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Abstract

Text-image to video generation aims to synthesize a video
conditioned on the given text-image inputs. Nevertheless,
existing methods generally assume that the semantic infor-
mation carried in the input text and image tends to be per-
fectly paired and temporally aligned, occurring simultane-
ously in the generated video. As such, existing literature
struggles with out-of-distribution (OOD) “unpaired” text-
image inputs in the more universal and realistic scenario
where i) the semantic information carried by the text and
image may occur at different timestamps and ii) the condi-
tion image can appear at an arbitrary position rather than
the first frame of the synthesized video. Video generation
under this OOD setting poses an urgent need to conduct
reasoning over the intrinsic connections between the given
textual description and referred image, which is challeng-
ing and remains unexplored. To address the challenge, in
this paper we study the problem of unpaired text-image
to video generation for the first time, proposing Reason-
Diff, a novel model for accurate video generation from un-
paired text-image inputs. Specifically, ReasonDIff designs a
VisionNarrator module to harness the powerful reasoning
abilities of a multi-modal LLM to analyze the unpaired text-
image inputs, producing coherent per-frame narratives that
temporally align them. Building upon this VisionNarrator
module, ReasonDIff further introduces a novel AlignFormer
module, which employs a Multi-stage Temporal Anchor At-
tention mechanism to predict frame-wise latent representa-
tions. These reasoning-enhanced latents are subsequently
fused with the condition frame, providing structured guid-
ance throughout the video generation process. Extensive
experiments and ablation studies demonstrate that Reason-
Diff beats state-of-the-art baselines in terms of video gen-
eration quality with unpaired text-image inputs.
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Figure 1. Comparison of generated results from different models
under OOD scenario with unpaired text-image inputs: i) the tex-
tual prompt A cat plays in the room and ii) the visual condition im-
age a broken vase in Figure 1(a). Intermediate frames are selected
for the convenience of presentation. Our proposed ReasonDiff has
the best result with a visually and semantically coherent video.

1. Introduction

Video generative models [3, 4, 7, 12, 13, 15, 39, 49] have
emerged as powerful tools to produce high quality videos
by iteratively refining noise through a stochastic process.
By leveraging powerful backbone architectures such as Dif-
fusion Transformer (DiT) [33] or U-Net [34], these models
excel at capturing complex dynamics, enabling a wide range
of generative tasks. Among these tasks, text-image to video
generation [6, 17, 32, 38, 44] has become particularly im-
portant, as it targets at synthesizing videos that faithfully
reflect both the given image and textual inputs.



However, most existing models heavily rely on the as-
sumption that the semantic information carried in the condi-
tioned input image and text are perfectly paired and tempo-
rally aligned, following a paradigm where both modalities
describe the event with the same semantic meaning and the
generated video is expected to begin with the input image
(serving as the first frame). This strong reliance on paired
text-image inputs limits the flexibility of these models, be-
ing impractical in out-of-distribution (OOD) real-world sce-
narios where such alignment is often absent because the
user-provided conditions may not be inherently paired. For
instance, the “unpaired” scenario may occur when there ex-
ist time differences between the events described by the im-
age and text, which leads to the seeming unrelatedness of
the semantic information carried in the two modalities. This
may result in a failure to reason about their temporal con-
nections and to bridge the semantic gap between the two
modalities. As such, existing approaches will struggle to
generate a coherent video both visually and semantically
when encountering unpaired text-image inputs. Consider
the example illustrated in Figure 1, where the model is ex-
pected to generate a video based on the unpaired inputs, i.e.,
input text prompt as A cat plays in the room and input condi-
tion image as a broken vase. The semantic meaning carried
in these two inputs may seem unrelated, but they imply an
underlying connection that the vase is broken by the cat.
When given these conditions, the model is required to re-
cover the whole scene, and the most plausible position for
the condition image is somewhere near the end of the scene.
Figure 1(b) shows that existing methods tend to be domi-
nated by one of the conditions, most frequently the image,
and losing critical elements described in the text prompt.
Figures 1(c) and (d) further highlight failure cases in which
the model fails to establish meaningful relationships be-
tween the two conditions. In such cases, the outputs ei-
ther represent a superficial blending of modalities or a mere
juxtaposition of elements, ultimately producing videos that
lack semantic coherence and visual clarity. In contrast, the
video generated by our method, shown in Figure 1(e), faith-
fully adheres to the given conditions: the vase remains in-
tact initially and only breaks after interacting with the cat.
This problem is challenging, as it requires inferring a plau-
sible scene from the test time out-of-distribution unpaired
text-image inputs, while also integrating the high-level rea-
soning information into the generation process.

To tackle the above challenges, in this paper we pro-
pose a novel ReasonDiff model for unpaired text-image to
video generation, for the first time. Specifically, to analyze
the intrinsic connections between the given conditions, we
design a VisionNarrator module to leverage the strong rea-
soning capabilities of a multi-modal large language model
(MLLM), and generate a plausible per-frame narrative to
recover the whole scene, temporally aligning the unpaired

modalities. The VisionNarrator first infers the most likely
position of the condition image within the final video, en-
abling more accurate and context-aware generation. To
bridge the reasoning outputs with the generation process,
we introduce the AlignFormer module, which treats the
condition image as an anchor and predicts the latent rep-
resentations for the remaining frames. Concretely, Align-
Former employs a Multi-stage Temporal Anchor Attention
mechanism that progressively refines latent representations
through a cascade of cross-attention layers, effectively in-
jecting reasoning signals into the feature space. The result-
ing reasoning-enhanced latents are then fused with the con-
dition frame, providing precise, frame-wise control. During
the training stage, we will first warm up the whole model
using the standard denoising loss, and then add an auxil-
iary reconstruction loss between the predicted reasoning en-
hanced latents and the matching ground-truth latents to fine-
tune the AlignFormer module individually. In this way, the

ReasonDiff model is able to reason out the possible scene

from the seemingly unrelated conditions, and generate a

video that is realistic and semantically-coherent with both

the inputs. We summarize our contributions as follows:

* To the best of our knowledge, we for the first time propose
to solve the challenging problem of unpaired text-image
to video generation.

* To tackle the challenges in the above problem, we pro-
pose an MLLM Driven Multi-frame Reasoner, compris-
ing two key components, namely VisionNarrator and
AlignFormer, which derives a per-frame narrative that is
coherent with the unpaired inputs and predicts latent rep-
resentations for unseen frames, respectively.

* We design a Reasoning Guided Generative Model to em-
power the base video generative model with reasoning
abilities and propose an end-to-end training procedure un-
der unpaired text-image inputs.

* We conduct extensive experiments and ablation studies to
verify the strong reasoning and generating abilities of the
proposed ReasonDiff model.

2. Related Work

Video Generative Models. Diffusion models have be-
come a powerful framework for video synthesis, produc-
ing realistic and temporally coherent results. By extend-
ing DDPM [14] to text/image-to-video tasks, they incorpo-
rate temporal dynamics and learn motion priors from large-
scale datasets like WebVid [2]. Flow matching [26] later
reframes this as a distribution mapping problem, offering a
stronger training objective. Early work such as Video Dif-
fusion Model [15] suffers from low resolution problems.
Subsequent methods [4, 30, 46] leverage spatial-temporal
upsampling to enhance video quality.

To achieve a better controllable generation, recent works
have studied to add various condition signals [45, 47], such



Figure 2. Overview of the ReasonDiff model, which consists of two key components: (1) the MLLM-Driven Multi-frame Reasoner, and
(2) the Reasoning-Guided Generative Model. The generative model operates under the guidance of the multi-modal reasoning results.

as poses [31, 48] and structures [8, 41]. Speci cally, for language and vision modalities into a two-stage framework
(text-)image-to-video generation, Dynamicrafter [42] fuses that separates rationale generation and answer inference.
the condition information with the initial noise and pro- For generative models, LLM has been widely used to
poses spatial dual-attn transformer module to support moreinfer additional information from the given inputs, such as
precise conditioning. LTX-Video [13] seamlessly inte- scene layout [16, 18, 24, 29] and object relationship [22,
grate Video-VAE into denOiSing transformers, and Optimize 23, 37] VQA| [23] introduces casual reasoning in im-
their interaction for improved ef ciency and quality. And  age generation, and extends the visual question answering
more recently, large-scale video generation models such agasks to include image as answer. SmartEdit [19] addresses
CogVideoX [44] and Wan2.1 [38] use DiT as backbone instruction-based image editing problem with the reason-
and can generate highly-realistic videos. Nonetheless, thesghg abilities of LLMs and bidirectional information inter-
models typically assume that the input text and image areactions. And regarding video generation, LayoutGPT [9]
perfectly paired, implicitly relying on the alignment be- |everages LLMs to generate detailed scene descriptions
tween the two modalities to guide the generation process. Inajong with multiple bounding boxes. Similarly, VideoDi-
OOD scenarios where the text and image are loosely relatedectorGPT [25] enhances the controllability of generation
or entirely unpaired, such models often fail to reason aboutpy incorporating scene descriptions and layout information
their intrinsic connections. This leads to genera’[ed VideOSproduced by LLMs. However, these studies primari]y aug-
that lack semantic coherence and exhibit poor visual con-ment the textual inputs to include more details, yet neglect
sistency, limiting their applicability in real-world, weakly  the possible intricate connections between multiple input
supervised settings where perfect alignment is rare. modalities and fail to incorporate multi-modal reasoning

Generation with Reasoning. Recently, with the emer- guidance, limiting their ability to address unpaired inputs.
gence of ChatGPT [1] and other language models [10, 27],
researches on LLMs have gained signi cant momentum. In 3. Method
particular, there has been growing interest in exploring the
reasoning capabilities inherent in these models. Some redn this section, we will describe our proposed ReasonDiff
searches [35, 36, 40, 50] prove the reasoning abilities can benethod in detail. The overall framework is illustrated in
enhanced through prompt re nement. Zero-shot-CoT [21] Figure 2. It mainly consists of a base Reasoning Guided
achieves performance boost by simply adding Let's think Generative Model which is built upon Wan2.1 [38], a Vi-
step by step before each answer. MM-CoT [51] incorporatessionNarrator and an AlignFormer.



3.1. Preliminary

Flow matching Diffusion models have seen widespread

applications in AIGC scenarios, and Flow matching [26]

has become the standard training objective for existing gen-

eration models using DiT as the backbone. Flow matching

extends DDPM and learns the mapping between two distri-

butions. Speci cally, given data;x q(x) and gaussian

noise % N(O; 1), the model is optimized to transform Figure 3. Reasoning results generated by the VisionNarrator. The

Xo into x; via predicting the velocity eld, i.e., conditions are the same as in Figure 1. We select some key frames
and connect them with the related prompts using different colors.

L =E x,x0 Nyt U0:1) jju Gyt vix iz s
1)
where t is the timestep,ix=tx 1 + (1 t)x ¢ is an inter-
mediate noisy latent, y represents an optional conditioning
signal, and u() is the denoising model parameterized by
. V(X ¢) is the conditional velocity eld, namely,

* You are given an unpaired image and text prompt. Your
task is to infer a coherent scene that logically connects
both inputs, even if they appear unrelated.

» Estimate the most likely position of the image within an
f-frame video. Then, generate descriptions with rich in-
formation for each of the f frames that together form a
consistent video script.

* Respond strictly in the following format: f“position”: j,

“descriptions”: [description for frame 1, ..., description

for frame flg. Do not include any additional explana-

tions, comments, or formatting.

This serves as a general instruction and ensures that the out-

put will adhere to the speci ed format. In practice, we apply

in-context learning [28] to further stabilize the results.
Consider the example in Figure 1, where the input im-
age shows a broken vase and the text prompt describes a cat

Task This paper addresses the problem of test time out-playing in the room. The reasoning results produced by the

of-distribution unpaired text-image to video generation, i.e., VisionNarrator are presented in Figure 3, with the deduced

generating a sequence of video frames x S"R'W prompts aligned to their corresponding frames, each high-
given a text prompt pand an imagey 2 R'"Y | such lighted in a different color. We select some key prompts in
that the output is semantically coherent with both inputs, the generated storyline, namely, Intact vase ! Cat enters
where ch, f, h and w represents the channel, frame, heightthe room, breaking the vase ! Vase broken, cat ees, to-
and width, respectively. Importantly, the text and image are gether with their corresponding video frames. We can see
unpaired, i.e., the image is not guaranteed to share the samthat the narrative forms a plausible deduction based on the
semantic information with the prompt, nor is it necessar- given unpaired inputs and naturally positions the condition
ily the rst frame of the target video. As a result, directly image as the nal frame. As illustrated, the VisionNarra-
applying existing video generative models often yields sub- tor effectively infers the underlying narrative, that the play-
optimal results due to their limited ability to reason over ful cat causes the vase to break, and generates frame de-

V(Xt) =V(X ¢ jX1) =X 1 X o 2

In terms of video generation, the widely adopted ap-
proach is to treat the video as a sequence of images and
perform self-attention along the temporal axis to learn the
motion priors. Thus a typical T2l generative model with
ow matching objective can be extended to a video genera-
tive model after appropriate ne-tuning on video datasets.

loosely aligned or entirely unpaired multi-modal inputs. scriptions that are semantically aligned with this inferred
- storyline. The resulting per-frame script, along with the
3.2. VisionNarrator predicted anchor position of the condition image, is then

o passed to AlignFormer for further processing. VisionNar-
rator differs from existing approaches that rely on MLLMs
primarily to expand textual prompts both in terms of moti-
vation and technical contribution. It aims to reason across
modalities to achieve temporal alignment of unpaired inputs
and to provide effective multi-modal guidance.

Given unpaired image and text conditions, existing vide
generative models struggle to infer a coherent narrative,
often failing to generate semantically consistent videos.
To address this limitation, we propose VisionNarrator and
leverage the strong reasoning capabilities of a multi-modal
large language model to analyze the underlying connec-
tions between the two modalities. Speci cally, the MLLM
anchors the condition image to a plausible index and
constructs a frame-by-frame narrative around this anchor,To bridge the gap between the VisionNarrator and the base
guided by the combined context of image and text. To generative model, we introduce the AlignFormer module,
achieve this, we design the following prompt, i.e., a Transformer-style architecture that aligns the high-level

3.3. AlignFormer



reasoning outputs with the frame-wise latent features. sequence of per-frame narrative embeddings hf29R |

The AlignFormer module takes three inputs: (1) the an- where b, | and d represents the batch size, context length
chor feature cextracted from the condition frame, (2) its and embedding dimension within the text encoder. Conse-
inferred position i within the target video, and (3) the rea- quently, the only trainable components in our framework

soned per-frame narrative embedding h =iy . It become the base video generative model and the newly in-
then outputs a sequence of reasoning enhanced latent fearoduced AlignFormer module. Moreover, to better simu-
tures, i.e, ¢ = fc;gi1jr , corresponding to each frame. late the OOD and unpaired condition scenario, we increase

The structure is illustrated in lower-right region of Figure 2. the temporal interval between selected frames in each video
In particular, the module employs a Multi-stage Tem- clip, ensuring that the condition frame appears less corre-
poral Anchor Attention (MTAA) mechanism to progres- lated with the surrounding contents. In this way, we can
sively synthesize each frame's latent representation by in-effectively train our model based on existing video datasets.
tegrating the anchor feature with temporally structured se- Concretely, we use video data from WebVid dataset [2],
mantic guidance derived from per-frame narratives. This is sampling frames at 0.2 second intervals. For each frame, we
achieved through a two-stage cross-attention process: thgenerate a corresponding caption using LLaMA-3.2-11B-
rst stage is designed to capture coarse temporal dependenVision-Instruct [11]. During training, a random frame is
cies, while the second stage re nes the representations withselected as the condition frame, and the model is trained
ner contextual alignment. At each stage, the anchor fea- to reconstruct the entire video based on this frame and the
ture acts as the Query, while the corresponding narrativegenerated per-frame textual descriptions.
embeddings are projected to form Key and Value features:  Our training procedure consists of two stages. In the rst
stage, we jointly train the pre-trained base video genera-
; ; tive model and the AlignFormer using a standard denoising
& = poj(Flatten(q)) +pe("™; My = h; +pe™; (3) loss. This phase serves to initialize the newly added mod-
Q =Wogs; Kj =Wkh;j; V; = Wyh; 4) ule and align it with the ow-based generation process. In
the second stage, we introduce an auxiliary reconstruction
loss between the predicted latent featureand the ground-
truth latent features c, encouraging the model to better align
generated representations with the original video contents.
Speci cally, the second-stage loss is de ned as follows:

¢ = Atn(Q;;K;; V) = Softmax QK[ Pa Vi; (5)

where j 6= i is the index for the predicted latent feature,
Wq, Wk and W, are the projection matrices for Query,
Key and Value, and @ ®) represents positional embedding
along the temporal axis. This MTAAmechanismadoptedin | =g . ... jiu (x;;hic) v(x )ji2+ jic  cjj 2
AlignFormer helps to effectively align the visual and textual (6)
representations, enabling the transfer of high-level reasonyynere is a hyper-parameter controlling the weight of the
ing. The resulting reasoning-enhanced latents, denoted a3uxiliary loss, and we keep the parameters of the base gen-
¢ , together with the prompt embedding h, are then fused grative model xed to ne-tune the AlignFormer alone. In
with the condition framejcto serve as guidance throughout practice, we set = 0:2. Since the auxiliary loss diverges
the denoising steps of the generation process. Compared t¢om the original denoising objective of the base generative

directly injecting the multi-frame prompts without Align-  model, it is applied exclusively during AlignFormer ne-
Former, our ReasonDiff model, equipped with this module, {yning rather than in the rst stage.

achieves noticeably better generation quality and tempo-
ral coherence, highlighting the importance of multi-modal 4 Experiment
guidance. (Please see Section 4.3 for more details).

. In this section, we rst detail on the specic settings of
3.4. Training Procedure the proposed ReasonDiff, and conduct extensive quantita-
In this subsection, we describe the training procedure oftive/qualitative experiments against baselines and ablation
the proposed ReasonDiff model. A key challenge lies in studies under unpaired text-image inputs.
the scarcity of multi-modal datasets featuring unpaired text- .
image con)(;itions. Since most existing workgasspume paired4'1' Experimental Setup
inputs in video generation, there is currently no available Since our work targets video generation under out-of-
dataset that can serve as direct ground truth for training Rea-distribution unpaired text-image conditions, we construct
sonDiff. To address this, we set the VisionNarrator frozen a custom evaluation dataset to align with this objective.
and reformulate our training task into a conditional video Speci cally, we randomly sample 500 videos from Activ-
generation problem, where the model reconstructs a videatyNet [5] and extract a 16-frame clip from each. For each
clip x 2 Rbehfhw given a randomly selected con- clip, we select either the rst or the last frame as the condi-
dition frame indexed i 2 f1;:::;fg and a corresponding tionimage and use LLaMA-3.2-11B-Vision-Instruct to gen-



Table 1. Quantitative comparison between ReasonDiff and the baselines. The top and second top performances have been bolded or
underlined respectively. Complete table with standard errors can be found in the supplementary materials.

Imaging Motion Dynamic CLIP Score CLIP Score User

Dataset Model & ality(") Smooth() Degree(') (Text)(")  (Image)”) Rank(#)
Dynamicrafter 0.492 0.979 0.484 0.202 0.508 2.871
ActivityNet LTX-Video 0.398 0.977 0.734 0.211 0.544 3.307
(Self-constructed CogVideoX 0.507 0.949 0.872 0.197 0.537 4.384
with unpaired inputs) Wan2.1 0.512 0.980 0.810 0.224 0.518 2.692
ReasonDiff 0.528 0.986 0.936 0.261 0.528 1.743
Dynamicrafter 0.517 0.984 0.440 0.201 0.526 3.179
MSR-VTT LTX-Video 0.406 0.986 0.695 0.206 0.588 4.051
(Public- CogVideoX 0.552 0.970 0.688 0.177 0.572 3.256
General-purpose Wan2.1 0.560 0.962 0.665 0.191 0.552 2.743
with paired inputs) -
ReasonDiff 0.571 0.984 0.673 0.214 0.572 1.769

erate a caption for the opposite end (the last or rst frame, (Image) on the self-constructed ActivityNet dataset that
respectively) as the prompt. This setup ensures a temporasimulates unpaired multi-modal inputs. Notably, Reason-
separation between the two conditions, thereby better sim-Diff substantially outperforms all baselines in CLIP Score
ulating an unpaired scenario. Importantly, the model will (Text) and User Rank on ActivityNet, which are the two
perform generation without access to the frame index or most critical metrics for evaluating model's reasoning per-
the relative temporal position between the given image andformance with unpaired image and text. Speci cally, Rea-
text. In addition, we incorporate a public general-purpose sonDiff exceeds the best-performing baseline, Wan2.1, by
dataset MSR-VTT [43], which contains paired conditions, 16.5% in CLIP Score (Text), and by 0.949 in User Rank. As
to enable a more comprehensive comparison and to furtherfor CLIP Score (Image), all methods show comparable per-
assess the general generative ability of the method. formances, with scores hovering around 0.5. This is consis-
We compare our proposed ReasonDiff model with tentwiththe observationin Figure 1, where baseline models

the following baselines: (1) Dynamicrafter [42], (2) tend to rely heavily on the input image when confronted
LTX-Video-2B [13], (3) CogVideoX-1.5-5B [44] and (4) With unpaired conditions. As a result, their CLIP Score
Wan2.1-12V-14B [38], which are latest works on video gen- (Image) remains relatively high, as well as ReasonDiff's,
eration that have been open-sourced and achieve good pefmaking this metric less discriminative for unpaired set-
formances. We have employed six metrics, namely Imag-tings. However, when jointly considering both CLIP Score
ing Quality, Motion Smooth, Dynamic Degree, CLIP Score (Text/Image) metrics, it becomes evident that the baselines
(Text/Image) and User Rank. Note that the rstthree metrics lack the capability to integrate and reason across modalities.
are general evaluation criteria supported by VBench [20], They focus primarily on visual conditions while neglect-
and the two CLIP Scores quantify the semantic alignmenting the semantic guidance, leading to poor alignment with
between the generated video and the relevant conditionghe textual input and ultimately less coherent video gener-

(text/image). Details can be found in the supplement. ation. In contrast, ReasonDiff achieves high scores across
both metrics, re ecting its robust reasoning capabilities to
4.2. Main Results generate semantically rich and coherent videos even under

unpaired text-image inputs.

We conduct both quantitative and qualitative experiments,

with the results presented in Table 1 and Figure 4. In In qualitative experiments, we evaluate ReasonDiff and
guantitative evaluations, ReasonDiff achieves competitive the baselines using the same unpaired input image and text.
performance compared to state-of-the-art baselines on thélhe results are presented in Figure 4. As shown, baselines
general-purpose dataset MSR-VTT (i.e., with paired con- generally struggle to infer meaningful connections between
ditions), even surpassing its base model, Wan2.1. This re-the unpaired conditions, resulting in two major types of fail-
sult is expected, as real-world datasets are rarely perfectlyures: (1) confusing content, where the generated frames
aligned; thus, cross-modal reasoning naturally contributescontain entangled visual elements due to con icting signals
to improved general video quality. Meanwhile, ReasonDiff from the unpaired inputs (e.g., outputs from CogVideoX in
achieves top results across all metrics except for CLIP ScoreFigure 4(a), which shows bizarre interaction of the hand



Figure 4. Qualitative comparison between ReasonDiff and the baselines. We select several intermediate frames for the convenience of
presentation. For ease of illustration, we provide more generated results and the video samples in the supplement.

and book); and (2) incoherence with the unpaired condi-4.3. Ablation Studies

tions, where the expected motions implied by the prompt do ) _ )

not occur (e.g., outputs from Dynamicrafter in Figure 4(b) In this section, we evaluate the effectiveness of the proposed
LTX-Video in Figure 4(c) and Wan2.1 in Figure 4(d), which modules thro_ugh comprehensive ablati_on studies. We de-
fail to depict dog running past the bicycle, cat breaks the ta- Sign four variants of the full ReasonDiff model, namely,
ble leg or soccer breaks the window, respectively). In con- (1) W/0. Aux. loss, which removes the second training
trast, ReasonDiff generates videos that faithfully re ect the Stage and disables the auxiliary reconstruction loss; (2) w/o.
semantic intent of both the image and the text, demonstrat-Multi. prompt, which uses only the single user-provided

ing a strong ability to reason over unpaired text-image in- prompt without the per-frame narratives from VisionNar-
puts in test time out-of-distribution scenarios. rator; (3) w/o. Enhanced latents, which disables the en-

hanced latents, relying solely on narrative guidance; and (4)



Figure 5. (a) Ablation studies on four variants of ReasonDiff. All metrics are reported as ratios relative to the full model. (b) Comparison
between ReasonDiff and Wan2.1, where for Wan2.1 the prompt is rewritten using an MLLM and the condition index is manually selected.

Rewrite prompt, which employs an MLLM to rewrite the leading to weaker reasoning over unpaired inputs.

text prompt based on the given condition image, thereby as-Generally, ReasonDiff consistently surpasses all ablated
sisting the reasoning process of the base model. For variantgariants across all metrics, demonstrating the necessity and
(1)—(3), the training procedure of ReasonDiff is modi ed to effectiveness of each proposed component.

isolate the contribution of each module. And in variants

(2) and (3), the same procedure is also applied during in-Najve Approach In this subsection, we demonstrate that
ference, where the base generative model receives only the¢ne naive approach—rewriting the prompt and manually se-
enhanced latents or the multi-frame narratives generated b)fecting a conditioning frame index for existing video gen-
VisionNarrator, respectively. Arguably, we should compare grative model—fails to effectively address the unpaired
with an additional variant that directly ne-tunes the base text—image to video generation challenge. The correspond-
model using unpaired inputs. However, we consider varianting results are shown in Figure 5(b). As illustrated, although
(3) to be a more meaningful comparison, as the base modene rewritten prompt can partially capture the intrinsic rela-
in variant (3) is already provided with enriched and paired tjonships between modalities (e.g., the vase being broken
multi-frame narratives. While for variant (4), the rewritten by the cat, or the car running past the dog), the generated
prompt is directly supplied while keeping the pre-trained yjgeos often exhibit only super cial blending of elements
base model unchanged. We compare the performance ofnq, in some cases, even produce confusing or incoherent
ReasonDiff against these four variants on ActivityNet, and ¢gntents. More examples can be found in the supplementary
present the quantitative results in Figure 5(a). Speci cally, materials. These observations further highlight both the dif-
we can derive the following conclusions: culty of the unpaired text-image to video generation task

1) Variant (1): Removing Auxiliary Loss degrades the over- and the necessity of our proposed method.
all performance throughtout all measured dimensions, es-
pecially Motion Smooth, con rming its role to help stabi- 5 conclusion
lize the predicted enhanced latents.

2) Variant (2): Disabling Multi-frame Prompt leads to no- In this work, we for the rst time propose to solve unpaired
table declines in Dynamic Degree, underscoring the im- text-image to video generation under test time OOD sce-
portance of ne-grained temporal guidance provided by nario and present a novel ReasonDiff model. Unlike exist-
the multi-frame narratives. ing approaches that often produce visually confusing videos

3) Variant (3): Excluding Enhanced Latents leads to a sub- that mix multiple objects incoherently or failing to uncover
stantial degradation in Imaging Quality, indicating that the intrinsic connections, ReasonDiff is designed to rea-
multi-frame narratives alone are insuf cient for maintain- son over both unpaired modalities simultaneously. We in-
ing visual consistency. troduce two key components: VisionNarrator extracts per-

4) Variant (4): The Rewrite Prompt variant obtains rela- frame narratives based on the unpaired inputs, while Align-
tively high CLIP-Image but suffers a severe drop in CLIP- Former predicts reasoning-enhanced latents to guide the
Text, suggesting that the base model struggles to decombase video generator. Together, these modules enable the
pose textual information across frames. Consequently, itgeneration of videos from unpaired inputs that achieve both
relies more heavily on visual condition for unseen frames, photorealism and semantic coherence.
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