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Figure 1. Given a source set of images (top), depicting shared objects in varied settings (e.g., pose, environment, viewpoint), our method,
Match-and-Fuse, jointly generates an output set in which the consistency among the shared content is preserved (bottom). The output
adheres to the user-provided prompts that describe the target shared content (P shared), and the scene’s style/theme (P theme).

Abstract

We present Match-and-Fuse – a zero-shot, training-free
method for consistent controlled generation of unstructured
image sets – collections that share a common visual ele-
ment, yet differ in viewpoint, time of capture, and surround-
ing content. Unlike existing methods that operate on indi-
vidual images or densely sampled videos, our framework
performs set-to-set generation: given a source set and user
prompts, it produces a new set that preserves cross-image
consistency of shared content. Our key idea is to model
the task as a graph, where each node corresponds to an
image and each edge triggers a joint generation of image
pairs. This formulation consolidates all pairwise genera-
tions into a unified framework, enforcing local consistency
while ensuring global coherence across the entire set. This
is achieved by fusing internal features across image pairs,
guided by dense input correspondences, without requiring
masks or manual supervision, and by leveraging an emer-
gent prior in text-to-image models that encourages coher-

ent generation when multiple views share a single canvas.
Match-and-Fuse achieves state-of-the-art consistency and
visual quality, and unlocks new capabilities for content cre-
ation from image collections. Code and data: project page.

1. Introduction
Much of our visual experience—how we capture, organize,
and interpret the world—is structured not around single im-
ages but around sets of them. Photo albums, real-estate
listings, product catalogs, and historical archives all offer
multiple perspectives on shared content captured at different
times or viewpoints. Such sets are richer than individual im-
ages yet more flexible than continuous video. Despite major
progress in single-image and video generation, Generative
AI remains largely underexplored for this fundamental unit
of visual communication.

Given a source image set and a user prompt describing
the desired shared content, our method produces an output
set that adheres to the prompt while preserving the source
layout and the cross-image consistency of shared elements,
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as illustrated in Fig. 1. These shared elements—semantic
regions appearing across multiple images—are kept coher-
ent in identity, appearance, and geometry. Importantly, non-
shared regions (e.g., backgrounds) are not forced to align
and may vary according to a separate thematic prompt. This
capability enables creative workflows of transforming fixed
multi-view layouts into coherent edits for product ads, char-
acter concept art, film set design, and more.

Achieving consistency across an image set is nontrivial.
Unlike videos, which benefit from dense temporal sampling
and continuity, image sets challenge this assumption. With-
out temporal cues such as continuous motion, enforcing vi-
sual consistency becomes difficult. The problem is further
compounded when the content is deformable – e.g., vary-
ing human poses, expressions, or environments – where no
stable 3D structure can be inferred. Consequently, existing
generative methods lack mechanisms to model shared con-
tent without strong spatial or temporal cues.

Our method builds on a pre-trained text-to-image diffu-
sion model in a zero-shot, training-free manner. Our key
idea is to model an image set as a graph whose nodes are
images and whose edges represent joint pairwise genera-
tion. This formulation consolidates all pairwise genera-
tions into a joint framework, achieving coherence both lo-
cally between image pairs and globally across the entire
set. Crucially, this formulation allows us to: (i) harness an
emergent prior in text-to-image diffusion models, which ex-
hibit coherent behavior when multiple images are composed
within a shared generation canvas; (ii) enhance consistency
by incorporating dense pixel correspondences computed
from the source images, guiding alignment without requir-
ing masks or manual supervision; (iii) flexibly handle sets
of varying sizes without sacrificing resolution. We demon-
strate the effectiveness of our framework in producing high-
quality results from diverse collections of 2–15 images,
ranging from real photographs to hand-drawn sketches.

To summarize, we make the following contributions:
• The first method for unstructured set-to-set generation,

moving beyond image pairs to entire collections.
• A flexible, automated, training-free mask-free approach,

requiring only simple text prompts as input.
• A new metric for evaluating fine-grained cross-image

consistency that aligns strongly with human judgments.

2. Related work
Text-to-image controlled generation. T2I models [12, 28,
30, 32, 41] have made a remarkable progress. Numerous
methods extended T2I models to go beyond input text and
condition the generation on various signals, such as style
(e.g., [26, 42]) or various spatial controls: pose, depth, or
edge maps [44]. A growing line of work tackles image
editing rather than conditioning, including trainable editing
models [6, 8, 23] that learn to modify an image according to
text or paired examples, as well as training-free editing ap-
proaches [18, 37, 46] that manipulate diffusion trajectories

at inference time. However, all these methods operate on
individual images and lack the set-level consistency mech-
anisms required for our task.

Beyond single-image generation.

Storyboard generation. This line of work aims to produce
image sequences depicting consistent recurring characters
across frames [1, 14, 36, 42], or emphasizing narrative co-
herence across prompts [17, 20, 25, 45]. Zero-shot meth-
ods manipulate attention features through injected corre-
spondences or masks [36, 45], whereas training-based ap-
proaches fine-tune diffusion models for improved consis-
tency [17, 20, 25]. Aside from the limited pose control of-
fered by [36], these models rely solely on text and lack spa-
tial control mechanisms necessary for set-to-set generation.

Consistent image-set generation. Related to our work, Edi-
cho [2] addresses pairwise consistent editing, first modi-
fying one image and then transferring the edit to its part-
ner using 2D correspondences to warp intermediate fea-
tures. Their method is similar to ours in leveraging explicit
matches and operating on unstructured image sets, but it re-
mains strictly pairwise: edits are propagated only from a
single reference image, causing coherence to degrade for
views farther from that anchor. In contrast, [20] enforces
consistency by generating all images simultaneously on a
single canvas, where a LoRA module [19] is fine-tuned on
the multi-image prompt. This design ties the method to a
fixed grid, limiting its scalability to larger image sets.

3D and video-based approaches. Distinct from these
methods, 3D editing techniques [9, 16, 39, 40] enable
manipulation of static multi-view sets through rendered
views but operate on 3D representations rather than directly
editing 2D images. This imposes restrictive assumptions
that limit their applicability to image sets with unknown
camera parameters, articulated objects, and varying back-
grounds. Similarly, video editing and generation methods
(e.g., [15, 38, 43]) are unsuitable for our task, as they as-
sume temporal continuity and rely on motion coherence that
does not hold across unordered image sets.

3. Method
The input to our method is an unstructured set of N im-
ages along with user-provided prompts: P shared and P theme,
describing the target shared content and general style or
theme, respectively. Our method outputs N images that
preserve the source semantic layout while ensuring visual
consistency across shared elements.

We build on a pre-trained, frozen, depth-conditioned
T2I model. Although designed for single-image genera-
tion, these models have been shown to produce image grids
when prompted with joint layouts (e.g., “Side-by-side views
of...”), establishing cross-image relationships as demon-
strated in recent work [20, 33]. However, this emerged ca-
pability, which we refer to as the grid prior, exhibits several
key limitations: (i) it provides only partial consistency in

30491



(c) Grid of 4 (d) Ours(b) Grid of 2(a) Source images

Grid of

Grid of Grid of
: “A blocky colorful Lego figure” : “Plain orange background”

Figure 2. Image grid generation vs. our method. (a) Source image set. (b) Joint generation of two-image grid results in partial
consistency, where several regions often remain inconsistent in appearance or semantic meaning (e.g., a dog’s face). (c) Extending this to
more images further reduces consistency. (d) Our method leverages this prior yet overcomes its limitations of consistency and scale.

appearance, shape, and semantics (Fig. 2b); (ii) the con-
sistency deteriorates rapidly as more images are composed
(Fig. 2b); and (iii) generating a single canvas is bounded by
the model’s native resolution, limiting scalability.

Our method leverages the grid prior while overcoming its
core limitations (Fig. 2d). Specifically, we model the image
set as a Pairwise Consistency Graph, comprising all pos-
sible two-image grid generations (Sec. 3.2). This allows us
to exploit the strong inductive bias of the grid prior, while
eliminating its scale limitation. To enhance visual consis-
tency both within each image grid and across grids, we per-
form joint feature manipulation across all pairwise gener-
ations. To this end, we utilize dense 2D correspondences
from the source set to automatically identify shared regions
– without requiring object masks – and enforce fine-grained
alignment. We find that feature-space similarity along these
matches correlates strongly with visual coherence, moti-
vating the use of Multiview Feature Fusion (Sec. 3.3).
We further refine details via Feature Guidance, using a
feature-matching objective (Sec. 3.4). Our full pipeline is
illustrated in Fig. 3.

3.1. Prompt Composition
Given P shared and P theme, we automatically generate de-
tailed per-image captions Pnon−shared

i using a Vision-
Language Model (VLM). The VLM is instructed to identify
shared and non-shared elements, integrate the user-provided
ideas while respecting the underlying structure, and de-
scribe per-image pose variations. More details in Supple-
mentary Materials (SM).

3.2. Pairwise Consistency Graph
We define a graph G = (V,E), where nodes V = {Ii}Ni=1

represent images, and edges E = {i, j | i ̸= j, Ii, Ij ∈ V }
connect all distinct image pairs. During the generation,
each node is associated with a noisy latent zti , and each
edge with latent of a two-image grid ztij = concat(zti , z

t
j).

Edges are further assigned concatenated control depth maps

and grid prompts: Pij = “Image grid of [P shared]. Left:
[Pnon-shared

i ]. Right: [Pnon-shared
j ].”

At each generation step, {ztij}e∈E are constructed from
{zti}Ni=1 and denoised jointly with Multiview Feature Fu-
sion (Sec. 3.3) that encourages consistency across the entire
graph by enforcing pre-computed 2D matches Mij :

{zt−1
ij }e∈E = denoiseMFF({ztij}e∈E , {Pij}e∈E , {Mij}e∈E) (1)

Since every node zti participates in multiple adjacent edges,
a graph denoising step yields multiple versions of zt−1

i|ij . We
thus consolidate pairwise latents {zt−1

ij }e∈E back into im-
age latents {zt−1

i }Ni=1 by extracting and averaging all zt−1
i|ij ,

following [3]. In practice, full graph connectivity is not re-
quired, as analyzed in Sec. 4.4.

3.3. Multiview Feature Fusion
The grid prior alone is insufficient for fine-grained align-
ment within an image pair (Fig. 2). Moreover, denoising
separate edges can yield noticeably different appearances,
even when a shared image latent is used. To promote pair-
wise and global consistency, we follow prior work (Sec. 2)
and directly manipulate the model’s internal features.

A natural choice for our task is to leverage off-the-
shelf 2D correspondences extracted from the source images,
which reliably capture shared content through confidence-
based filtering. We analyze the model’s feature space and
observe that cosine similarity at these matched locations
strongly correlates with generation consistency (Fig. 5).
Hence, we propose to promote it by increasing the simi-
larity of matched features.

Matches between each image pair are defined as a partial
feature coordinate mapping Mij : Ci→Cj , where a coordi-
nate c ∈ Ci corresponds to c′ = Mij(c) ∈ Cj and Ci con-
tains all matched points (Fig. 4b). We first address pairwise
consistency by considering a two-node graph with a single
edge. Let fij ∈ RH×2W×D be a feature map from a model’s
forward pass on a grid, interpreted as fij = concat(fi, fj),
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Input

˝near retro bottle ...˛


˝ hanging on a shoulder ...˛




˝near an old ribbon ...˛


˝upright on a fabric ...˛


: ˝Vintage bag˛
: ˝retro˛

Denoising step

Pairwise Consistency Graph

Feature Guidance

for all matches, all edges 

Output

MFF

Figure 3. Match-and-Fuse pipeline. Example for 4 images. In pre-processing, pairwise matches are computed between all inputs, and
per-image prompts are generated from the set-level prompts. At each denoising step, noisy image latents form a Pairwise Consistency
Graph, whose edges ztij are jointly denoised with Multiview Feature Fusion (MFF) and aggregated back into per-image latents zt−1

i by
averaging over adjacent edges. The latents are further refined with Feature Guidance via a feature-level matching objective.

...

˝Image grid of ...˛

Block w/ MFF








Block w/ MFF








Block w/ MFF








Block




DiT

......

K,V Attn

Block w/ MFF

Graph denoising step with Multiview Feature Fusion (MFF)

(b)

(a)

Figure 4. MFF Denoising step. (a) Two-image grids on all edges
are denoised with a frozen DiT. Selected blocks average K,V along
adjacent edges into f̄i, which are then fused via source matches (b).
Images are fused jointly, illustrated by arrows for i=1.

with fi, fj ∈ RH×W×D. Given a pooling operator f [c] ex-
tracting the vector at c, Multiview Feature Fusion (MFF)
fuses matched coordinates:

fi[c]← 1
2 (fi[c] + fj [Mij(c)]) , ∀c ∈ Ci. (2)

For an N-node graph, Eq. (2) is generalized by aggregating
features of each image over its incident edges, followed by
joint fusion across all images:

f̄i =
1

|δ(i)|
∑

e∈δ(i)

fei , δ(i) = {e∈E | i∈e} (3)

fi[c]← 1
N

(
f̄i[c] +

∑
j ̸=i

f̄j [Mij(c)]
)

(4)

This stage is illustrated in Fig. 4. See SM for further details.

3.4. Feature Guidance
To align small details, we further perform feature guidance
[7, 11, 31], completing each generation step (Fig. 3, right).
Specifically, we define an optimization objective over all

Random +Prompt +Control +Grid +Inversion

C
os

in
e 

Si
m

ila
ri

ty

“” +“bowl ...” +“Grid of”+ +

Figure 5. Matched feature similarity vs. visual consistency. We
consider increasingly consistent generation (left to right): random
images → adding descriptive prompts → adding control signals
→ generating in a grid → DDIM [35] inversion which recon-
structs fully consistent source images. Keys and values differ in
scale but follow the same pattern: cosine similarity at matched
locations rises with consistency. Dashed lines show the baseline
all-to-all similarity of feature maps. Points are averaged over 40
image pairs, all correspondences, blocks, and timesteps.

edges as the distance between matched features, and refine
all node latents via gradient descent with ∇zt−1

i
Lguide of:

Lguide =
1

|E|
∑

{i,j}∈E

1

|Mij |
∑

c∈Mij

||fi[c]− fj [Mij(c)]||2 (5)

The feature maps f are extracted from an additional DiT
forward pass. MFF can be viewed as the analytical so-
lution to this optimization problem operating during infer-
ence, while guidance corrects remaining inconsistencies di-
rectly in the latent space. Using guidance as the primary
driver would be expensive and risk pushing latents off-
distribution, so we apply it only as a light refinement. The
exact schedule is provided in SM. Because gradients propa-
gate through the model, updates have a wider receptive field
than the discrete match locations, improving robustness un-
der sparse correspondences (see Sec. 4.4).
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Figure 6. Quantitative comparison and analysis. We evaluate subject Consistency (DINO-MatchSim) of Match-and-Fuse as a function
(a) of Prompt Adherence (CLIP Score), compared to baselines; (b) Number of Images, compared to baselines and method variant with a
fully-connected graph; (c) % of Matches, compared to method variant w/o Feature Guidance. Error bars are SEM.

: “autumn”: “orange dog-styled backpack”

(b) w/o Multiview Feature Fusion

(c) w/o Guidance

(a) w/o Pairwise Consistency Graph

(d) Full Method

Source Set

Figure 7. Ablation. Subtraction of each of our method’s compo-
nents (a-c) degrades consistency, demonstrating their necessity in
the full method (d). Each setting is detailed in Sec. 4.4.

CLIP ↑ DreamSim ↑ DINO-MatchSim ↑
FLUX Kontext 0.65 ± 0.002 0.78 ± 0.004 0.57 ± 0.004
IC-LoRA 0.65 ± 0.001 0.71 ± 0.006 0.65 ± 0.004
FLUX 0.67 ± 0.001 0.76 ± 0.004 0.66 ± 0.004
Edicho 0.65 ± 0.001 0.81 ± 0.004 0.72 ± 0.004

Match-and-Fuse 0.66 ± 0.001 0.85 ± 0.004 0.80 ± 0.003

w/o Guidance 0.66 ± 0.001 0.82 ± 0.004 0.76 ± 0.004
w/o MFF 0.66 ± 0.001 0.83 ± 0.004 0.78 ± 0.003
w/o Pairwise Graph 0.66 ± 0.001 0.82 ± 0.004 0.75 ± 0.004

Table 1. Quantitative evaluation. We compare our method to
baselines and ablate method components.

4. Experiments
We extensively evaluate Match-and-Fuse. Our implementa-
tion builds on FLUX [5] with depth-conditioning [41], and

Users ↑ VLM ↑
Kontext 88% 82%
IC-LoRA 90% 92%
FLUX 92% 94%
Edicho 83% 78%

(a)

Agreement ↑
DreamSim 84.3
VLM 84.9
DINO-MatchSim 91.4

(b)

Table 2. (a) User Study and VLM evaluation. 2AFC voting
demonstrates the preference of humans and VLM of our method
over all baselines. (b) Agreement between metrics with human
judgments. % of samples for which the winner according to a
higher metric agrees with the users’ majority vote. Average across
comparisons and baselines.

uses RoMA [10] for matching. Full details are in SM.

4.1. Evaluation Setup

Evaluating our task requires image sets that share content
across diverse scenarios, along with a metric that captures
fine-grained cross-image consistency. Since no existing
benchmark or metric supports this setting, we introduce a
setup tailored to consistent set-to-set generation.

Evaluation set. We curate a benchmark with 400 edits for
149 diverse distinct image sets, 3–15 images in each, com-
bining all sets from [22] and [29] with frames sampled from
3D datasets [4, 16, 24], keyframes of a few publicly sourced
videos, and sketched storyboards generated by ChatGPT.
Data will be publicly released.

Metrics. We quantitatively evaluate our method, begin-
ning with fine-grained cross-image consistency. Previous
work relies on global visual-similarity metrics to assess
set consistency—for example, [36] uses DreamSim [13]
on object-masked regions. However, as our user study
(Tab. 2b) shows, such global metrics are not ideal. To ad-
dress this, we introduce DINO-MatchSim. For each image
pair, we compute patch-level nearest-neighbor correspon-
dences NNij between DINOv3 [34] feature maps from the
source images, and measure similarity at the corresponding
output locations:

Sij =
1

|NNij |
∑

(p,q)∈NNij

cos
(
F̃i(p), F̃j(q)

)
, (6)
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: “Pixar”: “Cartoon characters”

: “Claymotion character in glasses” : “claymotion”

: “winter”: “A cat-shaped balloon” : “retro”: “70s car”

: “autumn”: “Black-white knitted dog”

: “inter-galactic kitchen”: “A man making a cocktail”
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Figure 8. Qualitative results. Match-and-Fuse generates consistent content of rigid and non-rigid shared elements, single and multi-
subject, with shared or varying background, preserving fine-grained consistency in textures, small details, and typography. Notably, it can
generate consistent long sequences (last row). See SM for full sets of results.

where F̃i denotes the ith output feature map. The aver-
age similarity across all image pairs is DINO-MatchSim.
For prompt adherence, we report the average CLIP score
over the set. To assess human preference, we conduct a
large-scale user study on a random subset of the benchmark,
comparing Match-and-Fuse to a baseline in a randomized
two-alternative forced-choice (2AFC) format. Finally, we
include a VLM-based evaluation using GPT-5 [27], which
received the same content as the human raters.

4.2. Qualitative results

Sample qualitative results of our method are shown in
Figs. 1, 8 and 9, demonstrating that it performs robustly

under non-rigid pose variations, diverse viewpoints, and
partial occlusions, on single or multi-object sets (e.g. two
girls). The output sets maintain fine-grained consistency
in textures (e.g. crochet, balloon and can print), small el-
ements (e.g. kitchen items), and typography (e.g. the can
title). Notably, Match-and-Fuse is able to handle big num-
ber of images (e.g. N = 13 in Fig. 8, last row).

4.3. Comparisons

Since no existing method is designed for our set-to-set gen-
eration task, we compare Match-and-Fuse to the closest
baselines: (1) FLUX [5] with ControlNet [41] condition-
ing serves as a baseline for assessing independent genera-
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Figure 9. Qualitative comparisons. Match-and-Fuse (Ours) generates image sets with the highest consistency compared to our baselines
FLUX [5], FLUX Kontext [23], IC-LoRA [20], and Edicho [2]. See Sec. 4.3 for comments on each result and SM for full image sets.

tion using the same base model as our method. (2) FLUX
Kontext [23], an image-to-image editing model. While it
provides consistent edits over multiple turns on a single im-
age, it lacks an explicit mechanism for achieving consis-
tency across a single-turn image set editing. (3) IC-LoRA
[20], text-driven generation of image sets with shared el-
ements by fine-tuning LoRA modules for specific context
types. We use their most relevant public checkpoint and add
spatial ControlNet conditioning for comparability. (4) Edi-
cho [2], the closest baseline to our method, combines depth-
conditioned generation with explicit correspondences, but is
limited to an image pair editing through a single reference.
Additional implementation details are in SM.

Figure 9 shows representative qualitative results. FLUX
[5] produces inconsistencies in both coarse and fine de-
tails. FLUX Kontext [23] has low prompt adherence (e.g., a
toy remains animal-like), and often distorts object structure
(e.g. vase, dog). IC-LoRA [20] achieves partial consistency,
with coherence often restricted to subsets (vase). Its realism
and fidelity are notably lower than FLUX. Edicho [2] per-
forms best among baselines but still shows noticeable in-
consistencies (dog), as its one-to-all warping enforces con-
sistency only with the first image, making the choice of an
anchor ambiguous and degrading coherence across views.

In contrast, Match-and-Fuse (bottom row) maintains high
image quality while substantially improving structural and
fine-grained consistency. We additionally compare to the
closed-source Nano Banana API [8] and find that it does
not solve our task (SM).

We quantitatively evaluate all methods using the metrics
in Sec. 4.1. Figure 6a plots Consistency (DINO-MatchSim)
versus Prompt adherence (CLIP score). As an upper bound,
we report DINO-MatchSim on the source sets, which are
consistent by definition. Our method achieves the highest
consistency among baselines, approaching the source score,
while maintaining a comparable CLIP score. Since DINO-
MatchSim evaluates consistency relative to the source struc-
ture, methods that distort shape, such as FLUX Kontext,
score lowest. Tab. 1 further shows that Match-and-Fuse at-
tains the highest DreamSim score. We complement these
results with a user study and VLM-based evaluation. As
shown in Tab. 2a, participants and VLM preferred our
method over all baselines.

4.4. Analysis & Ablations

Ablation. We ablate each component in Fig. 7 and Tab. 1.
W/o Pairwise Consistency Graph, pairwise steps become
single-image predictions, with MFF and Guidance applied

30496



: “A pink octopus with spots” : “underwater”

: “Vibrant sneakers” : “gloomy day”
(a) Sketch to Storyboard 

(b) Localized Editing
: “A sheep in a red t-shirt”

: “Princess”: “’Timetravel Manual’ book”

Figure 10. Extended Applications. Our method generalizes
across various settings, enabling (a) consistent story generation
from sketches and (b) localized editing omitting Ptheme via
FlowEdit [21] integration. See full sets of results in SM.

per image. Correspondences alone cannot align appear-
ances, leading to identity drift. In w/o Multiview Feature
Fusion, pairwise updates use only the grid prior; latent ver-
sions aggregated across edges diverge more easily, reducing
consistency. Omitting Feature Guidance at each step leads
to misaligned fine-grained details.

Number of images. A fully connected graph has O(N2)
edges. To maintain scalability, we limit each node degree to
4 random neighbors, yielding full connectivity for N ≤ 5
and increasing sparsity thereafter. This keeps runtime lin-
ear while preserving cross-image communication. We use
this setup in all our experiments. Figure 6b shows consis-

Handling of big unmatched regions (I1-I2) and complex disocclusions (I1-I3)

: “knitted cat” : “knitted world”
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Figure 11. Limitations. The method may produce inconsistencies
in largely unmatched regions (I1, I2) or under complex disocclu-
sions (symmetry in I2, I3).

tency as a function of N . For each N -image set, we eval-
uate subsets of the first N ′ ∈ [2, N ] images and report av-
erages over all N ′. Our method is slightly below its fully
connected variant but remains similar in performance. Al-
though Match-and-Fuse degrades with N it remains more
consistent for 9 images than baselines do for 2.

Match sparsity. We evaluate robustness to reduced corre-
spondences by randomly subsampling x% of matches. As
shown in Fig. 6c, DINO-MatchSim remains high even un-
der strong sparsification, whereas the variant without Fea-
ture Guidance drops more rapidly—highlighting its role in
maintaining consistency with sparse matches.

4.5. Extended Applications
As shown in Fig. 10a, our method generalizes to sketched
source sets, enabling consistent visualization of story-
boards. In Fig. 10b, we further demonstrate localized edit-
ing by combining our method with FlowEdit [21]. We pro-
vide default integration parameters in the SM; however,
as is a known limitation of FlowEdit, achieving the de-
sired balance between structure preservation and appear-
ance change often requires mild per-edit hyperparameter
tuning. Automating this selection is left for future work.

5. Discussion and Conclusions
We introduced Match-and-Fuse, the first method for con-
trolled generation from unstructured image collections. Ex-
tensive experiments demonstrate that it outperforms strong
baselines and enables diverse creative applications, advanc-
ing a largely underexplored yet fundamental visual modal-
ity. Several limitations remain for future work. Our per-
formance depends on the quality and density of pixel corre-
spondences, which may result in inconsistencies in largely
unmatched or ambiguous regions (e.g., disocclusions or
symmetries; see Fig. 11). It also relies on the ability of the
base model to preserve the source conditioning depth maps,
which may occasionally deviate from the source layout, de-
pending on the target prompt and generative prior of the T2I
model (e.g. body and hand poses of the girls in Fig. 8). We
believe these insights lay a path toward future extensions,
such as video collections and foundation models for set-to-
set generation.
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[34] Oriane Siméoni, Huy V. Vo, Maximilian Seitzer, Federico
Baldassarre, Maxime Oquab, Cijo Jose, Vasil Khalidov,
Marc Szafraniec, Seungeun Yi, Michaël Ramamonjisoa,
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