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Figure 1. CorrAdapter is a versatile spatiotemporal adapter tailored to enhance consistency in multi-image generation by solely mining
guidance from diffusion-native correspondence. It is applicable to both dynamic and static scenarios, and supports conditioning on either
images or text. CorrAdapter operates alongside baseline generators as a plug-and-play module that aligns the generated outputs. With this
adapter employed, generators consistently improve visual coherence and maintain semantic fidelity across generated images.

Abstract

Multi-image diffusion models can generate images like
multi-views or videos to describe static or dynamic scenes,
yet texture and structure drift persist, severely undermin-
ing the spatiotemporal consistency. Addressing this issue
remains challenging, especially without any external geo-
metric or semantic priors during the pure generative infer-
ence. In this paper, we introduce CorrAdapter, a plug-and-
play adapter that discovers and exploits an innate property
of the multi-image diffusion itself, aligning all output im-
ages before they are in fact generated. Specifically, Cor-
rAdapter designs a bypass branch for transformer blocks
in the multi-image diffusion model, encompassing a na-
tive correspondence constructor that builds reliable cor-
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respondences from the diffusion model’s intermediate fea-
tures, and an aligned area aggregator that integrates mes-
sages from only matching regions to avoid ambiguous in-
formation interactions. Given the native correspondences
as guidance, CorrAdapter can enhance spatiotemporal con-
sistency without any auxiliary inputs, and remains training-
free and baseline-agnostic, which enables it to general-
ize seamlessly to various generation tasks. Additionally,
we provide an optional training scheme to explore further-
improved possibilities. Experiments on both static multi-
view generation and dynamic video generation show that
CorrAdapter consistently improves spatiotemporal consis-
tency and perceptual quality over strong baselines, offer-
ing a simple yet versatile drop-in approach to geometri-
cally faithful multi-image diffusion. Code is available at
https://github.com/SuhZhang/CorrAdapter.
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1. Introduction

Generative diffusion models have demonstrated impressive
capabilities in both multi-view synthesis [8, 11, 13, 24,
26, 38] and video generation [19, 25, 44, 49, 53]. These
tasks require denoising multiple images jointly within each
model timestep, where achieving consistency across gener-
ated frames or views remains a persistent challenge. De-
spite extensive training, such models still exhibit noticeable
inconsistencies and visual artifacts, as illustrated in Fig-
ures 1 and 2(a).

To eliminate these inconsistencies, the generated details
must be aligned across images according to their semantic
and structural similarity. Intuitively, if the correspondences
between different regions were accessible, they could serve
as effective guidance to improve cross-image consistency.
However, since all images are generated from pure Gaus-
sian noise, no geometric or semantic priors such as depth
maps or segmentation masks are available, making it diffi-
cult to identify explicit correspondences across images and
then enforce the denoising process to align them.

How to get correspondences and align images before
they are generated? This appears to be a classic chicken-
and-egg problem. When no external prior knowledge is pro-
vided, a natural question arises: can useful information be
mined directly from the intrinsic properties of the model it-
self. For instance, although multi-image diffusion models
often exhibit inconsistencies, the generated images usually
depict the same underlying scene. This observation leads to
the following hypothesis: diffusion models have implicitly
learned meaningful correspondences across images within
intermediate noisy features.

Motivated by this hypothesis, we investigate whether
multi-image diffusion models internally encode correspon-
dences through their intrinsic noise features. Remarkably,
we observe that, even before image synthesis begins, the
intermediate feature space contains meaningful structural
alignments across views. As illustrated in Figures 2(b)
and 5, these diffusion-native correspondences emerge be-
tween semantically or geometrically similar regions, de-
spite being embedded within noisy representations.

Building on this observation, we introduce Cor-
rAdapter, a plug-and-play module that explicitly lever-
ages these native correspondences during generation. Cor-
rAdapter emphasizes feature alignment between matched
regions across images throughout the denoising process,
thereby enhancing spatiotemporal consistency, as shown in
Figures 1 and 2(c). Specifically, CorrAdapter introduces
a bypass branch for transformer blocks in the multi-image
diffusion models. This branch encompasses a native corre-
spondence constructor that builds correspondences from in-
termediate diffusion features using image feature matching
approaches, and an aligned area aggregator that integrates
features from only corresponding regions to prevent am-
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Figure 2. Consistency improvement of generated images with Cor-
rAdapter. (a) Original multi-image generation results with incon-
sistent regions. (b) Native correspondences built by the diffusion
model’s intrinsic noise features before images are generated. (c)
Aligned images after CorrAdapter is applied.

biguous information exchange. Through this design, Cor-
rAdapter enforces consistency guided by diffusion-native
correspondence, without requiring any external inputs or
additional supervision. With its reliance solely on diffusion
internal features, applicability across diverse generation set-
tings, and lightweight plug-and-play structure, CorrAdapter
serves as an efficient and versatile spatiotemporal consis-
tency adapter, which is capable of aligning images even be-
fore they are fully generated. We sum up our contributions
as follows:

* We discover an innate property of multi-image diffusion
models about building reliable correspondences with the
intermediate-layer features, providing a matching prior
for consistency constraints. These native correspon-
dences help multi-image diffusion align images before
they are generated.

We propose a spatiotemporal consistency booster, Cor-
rAdapter, for both static and dynamic multi-image gen-
eration. It builds correspondences with only the diffu-
sion model itself at inference time, and emphasizes infor-
mation aggregation on matching areas to ensure the spa-
tiotemporal consistency of generated images.

We design a simple yet effective structure for Cor-
rAdapter to make it a training-free and plug-and-play
adapter, fitting various tasks and methods. An optional
training scheme is provided for further improvements.
Experiments on both static multi-view and dynamic video
generation show that CorrAdapter consistently improves
spatiotemporal consistency over strong baselines.

2. Related Work

Spatiotemporal consistency is a fundamental challenge in
multi-image generation, and many methods have been pro-
posed to address it. Some previous works cast hope on the
cross-image transformer to extract consistency prior from
vast data, such as [2, 13, 20, 26, 38, 44, 53, 55]. This

30522



approach is suitable for both static and dynamic scenes.
But it requires large-scale, data-driven learning, and the im-
plicit guidance is weak, still resulting in texture and struc-
ture drift when wide viewpoint changes or large tempo-
ral shifts. Then, researchers further seek the assistance
of harder geometric constraints, including multi-view ge-
ometry [14, 24], epipolar constraint [16, 20, 30, 42, 54],
and depth maps [10, 48], despite being only applicable to
static scenes and requiring known images or depths as in-
put. Whereas some video diffusions adopt optical flow esti-
mation to model the movement of frames [15, 21, 32, 36] to
fit in the dynamic scenes, and then correspondences are ex-
tracted with matching methods to constrain the consistency
between aligned regions [3, 7, 22, 45, 47]. But still, they
require video or key frames as input (such as video editing)
and are not easily practical for pure generative tasks. In
a nutshell, existing methods struggle badly with a) applica-
bility for both static and dynamic scenes, and b) eliminating
reliance on extra inputs, thereby they can not serve as the
versatile consistency booster for various multi-image gener-
ation tasks. In this paper, we explore the native correspon-
dences within the multi-image diffusion model itself, pro-
viding reliable guidance to improve consistency in a plug-
and-play manner for a pure generation model on different
tasks. Although the intrinsic correspondences in the diffu-
sion model have been discovered in the single-image dif-
fusion model [41], and its following works further improve
the matching capabilities [28, 51]. But they still require a
known image as input to reproduce intermediate features,
while we explore the correspondences from a pure genera-
tive multi-image diffusion to align the generated images.

3. Method

The proposed CorrAdapter aims to align the images gen-
erated by multi-image diffusion models to enforce the spa-
tiotemporal consistency. Given the idea introduced in Sec-
tion 1 that guides the generative process with the diffusion-
native correspondences, CorrAdapter boosts the consis-
tency with two key steps: building correspondences from
the diffusion model itself, and then modulating the infor-
mation interaction across images according to these cor-
respondences. Accordingly, as shown in Figure 3, Cor-
rAdapter consists of two main components: native cor-
respondence constructor and aligned area aggregator.
These two simple modules can be integrated into various
multi-image diffusion models, making CorrAdapter a plug-
and-play adapter to improve consistency for both static
and dynamic multi-image generation. We will detail Cor-
rAdapter’s structure in the following, together with an op-
tional training scheme for further improvement if available.

3.1. Preliminaries

We first formulate the basics of multi-image diffusion mod-
els as the foundation for our method.

Multi-Image Diffusion Model The multi-image diffu-
sion model discussed in this paper denotes a diffusion-
based framework that generates multiple images of a cer-
tain scene within a single inference process. This includes
static scenes, such as multi-view generation [26, 38], and
dynamic scenes, such as video generation [25, 53]. Gener-
ally, these models aim to generate a set of [V images X =
{zi|x? € RHmxWux31N based on a shared condition
C (e.g., a text prompt, a single reference image, etc.) that
describes the scene. And the generation process is imple-
mented by a latent diffusion model [13, 35] that predicts the
latent representations Z = {z%|z? € RHuenXWiaenx LN
encoded from the images X with VAE [18]. Specifically,
the model learns a probabilistic distribution of all latent fea-
tures pg(Zo|C) := py(2¢, ..., 28'|C), which is typically for-
mulated by a T-step Markov chain as the reverse process:

T
po(Zo|C) = p(Zr) [ [ pe(Z:-412:,C), (D)
t=1

pe(Zt*1|Zt7C) :N(ug(Zt,t,C)ptZI), (2)

where 6 denotes the model parameters, Zp ~ N(0, I) is
a standard Gaussian noise. To learn pg, another Markov
chain called forward process is constructed as:

QQ(Zt|Zt71) ZN(\/l—ﬂtthl,ﬁtI). 3

In Egs. (2) and (3), oy, B; are pre-defined variance and noise
schedules. Furthermore, the mean prediction pg(Z;,t,C) is
usually transformed into a noise prediction:

1
At

The denoising network €y is usually implemented by a pow-
erful transformer-based architecture [33, 35, 43] which in-
teracts the messages within the latent features Z = {2}V |
of all images, thereby generating results that are highly cor-
related. The noise €y together with the model parameters 6
are learned by minimizing the following loss:

H@(Zt7t7c) = (Zt_/BtEG(Ztat7c))' (4)

Ediffusion:Et,Zo,e[||69(Zt7tac) - 6”2}7 ENN(Ov I) (5)

After elaborated training, €y can be used to generate the
latent features Z, with Eqs. (1), (2) and (4). Then the
images X can be recovered with a pre-trained VAE de-
coder [18]. In this simple pipeline without any additional
inputs as geometric or semantic priors, we aim to leverage
the diffusion-native correspondences to ensure spatiotem-
poral consistency among generated images before they are
in fact produced.
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Figure 3. Pipeline of CorrAdapter. During each timestep in the multi-image diffusion model, CorrAdapter is juxtaposed with original
transformer blocks at the highest resolution. It first builds native correspondences from the intrinsic features F;" for all image pairs, and
then emphasizes information aggregation on aligned areas, updating the original output to F*.

3.2. Native Correspondence Constructor

The very first step of CorrAdapter is to build correspon-
dences for all image pairs that will be generated. Given a
pre-trained multi-image diffusion model, we propose a na-
tive correspondence constructor to find reliable correspon-
dences without any additional inputs, and the structure is
illustrated in Figure 3. Specifically, at timestep ¢, the in-
put latent features Z; are further characterized by a set of
transformer blocks in the denoising network. Take a certain
block as an example, its input is some condensed represen-
tations Fi* = {f;"'|f;"" € RIXWXDAN of Z,. The
transformer then updates these representations to F*" with
Attention Mechanism [43] to fully consider the information
in each image, which is formulated as:

VD

" = FJ" -+ FEN(F| ), ™
where Q; = Wo Fl", Ky = Wi Fj", V, = Wy, Fi" are the
query, key, and value matrices, and Q € RVXHXW)xD,
K € RWXHXW)xD v/ o RINXHXW)xD respectively.
FFN() is the feed-forward network, and || denotes the con-
catenation operation. Considering the Softmax(-) opera-
tion, the attention weights reflect the similarity between in-
termediate features F{" = {f,"*}¥ | of each image. Thus,
these weights can be regarded as the similarity scores and
naturally used to depict the correspondence between dif-
ferent images. For instance, the similarity socre s;? €
REXW)X(HXW) for image pair (i,5),i # j at timestep
t is calculated as:

. T

ig_ a;k;

s, = Softmax ( , ®)
VD

where ¢! = Q[i], g} € RE*W)XD and kJ = K,[j], k! €
RHEXW)IXD gre the i-th and j-th slices of Q; and K, re-
spectively. Then traditional image matching methods [31]

R . K"
F" = A(F", F}") = Softmax <Qtt> Vi, (6

can be applied on the similarity scores to build correspon-
dences, such as the nearest neighbor matching:

C?] = argmaxle{l,...,HxW}S?J[:7l]’ €))

where [:,1] means the I-th column of the matrix, ¢/’ €
RIXW indicates the nearest neighbor index of each i-th
features f,™" in the j-th features f,"”’, reflecting the spatial
correspondence of image pair (4,5). Thus, all correspon-
dences C; € RNX(N=1xHXW can be obtained by stacking
c;” for all image pairs (i, j) at timestep ¢. By re-using the
attention weights in Eq. (6), we can easily build the corre-
spondences with Egs. (8) and (9) while avoiding redundant

computations.

Following the above process, we can build the native cor-
respondences with the intrinsic intermediate features in the
diffusion model at every timestep. Then these correspon-
dences can indicate the matching areas between different
images so that we can modulate the information interaction
across images accordingly.

3.3. Aligned Area Aggregator

The correspondences built in the previous section identify
the most geometrically or semantically related region be-
tween the features of different images. To enhance spa-
tiotemporal consistency, a natural strategy is to strengthen
information exchange between these corresponding fea-
tures within the transformer blocks. To this end, we pro-
pose an aligned area aggregator as shown in Figure 3 that
modulates feature integration by emphasizing matching re-
gions while suppressing others, thereby reducing ambiguity.
Once given the correspondences c;” of image pair (i, j),
for each feature f™'[k] € RP k = 1,..,.H x W, we
crop a (2r +1) x (2r + 1) window with radius r on fea-
tures fi"™ accroding to ¢/’ [k] € R to form the aggregated

30524



feature f[k]:
in,i in,j T
wqft [k}(wkft}crjop—k) w in,j
\/5 vd t,crop-k?
. o - 10
where f,"0 = Fi" (e (K] =7 s eyl (K] 4 e (K] -

el (k] 4], fl s € R +1*xD s the cropped corre-

f1[k] = Softmax

sponding area for the k-th feature of fti"’j. Comparing
Eq. (10) with Eq. (6), we observe that the aggregated feature
fg [k] is a weighted sum of the features within the cropped
corresponding area, where the weights are precisely the at-
tention weights computed from the query and key values of
the cropped features. Then Eq. (10) can be rewritten as:

T

. {E)K] .
.ftZ [k] = Softmax qt[]\/tg)]}k vi,crop-k’ (1T)
where kz’cmp_ L=k [l [k]-r e [k, ey [k]-r: ey [k]+

r] and the same for vg’cmp_k. In this way, we can again reuse
the attention weights in Eq. (6) to calculate the aggregated
features, thereby avoiding heavy computational cost.

By repeatedly applying Eqgs. (11) and (13) to all fea-
tures in F;", we obtain the aggregated features F,, where
information is integrated only within mutually consistent
regions. To further enhance feature consistency inside the
transformer blocks, we add the aggregated features F, to
the original output 13‘250Ul in Eq. (6):

Ftout — nﬁ‘toul + (1 _ n)ﬁ‘h (12)

where 7 is a hyper-parameter to balance the importance of
the aligned-area aggregated features and the original ones.
Then, similar to the attention mechanism in Eq. (7), we ap-
ply a feed-forward network to the aggregated features:

Eout _ Ftout + FFN(F;“ HFtom>7 (13)

which will serve as an updated input to the next block. With
Egs. (11), (12), and (13), the aligned area aggregator en-
forces the diffusion model to focus on the matching regions
and suppress the non-matching ones, thereby enhancing the
spatiotemporal consistency of the generated images.

Here, we have provided a detailed outline of the compo-
nent structures corresponding to the two steps of correspon-
dence construction and consistency enhancement within the
CorrAdapter. To be regarded as a plug-and-play adapter for
various multi-image diffusion backbones, we will then in-
troduce the inference details for effectively utilizing Cor-
rAdapter in a variety of multi-image generation tasks.

3.4. Inference Details

As shown in Figure 3, CorrAdapter is just injected into the
diffusion model as a bypass branch of the existing trans-
former blocks, and its output is added to the original one as

seen in Eq. (12). However, the advanced multi-image dif-
fusion models often adopt cascaded or parallel transformers
to enhance its performance [13, 38]. We recommend to in-
tegrate CorrAdapter into the transformer blocks that model
the multi-image interaction so that it can reuse the atten-
tion weights in Eq. (6) to calculate both the native corre-
spondences and the aggregated features. Otherwise, juxta-
posing CorrAdapter with the vanilla transformer inherited
from single-image diffusion models as seen in many in-
choate works [24] is available, albeit with extra computa-
tional cost for corss-image similarity calculations. A prac-
ticable trick is to share the native correspondences between
several adjacent timesteps to reduce the additional compu-
tations. We will detail this advice in Section 4.3. Addition-
ally, since the native correspondences are built from the in-
termediate features in the latent space, we consider only the
highest level of the transformer to make correspondences
more fine-grained. All learnable parameters of CorrAdapter
are initialized with the same values as the existing trans-
former blocks it is injected into, and are then kept frozen
during inference. Such a training-free strategy makes Cor-
rAdapter easily implementable and compatible with various
multi-image diffusion models.

3.5. Training Scheme

To enable CorrAdapter to be rapidly and widely adopted
across different multi-image generation models and tasks,
we design it as a training-free paradigm. Moreover, for
scenarios that demand higher performance, we also pro-
vide an optional training scheme tailored to specific use
cases. Specifically, we fine-tune the original diffusion
model to learn more consistency intermediate features
Fi" = {f™"}X |, with the hope to establish more reli-
able native correspondences in Eq. (8). This is achieved
by adding a consistency loss:

Lconsislency = Z ”ftmyl[k] - f;n,] [éi’j [k]] ”2’ (14)
(4,5),i7#5

where ¢9 € R¥*W indicates the referenced correspon-
dences captured from ground truth image pair (¢, 7). These
correspondences can be constructed with off-the-shelf im-
age matching algorithms [31, 56]. We adopt LoRA-based
fine-tuning [9] on all transformer blocks to accelerate train-
ing, which introduces low-rank adaptation weights into
Egs. (6) and (7). Loss function (14) is also applied in each
training step as the same as Eq. (5), so the total loss is:

L= ['diffusion + )\Econsistencya (15)

where ) is the hyper-parameter to balance loss functions.
Note that the training process relies on explicit consis-

tency constraints between diffusion features and ground-

truth images. This is reasonable for certain tasks such as
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Table 1. Results on image-conditioned multi-view generation.

Single-Image Quality

Geometric Consistency

Method
PSNRT SSIMt LPIPS| cPSNRT cSSIMt cLPIPS| CDJ] depth, MEt3R]
SyncDreamer [24] 19.24  0.8215  0.1557 26.28 0.8817 0.0634  2.66 14.15 0.1656
SyncDreamer+CorrAdapter  19.72  0.8310  0.1472 27.20 0.8926 0.0572 2.67 12.60 0.1529
MVAdapter [24] 23.15  0.8761  0.1276 18.75 0.7201 0.2519 9.75  73.47 0.2116
MVAdapter+CorrAdapter 23.82  0.8829  0.1235 19.68 0.7396 0.2371 9.20 68.62 0.2036
MVAdapter+CorrAdapter™ 24.05  0.8866  0.1220 20.47 0.7634 0.2256 933 6747 0.1955
Table 2. Results on text-conditioned multi-view generation.
Method Single-Image Quality Geometric Consistency
FIDJ | N CLIP-Scoret cPSNRT  c¢SSIMt cLPIPS|, CDJ] depthl MER]|
MVAdapter [13] 2420 15.22 33.10 14.09 0.5797 0.3513 12.70  79.84 0.3017
MVAdapter+CorrAdapter  23.42  15.96 33.17 14.29 0.5786 0.3418 12.63  79.72 0.2986
MVAdapter+CorrAdapter*  24.17  17.07 33.52 15.27 0.6275 0.3085 11.61 77.94 0.2701

image-conditioned multi-view generation, but inappropriate
for tasks whose outputs are inherently diverse. We therefore
propose transplanting the LoRA modules from models for
which this training scheme is applicable to those for which
it is not, thereby inheriting their consistency-enhancing ca-
pability. However, this transfer is only feasible when the
network architectures are identical, and we will give an ex-
ample in Section 4.1. Consequently, the training scheme de-
scribed in this section is optional, whereas the training-free
strategy can be applied broadly across different models.

4. Experiments

In this section, we evaluate the performance of CorrAdapter
on various multi-image generation tasks with several strong
baselines to prove CorrAdapter’s effectiveness in improv-
ing the spatiotemporal consistency of generated images, and
also to verify its generalization ability to various scenes.
Concretely, we first conduct experiments on static multi-
view generation, and then on dynamic video generation.
And we also provide a detailed analysis to further under-
stand the working mechanism of CorrAdapter.

4.1. Static Scene: Multi-View Generation

We choose multi-view generation as the static scene gen-
eration task to evaluate the performance of CorrAdapter,
including both the image-conditioned multi-view genera-
tion (C in Eq. (1) is a single reference image) and text-
conditioned one (C is a text prompt).

Evaluation protocols. For image-conditioned multi-view
generation, common metrics like PSNR, SSIM, and LPIPS
are adopted to evaluate the quality of every single im-
age [23, 24]. Although these metrics somehow reflect
the coherence of different generated views, they can not

intuitively assess the geometric consistency. Therefore,
we adopt the proposed 3D consistency metrics in MVG-
Bench [50]. MVGBench splits the synthesized imaged into
two parts, and reconstructs 3D models from these parts re-
spectively with 3DGS [17]. The metrics include cPSNR,
cSSIM, and cLPIPS, which are calculated by two im-
ages with the same camera parameters but rendered from
different reconstructed 3D models, and Chamfer Distance
(CD) together with rendered depth error (depth) that eval-
uate the consistency of the 3D models. Additionally, we
adopt MEt 3R [1], which uses a more powerful construction
method DUSt3R [46] to model the 3D scene, as an auxil-
iary indicator. Similar to [24], our evaluation is conducted
on the Google Scanned Objects (GSO) dataset [6] with 100
randomly selected scenes. For text-conditioned multi-view
generation, we adopt typical single-image metrics like FID,
IS,and CLIP-Score [13, 52], and also choose the same
3D consistency metrics with image-conditioned methods.
The evaluation is performed on the Objaverse dataset [4]
with 1000 prompts randomly selected referring to [13].

Comparison with baselines. We choose Sync-
Dreamer [24] and MVAdapter [13] as the image-
conditioned baselines for comparison, and the text-to-
multi-view variant of MVAdapter for text-conditioned
generation. SyncDreamer synthesizes 16 views with 30°
elevation, while MVAdapter generates 6 views with 0°
elevation. Results are reported in Tables 1 and 2. We
additionally mark methods that use the training scheme
with superscript *. CorrAdapter improves different base-
lines, and is suitable for both image-conditioned and
text-conditioned generation. The geometric consistency of
generated images is significantly boosted, which in turn
assists the single-image quality. And the proposed training
scheme further enhances the performance with both condi-
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Figure 4. Visualizations of CorrAdapter on different multi-image generation tasks. CorrAdapter fixes different kinds of inconsistencies of
generated images, including distorted structure, chaos, content lost, and so on.

tions while the models share the same architecture. Apart
from 1, we provide further visualizations in Figure 4 and in
the Appendix to support the superiority of CorrAdapter.

4.2. Dynamic Scene: Video Generation

To assess CorrAdapter on dynamic scene generation, we
select the video generation task that tries to produce a se-
quence of images with a text prompt as the condition.
Evaluation protocols. Following many previous video
generation tasks, we adopt VBench [12] to evaluate the per-
formance. It provides standard metrics on numerous di-
mensions, and we evaluate the quality of generated images
(frames) with a total of 10 dimensions, covering temporal
quality, single-frame quality, and text-video consistency.
Comparison with baselines. For video generation, we
choose Wan2.1-1.3B [44] as the baseline (abbreviated as
Wan2.1). Results are reported in Table 3. With the simple
training-free CorrAdapter, the consistency of subjects and
backgrounds improves excellently, proving its effectiveness
on spatiotemporally consistent video generation. This also
helps to produce better coherence with the text prompt. And
due to the concerns about consistency, the dynamic degree
decreases foreseeably, but it does not affect the improve-
ment of the overall video quality. We also provide more

visualizations, as shown in Figure 4 and in the Appendix.

4.3. Implementation Details

To make CorrAdapter a versatile adapter and applicable for
different methods, we use a matching threshold of 0.05 in-
stead of the poor nearest neighbor method in Eq. (9), and
set v = 3 in Eq. (11). n in Eq. (12) is set as = 0.1
by default, while for text-conditioned multi-view genera-
tion, it is increased to 0.8. And to preserve the diversity of
text-conditioned generation, we apply CorrAdapter only to
the first 10 timesteps for Table 2 and the first 15 timesteps
for Table 3, while for image-conditioned methods it is ap-
plied at all timesteps. Additionally, for SyncDreamer, due
to its lack of the multi-view transformer, we cannot reuse
the attention weights in Egs. (8) and (11), yielding a large
computational burden to calculate the Softmax operation.
Thus, we keep the native correspondences and attention
weights, updating them every 5 timesteps, which provides a
practicable approach to apply CorrAdapter on such a back-
bone. And for MVAdapter that uses row-wise attention to
model the multi-view transformer, we crop local features
in Eq. (11) only on the corresponding rows to avoid redun-
dant calculations. All inferences are conducted on a sin-
gle RTX 6000 GPU with 48 GB VRAM. For the training
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Table 3. Results on text-conditioned video generation.

Method Temporal Quality Single-Frame Quality Text-Video Consistency
Subject Background Temporal Motion Dynamic Aesthetic Imaging cene Appearance  Overall
Consistency Consistency Flickering Smoothness Degree Quality  Quality Style  Consistency
Wan2.1 [44] 0.9536 0.9626 0.9940 0.9851 0.5556 0.6016  0.6660 0.2202 0.2017 0.2275
Wan2.1+CorrAdapter ~ 0.9715 0.9696 0.9931 0.9857  0.5139 0.6071  0.6560 0.2878  0.2047 0.2320

scheme, we adopt an efficient and reliable matching algo-
rithm, LoFTR [40], to establish supervision for Eq. (14).
And ) is set as 0.1 in Eq. (15). Different from typical fine-
tuning, we first fine-tune the original model with LoRA [9]
applying only the new loss function to learn more con-
sistency intermediate features, then add our CorrAdapter
structure on the fine-tuned model. We will discuss this strat-
egy in Section 4.4. The fine-tuning process is conducted
with the same settings as [13] for 1 epoch, which takes
about 1 day on 4 RTX 6000 GPUs with the help of Deep-
Speed [34]. Find more details in the Appendix.

4.4. Analysis

We further analyze the native correspondences and the op-
tional training scheme of CorrAdapter in this section, to-
gether with the computational consumption statistics.

Are native correspondences reliable? To prove our claim
about the existence of reliable native correspondences in
pre-trained multi-image diffusion models, we use these cor-
respondences to match the generated images. We also add
some practical matching baselines like SIFT [27] and Su-
perPoint [5] for comparison. Several results are drawn in
Figure 5. With the epipolar distance threshold set as 5 pix-
els, we mark the num of correct matches, total matches,
and the matching accuracy in the image pairs. The native
correspondences rival the matching baselines in both corre-
spondence number and matching accuracy, providing Cor-
rAdapter with strong reliability to guide the information in-
teraction and align the generated images. Find more results
in the Appendix.

An alternative training scheme? We have tried to train
CorrAdapter directly by fine-tuning the original model with
both the consistency loss and the two components alto-
gether. The performance is bad, getting only 23.65, 0.8812,
0.1248 on PSNR, SSIM, and LPIPS for image-conditioned
multi-view generation, even worse than the training-free
CorrAdapter. We believe that the process of finding matches
and cropping may clutter gradient backpropagation, jeop-
ardizing training convergence. Therefore, the proposed
training strategy that optimizes feature consistency before
adding the matching module is more reasonable.

Does CorrAdapter cost a lot? We measure the inference
time (Time), computational quantity (Flops), number of
parameters (Param), and peak memory usage (Mem) for the

SIFT: 27/64, 42.2%
SIFT: 21/33, 63.6%

SIFT: 5/42, 11.9% Ours: 21/60, 35.0%

$ $

Figure 5. Visualizations of native correspondences and several
matching baselines on generated images. The green lines indicate
correct correspondences, and the red lines indicate incorrect ones.
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Table 4. Runtime and resource usage.

Method Time(s) Flops(P) Param(G) Mem(GB)

MVAdapter [13] 3342 271 4.29 15.27
MVAdapter+CorrAdapter 39.83  2.73 4.30 20.86
MVAdapter+CorrAdapter™ 40.60 2.74 4.31 20.88

baseline and the model with CorrAdapter. Results in Table 4
show that CorrAdapter enhances the consistency of gener-
ated images without substantial computational overhead.

5. Conclusion

This paper presents CorrAdapter, a plug-and-play spa-
tiotemporal consistency adapter for multi-image diffusion
models to align images before they are generated. It discov-
ers and exploits the diffusion-native correspondences built
by the diffusion model’s intrinsic intermediate features, pro-
viding a reliable matching prior for more effective infor-
mation interaction and aggregation within the aligned ar-
eas. Due to the characteristics of not being dependent on
any auxiliary inputs and hard geometric constraints, Cor-
rAdapter serves as a versatile adapter for both static and dy-
namic multi-image generation tasks, and can be easily inte-
grated into various baselines in a training-free manner. And
an optional training scheme is also provided for some spe-
cific models. Overall, CorrAdapter explores a consistency
constraint applicable to diverse multi-image diffusion archi-
tectures, which is expected to enhance a variety of down-
stream tasks utilizing this paradigm.
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