performance while requiring eight times less fine-tuning (50 vs
400 iterations), demonstrating the efficiency of our RAG-first design.
Additional details are provided in the supplementary material.

5 Conclusions

In this work, we propose RagMe a framework for retrieval aug-
mented text-to-video generation. We exploit retrieved videos to
enhance the motion realism of the final result, showing superior
performance both qualitatively and quantitatively. Moreover, we
showcase how this framework can be adapted to specific tasks such
as Motion Transfer, obtaining results on par with state-of-the-art
at a fraction of the computational costs.

Our work opens the door to several future improvements. First,
exploring the use of alternative encoders, such as video models,
could provide more robust representations of actions. Extending
our approach to other diffusion models and transformer-based ar-
chitectures could further generalize the method, making it suitable
for a wider range of applications. Lastly, expanding the model to
handle the composition of multiple actions—rather than assuming
a single action—would also broaden its applicability.
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