
Supplementary Material

A. Comparisons to Current Methods
In the main paper, we compared Vibe Space with CLIP Avg
(our baseline), GPT [10], and Gemini [3]. In this section,
we also compare with recent concept-level and pixel-level
blending methods, including AID [6], Yu et al. [19], and
DiffMorpher [20]. Our experiments demonstrate that CLIP
Avg is stronger than these additional baselines.

We use image pairs from the Totally-Looks-Like dataset.
Our user studies provide two annotations for each pair: (1)
a Blend Difficulty level (low, medium, high) and (2) a short
text description of the main shared attribute, or “vibe”.

Qualitative Comparison. As illustrated in Figs. 3 to 5,
pixel-level blending methods such as Yu et al. [19] and Diff-
Morpher [20] often produce blurred or low-quality interme-
diate images. CLIP Avg and AID [6] generate high-quality
images but frequently fail to capture the main shared at-
tribute (e.g., Fig. 4b: “Hair Style”; Fig. 3b: “Teeth and
Eyes”). GPT and Gemini typically perform style transfer
or part-level composition rather than attribute-level blend-
ing. In contrast, our Vibe Space consistently produces high-
quality images while keeping the blending trajectory cen-
tered on the attribute identified by users.

Quantitative Comparison. We evaluate concept-level
blending performance using our Attribute-Masked Dream-
Sim metric. For each image pair (IA, IB), our user study
provides a text description of the main shared attribute be-
tween the images, with examples in Fig. 5. We use this text
to obtain a segmentation mask using an open-vocabulary
segmentation model [8]. All image feature similarity com-
putations are restricted to pixels inside the attribute mask.
Specifically, given an image I , let xdreamsim(I) denote its
dense DreamSim [5] features (prior to global pooling). For
a masked region Mask, we compute the attribute-masked
DreamSim embedding via mean pooling:

v(I;Mask) =
1

|Mask|
∑

p∈Mask

xdreamsim(I)p. (1)

DreamSim similarity between two images is defined as
cosine similarity between the attribute-masked embeddings:

sim =
⟨v(IA;Mask), v(IB ;Mask)⟩

∥v(IA;Mask)∥2 ∥v(IB ;Mask)∥2
. (2)

For each method, we measure how well the midpoint
blend Imid preserves the target attribute region by comput-
ing: (1) sim(Imid, IA), (2) sim(Imid, IB), and (3) the aver-
age of these two scores.

As shown in Table 1, Vibe Space achieves the strongest
performance among concept-level blending methods, while
our CLIP Avg baseline remains the best-performing pixel-
level blending method.

The Attribute-Masked DreamSim metric does not fully
capture the differences between the methods. While the
scores for Vibe Space and the CLIP Avg baseline are nu-
merically similar in Table 1, Fig. 1 shows qualitative dis-
crepancies. Specifically, CLIP Avg fails to accurately cap-
ture the primary attributes, such as the mouth in the first
row, the hairstyle in the second row, and the hairstyle in the
third row. Instead, CLIP Avg often blends all possible at-
tributes simultaneously, whereas our Vibe Space approach
effectively prioritizes and blends the main attributes before
considering sub-attributes.

Figure 1. Limitation of quantitative evaluation. While CLIP Avg
achieved a higher score on the first three pairs, it fails to capture the
main attributes (mouth in the first row, hairstyle in the second row,
hairstyle in the third row) and instead blends all possible attributes.
Our Vibe Space, on the other hand, successfully blends the main
attributes without blending distracting attributes.
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Inputs VibeSpace AID DiffMorpher

Method Totally-Looks-Like Architecture

LPIPS Smooth.↑ LPIPS Consis.↓ FID↓ LPIPS Smooth.↑ LPIPS Consis.↓ FID↓

Vibe Space 0.874 (0.04) 0.226 (0.05) 134.70 0.876 (0.04) 0.223 (0.03) 64.81
AID 0.818 (0.05) 0.235 (0.03) 131.03 0.810 (0.05) 0.223 (0.03) 76.14
DiffMorpher 0.737 (0.05) 0.148 (0.03) 121.30 0.743 (0.05) 0.159 (0.03) 51.35

Figure 2. Standard metrics can be misleading. DiffMorpher
scores well on LPIPS/FID but produces qualitatively poor blends.

We also compare against standard metrics (LPIPS
smoothness, LPIPS consistency, FID) used by AID [6]. Re-
sults are in Fig. 2. Despite not being optimized for smooth-
ness, our method achieves the best smoothness score on
both the Totally Looks Like and Architecture datasets. Our
lower performance on consistency and FID is expected;
these metrics favor minimal pixel change, which is orthog-
onal to our goal of creative vibe blending.
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Attribute Masked DreamSim

High Difficulty Medium Difficulty Low Difficulty

Method Input 1 Input 2 Mean Input 1 Input 2 Mean Input 1 Input 2 Mean
Concept-level blending methods
VibeSpace (ours) 0.632 0.540 0.586 0.642 0.562 0.602 0.708 0.596 0.652
AID [6] 0.483 0.531 0.507 0.570 0.468 0.519 0.599 0.531 0.565
GPT [10] 0.412 0.336 0.374 0.314 0.290 0.302 0.444 0.355 0.399
Gemini [3] 0.410 0.388 0.399 0.300 0.285 0.292 0.518 0.454 0.486
Pixel-level blending methods
VibeSpace (pixel-level blending) 0.552 0.621 0.586 0.600 0.544 0.572 0.660 0.591 0.626
CLIP Avg (our baseline) 0.594 0.573 0.584 0.584 0.581 0.583 0.632 0.648 0.640
Yu et al. [19] 0.554 0.505 0.530 0.493 0.482 0.487 0.571 0.581 0.576
DiffMorpher [20] 0.390 0.483 0.437 0.440 0.586 0.513 0.547 0.591 0.569

Table 1. Comparison to current methods on the Totally Looks Like dataset [13]. We report Attribute-Masked DreamSim computed in three
steps: (1) the main shared attribute for each image pair is obtained from our user study; (2) an open-vocabulary segmentation model [8]
is used to generate a mask for this attribute; (3) DreamSim features are extracted and cosine similarity is computed only over the masked
region. For each method, the blended midpoint image is compared to both input images: the “Input 1” and “Input 2” columns report
DreamSim similarity between the midpoint and each input, respectively, and the “Mean” column reports their average. Bolded numbers
denote the best-performing method among concept-level methods and among pixel-level methods within their respective groups, underlined
numbers mark the second best.
Insights: (1) Vibe Space achieves the strongest performance among concept-level blending methods; (2) CLIP Avg—our baseline—is a
strong pixel-level method and performs best within its category.
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(a) User rated blend difficulty is: High.
User annotated main attribute: “Hair Style”

(b) User rated blend difficulty is: High.
User annotated main attribute: “Teeth and Eyes”

(c) User rated blend difficulty is: High.
User annotated main attribute: “Mouth Shape”

(d) User rated blend difficulty is: High.
User annotated main attribute: “Curly Hair”

Figure 3. Comparison to current methods. In this set of examples, blend difficulty is “High”. Insight: Our method captures the main
attribute, AID [6] failed to capture the main attribute and sometimes generate images unrelated to input 1 and input 2, Yu et. al [19] and
DiffMorpher [20] produce low-quality images. Although the visual difference between ours vs CLIP Avg is high—CLIP Avg does not
capture the main attribute while ours does—the quantitative measure in Table 1 shows small difference between Ours and CLIP Avg, this
highlights the limitation of quantitative metrics in evaluating Vibe Blending.
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(a) User rated blend difficulty is: Medium.
User annotated main attribute: “Facial Expression”

(b) User rated blend difficulty is: Medium.
User annotated main attribute: “Hair Style”

(c) User rated blend difficulty is: Medium.
User annotated main attribute: “Grin”

(d) User rated blend difficulty is: Medium.
User annotated main attribute: “Hair Style”

Figure 4. Comparison to current methods. In this set of examples, blend difficulty is “Medium”. Insight: Our method captures the main
attribute, AID [6] failed to capture the main attribute and sometimes generate images unrelated to input 1 and input 2, Yu et. al [19] and
DiffMorpher [20] produce low-quality images.
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(a) User rated blend difficulty is: Low.
User annotated main attribute: “Spiky Hair”

(b) User rated blend difficulty is: Low.
User annotated main attribute: “Grimace”

(c) User rated blend difficulty is: Low.
User annotated main attribute: “Hair Style”

(d) User rated blend difficulty is: Low.
User annotated main attribute: “Clothing”

Figure 5. Comparison to current methods. In this set of examples, blend difficulty is “Low”. Insight: Our method captures the main
attribute, AID [6] failed to capture the main attribute and sometimes generate images unrelated to input 1 and input 2, Yu et. al [19] and
DiffMorpher [20] produce low-quality images. The visual difference between Ours vs CLIP Avg is small—both methods can generate
coherent blend on the main attributes.
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(a) Architecture dataset. (b) Architecture dataset.

(c) Architecture dataset. (d) Architecture dataset.

Figure 6. Comparison to current methods. Insight: Our method captures the main attribute, AID [6] failed to capture the main attribute
and sometimes generate images unrelated to input 1 and input 2, Yu et. al [19] and DiffMorpher [20] produce low-quality images.
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B. Ablation Studies
We conduct a series of ablations to understand the con-
tribution of each component in Vibe Space. Experiments
are performed on the Totally-Looks-Like dataset and eval-
uated using Attribute-Masked DreamSim (see Section A).
Across all studies, we report performance separately for
high-, medium-, and low-difficulty image pairs.

Flag Loss. The flag loss aligns the learned Vibe Space
with the multiscale geometry of the underlying diffusion
map by matching the Gram matrix of Vibe features to the
flag-space kernel (see Equation (4)). This loss depends on
a set of scales M, where each m ∈ M corresponds to a
prefix of low-frequency Laplacian eigenvectors.

We ablate the following setting:
• multi-scale coarse-to-fine (M = {4, 8, . . . , 64})
• single-scale fine-only (M = {64})
• single-scale coarse-only (M = {4})
• no flag loss (M = ∅)

Results are shown in Table 2 and Fig. 8. Multi-
scale supervision provides the most robust performance
across all difficulty levels. Single-scale variants work well
only in specific regimes—fine-grained-only excels on low-
difficulty cases where attributes are small and localized;
coarse-only works best on high-difficulty pairs where fine-
grained attribute connections are hard to discover. Remov-
ing flag loss significantly degrades performance, confirming
that multiscale geometric alignment is essential for coherent
Vibe Blending.

Correspondence. Vibe Blending relies on region-level
correspondence between DINO token clusters in IA and IB
(see Section D.1). We ablate both the number of clusters
and the complete removal of correspondence.

In Table 3, using correspondence consistently outper-
forms removing it on medium- and low-difficulty cases.
When difficulty is high, using fewer clusters (e.g., 10) is
beneficial because high-difficulty pairs have less spatial
alignment, making fine-grained clustering unstable. With-
out correspondence (i.e., pixel-level blending), performance
is competitive only for high-difficulty pairs but fails on
medium/low cases and produces incoherent blends when
inputs are spatially misaligned (see qualitative examples
in Section D.1). Overall, correspondence is crucial for
concept-level blending.

DINO–CLIP Feature Mixing. Vibe Space is trained by
mapping dense DINO features into Vibe Space and decod-
ing back into CLIP space to leverage both fine-grained se-
mantics (DINO) and generative compatibility (CLIP). We
ablate this design by replacing DINO features with CLIP or
MAE features as the encoder input.

Input A Input BDINO → CLIP

Input A Input BMAE → CLIP

Figure 7. Vibe Blending with DINO→CLIP vs. MAE→CLIP.
MAE features failed to embed semantics thus produce poor blend.

We show qualitative comparison in Fig. 7, MAE-CLIP
fails to preserve instrument semantics and cannot produce
a coherent blend between the violin and guitar. The MAE-
trained Vibe path exhibits a semantic jump, which is cap-
tured as a localized region of high curvature along the Vibe
path. Across our Totally Looks Alike subset, the DINO-
trained Vibe path yields substantially lower max curvature
(23.16) than MAE (31.27).

We show quantitative comparison in Table 4, mixing
DINO and CLIP features achieves the best performance on
medium- and low-difficulty pairs. For the most challeng-
ing pairs, CLIP-only encoding sometimes performs slightly
better, likely because CLIP already captures high-level se-
mantics that dominate these pairs. However, DINO–CLIP
mixing remains the more stable choice across all difficulty
levels.
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Attribute Masked DreamSim

High Difficulty Medium Difficulty Low Difficulty

Method Input 1 Input 2 Mean Input 1 Input 2 Mean Input 1 Input 2 Mean
Multi-scale (coarse-to-fine)

M = {4, 8, . . . , 64} 0.626 0.420 0.523 0.669 0.490 0.580 0.668 0.618 0.643

Single-scale (fine)
M = {64} 0.650 0.459 0.554 0.621 0.490 0.555 0.731 0.573 0.652

Single-scale (coarse)
M = {4} 0.625 0.525 0.575 0.651 0.496 0.573 0.749 0.545 0.647

No flag loss
M = ∅ 0.450 0.579 0.514 0.568 0.545 0.556 0.658 0.546 0.602

Table 2. Ablation of our methods on the Totally-Looks-Like dataset. We report Attribute-Masked DreamSim computed in three steps: (1)
the main shared attribute for each image pair is obtained from our user study; (2) an open-vocabulary segmentation model [8] is used to
generate a mask for this attribute; (3) DreamSim features are extracted and cosine similarity is computed only over the masked region.
For each method, the blended midpoint image is compared to both input images: the “Input 1” and “Input 2” columns report DreamSim
similarity between the midpoint and each input, respectively, and the “Mean” column reports their average. Bold numbers denote the
best-performing method.
Insights: (1) With flag loss works better than no flag loss across all low-to-high difficulty cases. (2) Single-scale fine-grained-only works
best on low difficulty cases; coarse-only works best on high difficulty cases. Multi-scale works well on all cases, and multi-scale is more
robust than single-scale.

Attribute Masked DreamSim

High Difficulty Medium Difficulty Low Difficulty

Method Input 1 Input 2 Mean Input 1 Input 2 Mean Input 1 Input 2 Mean
w/ correspondence

nclusters = 10
0.632 0.540 0.586 0.592 0.572 0.582 0.714 0.557 0.636

w/ correspondence
nclusters = 20

0.681 0.451 0.566 0.617 0.554 0.585 0.724 0.555 0.639

w/ correspondence
nclusters = 30

0.658 0.466 0.562 0.642 0.562 0.602 0.710 0.552 0.631

w/ correspondence
nclusters = 40

0.581 0.545 0.563 0.625 0.517 0.571 0.708 0.596 0.652

w/ correspondence
nclusters = 50

0.630 0.459 0.544 0.640 0.532 0.586 0.720 0.540 0.630

w/o correspondence
(pixel-level blending) 0.552 0.621 0.586 0.600 0.544 0.572 0.660 0.591 0.626

Table 3. Ablation of our methods on the Totally-Looks-Like dataset. We report Attribute-Masked DreamSim computed in three steps: (1)
the main shared attribute for each image pair is obtained from our user study; (2) an open-vocabulary segmentation model [8] is used to
generate a mask for this attribute; (3) DreamSim features are extracted and cosine similarity is computed only over the masked region.
For each method, the blended midpoint image is compared to both input images: the “Input 1” and “Input 2” columns report DreamSim
similarity between the midpoint and each input, respectively, and the “Mean” column reports their average. Bold numbers denote the
best-performing method.
Insights: (1) When increasing blend difficulty from low to high, computing correspondence with less clusters works better, this is because
correspondence is harder to compute for large number of clusters on high difficulty cases (see Section D.1) (2) Although w/o correspon-
dence works great on high difficulty examples, it doesn’t work well on medium and low difficulty cases.
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Attribute Masked DreamSim

High Difficulty Medium Difficulty Low Difficulty

Method Input 1 Input 2 Mean Input 1 Input 2 Mean Input 1 Input 2 Mean
f : DINO → Vibe,
g : Vibe → CLIP 0.626 0.420 0.523 0.669 0.490 0.580 0.668 0.618 0.643

f : CLIP → Vibe,
g : Vibe → CLIP 0.648 0.444 0.546 0.731 0.422 0.577 0.665 0.492 0.579

Table 4. Ablation of our methods on the Totally-Looks-Like dataset. We report Attribute-Masked DreamSim computed in three steps: (1)
the main shared attribute for each image pair is obtained from our user study; (2) an open-vocabulary segmentation model [8] is used to
generate a mask for this attribute; (3) DreamSim features are extracted and cosine similarity is computed only over the masked region.
For each method, the blended midpoint image is compared to both input images: the “Input 1” and “Input 2” columns report DreamSim
similarity between the midpoint and each input, respectively, and the “Mean” column reports their average. Bold numbers denote the
best-performing method.
Insights: Mixing DINO and CLIP features works best on medium difficulty and low difficulty cases, however on high difficulty cases,
using CLIP without mixing DINO works better.
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Figure 8. Ablation study on Flag Loss. Insights: without flag loss,
the blending failed to capture the main attribute.
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C. Path Finding Details
C.1. Proof of Vibe Space Analytical Minimum
This section provides the mathematical justification for the
claim made in the main text: linear interpolation in Vibe
Space decodes to an approximate geodesic in the original
feature manifold. We show this by starting from the formu-
lation of the multiscale inverse diffusion map, rewriting it
in terms of the flag-space kernel, and then substituting the
geometric alignment constraint learned during Vibe Space
training. This results in a latent-space surrogate objective
whose unique minimizer is exactly the linear interpolation
between endpoints.

Notation Recap.
• x ∈ R(HW )×D : DINO feature tokens.
• f : encoder mapping tokens to Vibe Space.
• z ∈ R(HW )×d: Vibe Space embeddings, z = f(x).
• g: decoder mapping Vibe Space to CLIP feature space.
• Ψ1:mk(x) ∈ R(HW )×mk : first mk diffusion-map

eigenvectors.
• M = {m1, . . . ,mk}: set of multiscale truncation lev-

els.
• S(Ψ(x)): flag-space kernel

Sij(Ψ(x)) =
1

|M|
∑

mk∈M
Ψ1:mk(xi)Ψ

1:mk(xj)
⊤.

• zA, zB : latent endpoints.
• α ∈ [0, 1]: interpolation weights.
• γ(α): path in original manifold.
• zα: latent interpolation: zα,i = (1− α)zA + α zB .

Inverse Diffusion Map in Flag-Space Kernel Form
Given interpolated diffusion map coordinates

Ψt(xα) = (1− α)Ψt(xA) + αΨt(xB),

the multiscale inverse diffusion map seeks

γ(α) = argmin
x∗

1

|M|
∑

mk∈M

∥∥Ψ1:mk
t (x∗)−Ψ1:mk

t (xα)
∥∥2
2
.

(A.1)
Expand the squared norm∥∥Ψ1:mk
t (x∗)−Ψ1:mk

t (xα)
∥∥2
2
=

∥∥Ψ1:mk
t (x∗)

∥∥2
2

(3)

+
∥∥Ψ1:mk

t (xα)
∥∥2
2

− 2
〈
Ψ1:mk

t (x∗),Ψ1:mk
t (xα)

〉
.

(A.2)

Summing (A.2) over all mk ∈ M produces three corre-
sponding sums:

• Term 1: 1
|M|

∑
mk

∥Ψ1:mk
t (x∗)∥22 collects all in-

ner products ⟨Ψ1:mk
t (x∗

i ), Ψ
1:mk
t (x∗

i )⟩ across scales.
Across tokens, these are exactly the diagonal entries of
the flag-space kernel S(Ψ(x∗)).

• Term 2: 1
|M|

∑
mk

∥Ψ1:mk
t (xα)∥22 does not depend on

x∗ and is absorbed into a constant.
• Term 3 (cross term):

2

|M|
∑
mk

〈
Ψ1:mk

t (x∗),Ψ1:mk
t (xα)

〉
.

Element-wise, each pair of tokens (i, j) contributes

1

|M|
∑
mk

Ψ1:mk(x∗
i )Ψ

1:mk(xα,j)
⊤,

which is precisely the (i, j) entry of the kernel
S(Ψ(x∗)) matched to S(Ψ(xα)).

Putting the three terms together, the entire objective in
(A.1) is the Frobenius norm between the two corresponding
flag-space kernel matrices:

γ(α) = argmin
x∗

∥∥S(Ψ(x∗))− S(Ψ(xα))
∥∥2
F
. (A.3)

Thus the inverse diffusion map reduces to matching mul-
tiscale flag-space kernels.

Vibe Space Approximation. Vibe Space training en-
forces the alignment between Gram matrix zz⊤ and flag-
space kernel S(Ψ(x))

zz⊤ ≈ S(Ψ(x)), z = f(x). (A.4)

Let z∗ = f(x∗) and zα = (1−α) zA+α zB . Substitut-
ing (A.4) into (A.3) gives the latent surrogate:

z∗ = argmin
z

∥∥zz⊤ − zαz
⊤
α

∥∥2
F

. (A.5)

Because the Gram matrix zz⊤ matches zαz
⊤
α uniquely

when z = zα, the unique minimal is

z∗ = zα . (A.6)

Thus γ(α) ≈ g(zα), i.e., linear interpolation in Vibe
Space provides a closed-form approximation to the multi-
scale inverse-diffusion geodesic.

C.2. Graph Laplacian and Diffusion Map
Affinity graph and Laplacian. Let {xi}Ni=1 denote the
DINO feature tokens used as graph nodes. We construct a
weighted affinity graph with

Wij = exp

(
−∥xi − xj∥22

σ2

)
, Dii =

N∑
j=1

Wij ,

(A.7)
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where σ > 0 is a bandwidth parameter. We set σ2 =∑
d Var(x

(d)
i ) to match the global feature variance, ensur-

ing that the affinity kernel adapts to the scale of the DINO
feature distribution.

The graph Laplacian is

L = D−W. (A.8)

The corresponding random-walk diffusion operator is the
row-stochastic matrix

P = D−1W, (A.9)

where Pij gives the one-step transition probability from
node i to node j.

Nyström approximation. Constructing the full affinity
matrix W ∈ RN×N is O(N2) in memory and compute,
which is prohibitive for tens of thousands of DINO tokens
per image. We therefore employ the Nyström approxima-
tion [16]:
• Sample a subset of S ≪ N anchor tokens.
• Form the subgraph affinities WSS exactly.
• Compute cross-affinities WNS between all nodes and

anchors.
• Approximate the full kernel by

W̃ = WNS W−1
SS W⊤

NS . (A.10)

This reduces the eigen-decomposition cost from O(N3)
to O(S3) and the kernel construction cost from O(N2) to
O(NS). In practice, we use S = 500; the graph eigenvec-
tors can be computed in milliseconds.

Generalized eigenproblem. The diffusion-map coordi-
nates are obtained by solving

LΨ = λDΨ, (A.11)

which is equivalent to diagonalizing the diffusion operator:

PΨ = (1− λ)Ψ. (A.12)

D. Vibe Space Details
D.1. Correspondence Matching
To ensure that the “vibe” transition preserves semantic
structure (e.g., blending a head to another head rather than
to a background element), we establish a semantic corre-
spondence π between the input images. This corresponds
to the ‘Match’ function in Algorithms 1 and 2. Since pixel-
wise matching is computationally expensive and noisy, we
operate on semantic regions derived from DINO features.

As shown in Fig. 9, we first segment each image into
k distinct semantic regions using NCut [16]. Given the

DINO feature tokens xdino, we construct a token-wise affin-
ity graph and compute the leading eigenvectors of the graph
Laplacian. We then discretize these eigenvectors into seg-
mentation masks using a k-way clustering approach. This
results in a set of masks {Mask1, . . . ,Maskk} for each im-
age, grouping visually and semantically similar patches.

Figure 9. Examples of correspondence matching. We use NCut
clustering [16] and Hungarian matching to compute correspon-
dence between segments.

For each identified segment i, we compute a representa-
tive feature centroid ci. This is calculated by averaging the
DINO feature embeddings of all patch tokens belonging to
that segment:

ci =
1

|Maski|
∑

p∈Maski

xdino
p , (4)

where p represents the token indices within the mask Maski.
To define the correspondence mapping π, we formulate

the problem as a linear assignment task. We compute a
cost matrix C ∈ Rk×k representing the pairwise feature
distances between the cluster centroids of the source image
IA and the target image IB :

Cij = ∥c(A)
i − c

(B)
j ∥2. (5)

We apply the Hungarian algorithm to find the optimal bi-
jection that minimizes the total feature distance between
matched segments. This mapping π allows us to compute
the vibe displacement ∆A→B relative to the corresponding
semantic structures in the Vibe Space.
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A B A’ B’

Figure 10. Vibe Analogy examples. Vibe Analogy can transfer the
vibe of images A→ B to another non-trivial but related image A′

to generate B′. Examples of transferred vibes are human-object
interaction and art styles between similar facial expressions.

Algorithm 1 Vibe Analogy

Input: Images (IA, IB , IA′), image features (xdino,xclip)
Output: Generated intermediate images {Iα}α∈[0,1]

1: Wij = exp(− ∥xdino
i −xdino

j ∥2

σ2 ), Dii =
∑

j Wij ▷ Graph
2: (D−W)Ψ(xdino) = λDΨ(xdino) ▷ Graph Diffusion Map
3: f, g ← Train(xclip,xdino,Ψ(xdino)) ▷ Train Vibe Space
4: zA = f(xdino

A ); zB = f(xdino
B );

5: zA′ = f(xdino
A′ ) ▷ Encode vibe

6: πB↔A ← Match(xdino
A ,xdino

B )
7: πA↔A′ ← Match(xdino

A ,xdino
A′ ) ▷ Cluster correspondence

8: ∆A→B = πB↔A(zB)− zA
9: ∆A′→B′ = πA↔A′(∆A→B) ▷ Path direction

10: for α ∈ [0, 1] do
11: zα = zA′ + α∆A′→B′ ▷ Path interpolation
12: xclip

α = g(zα) ▷ Decode vibe
13: Iα ← IPAdapter(xclip

α ) ▷ Generate image
14: end for

D.2. Vibe Analogy

Vibe Analogy applies the semantic transformation observed
between a reference pair (IA, IB) to a new subject IA′ , as
shown in Fig. 10. The procedure is detailed in Algorithm 1.

We first compute the Vibe Space for all three images
IA, IB , IA′ simultaneously (Lines 1-5). We extract DINO
features xdino, construct the joint affinity graph, and train
the encoder-decoder pair (f, g) to map between the shared
spectral manifold and CLIP space. We then encode all three

inputs into the Vibe Space to obtain zA, zB , and zA′ .
To transfer the “vibe” from the reference pair to the new

subject, we must establish a correspondence chain (Lines
6-7). Using the matching procedure defined in Section D.1,
we compute two distinct mappings: (1) πA↔B matches se-
mantic segments in the reference source IA to the reference
target IB . (2) πA↔A′ matches semantic segments in the new
subject IA′ to the reference source IA.

We define the “vibe” as the displacement field ∆A→B

between semantically corresponding regions in the refer-
ence pair. For a cluster centroid c

(A)
i and its match c

(B)
j

(where j = πA↔B(i)), the local displacement is vi =

c
(B)
j − c

(A)
i .

To transfer this vibe to IA′ , we use the mapping πA↔A′

to pull the appropriate displacement vector for each seg-
ment in A′ (Lines 8-9). For a segment k in IA′ , if it maps to
segment i in IA (i.e., i = πA↔A′(k)), we assign it the dis-
placement vi. This constructs the target displacement field
∆A′→B′ , ensuring that the specific semantic transformation
(e.g., “turning a face into a flower”) is applied to the correct
anatomical regions of the new subject.

Finally, we generate the output image IB′ by applying
the transferred displacement field to the latent code of the
new subject (Lines 10-13): zα = zA′ + α∆A′→B′ . This
latent path is decoded by g into CLIP space and rendered
via IP-Adapter [17].

D.3. Negative Vibe Control
The Principle of Vibe Subtraction. Conceptually, our
goal is to “subtract” the negative vibe from the positive vibe.
In the geometric framework of Vibe Space, both positive
and negative vibes can be represented as subspaces spanned
by the eigenvectors of their respective graph Laplacians.
The positive subspace, spanned by Ψpos, contains the de-
sired attributes, while the negative subspace, spanned by
Ψneg, contains the unwanted ones.

It is highly probable that these subspaces are not orthog-
onal; they share common components. For instance, if the
positive vibe is “rotation” and “style change” (??), and the
negative vibe is “style change,” both subspaces will con-
tain eigenvectors related to texture, color palette, and artistic
rendering. To isolate “rotation,” we must remove the “style
change” components from the positive vibe’s basis.

We achieve this by orthogonalizing the positive basis
vectors against the negative basis vectors. This process ef-
fectively projects Ψpos onto a new basis, Ψfiltered, that is or-
thogonal to the subspace of Ψneg. The mathematical formu-
lation for this operation in the flag-space hierarchy is:

Ψfiltered = Ψpos − β ·Ψneg
(
(Ψneg)

⊤Ψpos
)
. (6)

Here, we assume the eigenvectors forming the columns of
Ψneg are orthonormal. The term Ψneg((Ψneg)

⊤Ψpos) thus
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Generated Blend PathImplicit VibesBlending Pair (Ipos)

Subtract Negative Vibes

Negative Pair (Ineg)

Material

Rounded shape

Angular shape

White color

Figure 11. Negative vibe control. Vibe attributes are implicitly extracted by Vibe Space. The blending pair defines desired vibes (rounded
shape and material). The negative pair defines vibes to suppress (angular shape and white color). Blending without negative examples may
transfer more attributes than desired. Subtracting the negative vibes, we better preserve the rounded shape and tan color of the building.

represents the orthogonal projection of the positive eigen-
vectors onto the subspace spanned by the negative eigen-
vectors. By subtracting this projection, we are left with
the component of the positive vibe that is orthogonal to the
negative vibe. The hyperparameter β controls the strength
of this subtraction: β = 1 performs full orthogonalization,
while β > 1 can be used to actively push the resulting vibe
away from the negative attributes.

Learning a Filtered Vibe Space. To incorporate negative
vibes into our framework, we modify the training objective
of the Vibe Space autoencoder. Instead of training the en-
coder f to match the geometry of the positive flag-space
kernel S(Ψ(xpos)), we train it to match the kernel of the
filtered basis, S(Ψfiltered).

The flag-space encoder loss from Eq. (4) becomes:

Lflag enc(f) = ∥zz⊤ − S(Ψfiltered)∥2F , (7)

where z = f(xpos). The encoder f is trained only on the
positive exemplars xpos, but the target geometry S(Ψfiltered)
is now computed from both the positive (Ψpos) and negative
(Ψneg) eigenvector sets. Fig. 11 shows an example of a vibe
blending path with and without negative exemplars.

D.4. Vibe Visualization by Gradient
To understand which specific visual attributes drive the ge-
ometric alignment in Vibe Space, we propose a gradient-
based visualization method. Since our framework relies on
DINO features for semantic correspondence and graph con-
struction, we identify the specific feature channels within
the high-dimensional DINO embedding that are most re-
sponsible for a specific semantic region or “vibe”.

We leverage the differentiability of the spectral cluster-
ing process. Let X ∈ RN×C denote the extracted DINO
feature tokens for an images, where N is the number of
patches and C is the feature dimension. We compute the
generalized eigenvectors Ψ of the graph Laplacian L.

Algorithm 2 Vibe Blending with Negative Vibe Control

Input: Pos images (IA, IB) with pos image features (xdino
pos ,x

clip
pos ),

Neg images (IA, IC) with neg image features (xdino
neg )

Output: Generated intermediate images {Iα}α∈[0,1]

1: Wpos,Dpos ← ComputeAffinity(xdino
pos ) ▷ Pos graph

2: Wneg,Dneg ← ComputeAffinity(xdino
neg ) ▷ Neg graph

3: Ψpos ← GraphDiffusionMap(Wpos,Dpos) ▷ Pos eigvecs
4: Ψneg ← GraphDiffusionMap(Wneg,Dneg) ▷ Neg eigvecs
5: Ψfiltered ← Ψpos − β ·Ψneg(Ψ

⊤
negΨpos) ▷ Orthogonalize

6: f, g ← Train(xclip
pos ,x

dino
pos ,Ψfiltered) ▷ Train Vibe Space

7: zA ← f(xdino
A ); zB ← f(xdino

B ) ▷ Encode pos vibes
8: π ← Match(xdino

A ,xdino
B ) ▷ Cluster correspondence

9: ∆A→B ← π(zB)− zA ▷ Path direction in filtered space
10: for α ∈ [0, 1] do
11: zα ← zA + α ·∆A→B ▷ Path interpolation
12: xclip

α ← g(zα) ▷ Decode vibe
13: Iα ← IPAdapter(xclip

α ) ▷ Generate image
14: end for

To visualize the features corresponding to a specific se-
mantic cluster k (e.g., the foreground object), we first ob-
tain the discretized cluster indicator yk ∈ {0, 1}N from the
eigenvectors via k-way Ncut [18]. We the define a maxi-
mization objective Lvis to identify the feature channels con-
tributing to this cluster:

Lvis = − 1

|Maskk|
∑

i∈Maskk

|Ψi,k|, (8)

where Maskk is the set of indices belonging to cluster
k, and Ψ·,k is the eigenvector corresponding to that cluster.
We treat the input features X as a learnable parameter with
respect to this loss. By computing the gradient ∇XLvis via
backpropagation through the eigendecomposition, we ob-
tain a saliency map G ∈ RN×C :

G = ∇XLvis. (9)
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Figure 12. Heatmaps illustrating the top-ranked DINO channels corresponding to the coarse and fine attributes shared by the input images.
For example, in the second row, the coarse attributes may include the body pose and object identity, while the fine-grained attributes include
the hand-object interaction.

We then aggregate the gradients across the spatial dimen-
sions of the cluster mask to score each feature channel c:

sc =
1

|Maskk|
∑

i∈Maskk

Gi,c. (10)

The channels with the highest scores sc represent the
specific DINO feature dimensions encoding the attribute.
We visualize these top-ranked channels as heatmaps as
shown in Fig. 12.

D.5. Vibe Blending: Selecting the Optimal Blend
Weight α via Dip in CLIP Consistency

Selecting a single representative frame from the generated
continuous blend path is non-trivial. A naive choice, such as
the midpoint α = 0.5, often fails to capture the most com-
pelling hybrid. This stems from the inherent asymmetry of
our correspondence-based interpolation: we compute a se-
mantic displacement field ∆A→B and add it to the token
clusters of the source image IA. Since the transformation is
anchored to the source image’s semantic structure, the con-
ceptual transition is not perfectly linear with respect to α.
Consequently, the point of optimal blending may shift away
from α = 0.5, requiring an adaptive selection strategy.

To address this, we propose an automated procedure to
select the optimal α by identifying the point of greatest con-
ceptual transition along the blend path. Our intuition is that
the most challenging point for the generative model to ren-
der often represents the most novel synthesis of attributes.

We formalize this procedure in Algorithm 3, which mea-
sures the consistency between an “ideal” path decoded from

Input A 𝛼 = 0.1 𝛼 = 0.2 𝛼 = 0.3 𝛼 = 0.4 𝛼 = 0.5

𝛼 = 0.6 𝛼 = 0.7 𝛼 = 0.8 𝛼 = 0.9 Input B

= blend of 
minimal CLIP 
consistency

Figure 13. Our method generates a continuous path of blends for
any interpolation weight α ∈ [0, 1]. We propose an automated
procedure to select the best α by identifying the point of great-
est conceptual transition along the blend path. Specifically, we
compute a consistency score to measure the difference between an
“ideal” path decoded from Vibe Space and a “realized” path ob-
tained by re-encoding the generated images. In this example, the
optimal weight α∗ = 0.6 as determined by the “dip” in the score.
Qualitatively, we observe that the α∗ obtained via this algorithm
achieves the best creative blend of the inputs, and we use this ap-
proach for our evaluation.

Vibe Space and a “realized” path obtained by re-encoding
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Input A 𝛼 = 0.1 𝛼 = 0.2 𝛼 = 0.3 𝛼 = 0.4 𝛼 = 0.5 𝛼 = 0.6 𝛼 = 0.7 𝛼 = 0.8 𝛼 = 0.9 Input B

= blend of minimal CLIP consistency

Figure 14. Examples of blended images selected via the optimal blend weight α∗ determined by our “dip” in CLIP consistency score,
described in Fig. 13. We observe that the “dip” in consistency score generally results in the best blend of the relevant attributes in both
input images.

the generated images. The point of minimum consistency,
or the “dip” in the score, identifies our target α∗.

Algorithm 3 Optimal Blend Selection (α∗)
Input: Vibe decoder g, vibe endpoints zA, zB , source image IA,

candidate steps Asteps ⊂ [0, 1]
Output: Optimal interpolation weight α∗

1: Slist ← [] ▷ Initialize list to store scores
2: for α ∈ Asteps do
3: zα ← (1− α)zA + αzB ▷ Interpolate in Vibe Space
4: xideal

α ← g(zα) ▷ Ideal Path: Decode to CLIP space
5: Iα ← IPAdapter(xideal

α ) ▷ Generate image
6: xrealized

α ← CLIP(Iα) ▷ Realized Path: Re-encode image
7: πα, Cdown

A , Cdown
α ← ComputeCorrespondence(IA, Iα) ▷

Correspondence: See Appendix D.1
8: Sα ← ComputeConsistency(xideal

α ,xrealized
α , πα, Cdown

A ) ▷
Score: See Eq. 11

9: Slist.append(Sα)
10: end for
11: i∗ ← argmin(Slist) ▷ Identify Dip: Find index of min score
12: α∗ ← Asteps[i

∗]
13: return α∗

The core of this procedure involves generating and com-
paring two conceptual paths for each candidate α. As
shown in Algorithm 3 (lines 3-6), the ideal path is formed
by decoding the Vibe Space interpolation directly into CLIP
space, representing the intended manifold-respecting trajec-
tory. The realized path is formed by generating a pixel-
space image with the IP-Adapter and then re-encoding it
with CLIP, representing what the model actually produces.

A direct token-wise comparison of these paths is brittle
to minor spatial shifts. Therefore, we establish a robust se-
mantic correspondence between the source image IA and
each generated image Iα (line 7). We use DINO features
to perform spectral clustering on both images, segmenting

them into meaningful regions. The Hungarian algorithm is
then used to find an optimal matching πα between the clus-
ter centers. With the correspondence established, we com-
pute the consistency score Sα (line 8). For each semantic
region c in the source image, we calculate its mean CLIP
feature vector along both the ideal path, µideal

c , and the cor-
responding realized path, µrealized

c :

µideal
c (α) = mean(xideal

α [c])

µrealized
c (α) = mean(xrealized

α [πα(c)])

The overall score is the average cosine similarity over all
matched cluster pairs:

S(α) =
1

|CA|
∑
c∈CA

cos
(
µideal
c (α), µrealized

c (α)
)

(11)

where CA is the set of source clusters and x[c] denotes the
CLIP tokens belonging to cluster c.

Finally, the optimal interpolation weight α∗ is selected
as the one that minimizes this consistency score (lines 10-
11). This “dip” in consistency marks the point of great-
est semantic tension and, frequently, the most creative and
compelling synthesis of the two concepts (Fig. 13). Fig. 14
shows examples of selecting α∗ across a blend trajectory.

D.6. Vibe Blending: Training with Many Images
Vibe Space can be trained with more than two images,
and using additional related images helps in identifying the
main attributes. Algorithm 4 outlines the steps for training
Vibe Space with multiple additional images. The key dif-
ference between ?? and Algorithm 4 is that the latter uses
more images to solve the graph diffusion map Ψ and train
the Vibe Space. However, the blending process is still exe-
cuted using two images.
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Fig. 15 presents qualitative examples comparing training
with only two images to training with additional images.
The middle blend, when additional images are included,
successfully captures the “glass window” vibe when trained
with extra images featuring glass windows.

Algorithm 4 Vibe Blending with extra images

Input: Multiple images (IA, IB , . . . ), image features for all im-
ages (xdino,xclip)

Output: Generated intermediate images {Iα}α∈[0,1]

1: Wij = exp(− ∥xdino
i −xdino

j ∥2

σ2 ), Dii =
∑

j Wij ▷ Graph
2: (D−W)Ψ(xdino) = λDΨ(xdino) ▷ Graph Diffusion Map
3: f, g ← Train(xclip,xdino,Ψ(xdino)) ▷ Train Vibe Space (all

images)
4: zA = f(xdino

A ); zB = f(xdino
B ) ▷ Encode vibe (two images)

5: π ← Match(xdino
A ,xdino

B ) ▷ Cluster correspondence
6: ∆A→B = π(zB)− zA ▷ Path direction
7: for α ∈ [0, 1] do
8: zα = zA + α∆A→B ▷ Path interpolation
9: xclip

α = g(zα) ▷ Decode vibe
10: Iα ← IPAdapter(xclip

α ) ▷ Generate image
11: end for

D.7. Extrapolating Vibe Blending Paths
Since our framework constructs a locally linear manifold,
we are not limited to interpolation within the convex hull of
the input images (α ∈ [0, 1]). We can perform extrapolation
by setting the interpolation weight α > 1, effectively con-
tinuing along the geodesic path defined by the displacement
vector ∆A→B . We observe that this can yield an exagger-
ating effect, where specific visual characteristics are ampli-
fied beyond their presence in the target image IB (Fig. 16).

D.8. N-Image Blending
We extend our framework to blend N images {I1, . . . , IN}
simultaneously, enabling applications such as barycentric
interpolation within a triangle of concepts (Fig. 17).

Unlike pairwise blending, establishing consistent multi-
way correspondence is non-trivial. We designate one in-
put as the base image (Ibase), which serves as the structural
anchor for the blend. We then compute N − 1 pairwise
correspondence mappings, aligning the semantic clusters of
every other image Ik to the clusters of the base image:

πk→base = Match(xdino
base,x

dino
k )

where πk→base maps a cluster index in the base image to the
corresponding cluster index in image k.

With semantic correspondences established across all in-
puts, we generalize the path interpolation logic to a multi-
way vector summation. Let {α1, . . . , αN} be the scalar
interpolation weights for the N images. We generate the

blended latent code zblend by starting with the base em-
bedding and accumulating the weighted semantic displace-
ments from all other images.

For a specific semantic region (cluster) i in the base im-
age, let c(base)

i be its centroid in Vibe Space. For every other
image k, the centroid of the corresponding matched cluster
is c

(k)
j , where j = πk↔base(i). The blending equation for

tokens belonging to region i is:

zblend[i] = zbase[i] +

N∑
k=1

αk

(
c
(k)
πk↔base(i)

− c
(base)
i

)
This formulation computes a weighted average of the “vibe”
displacements relative to the base structure. If αk = 1 (and
all others 0), the term simplifies to shifting the base embed-
ding by the exact vector difference between the base and
target k, approximating a full morph to image k. The re-
sulting zblend is decoded into CLIP space and rendered via
the IP-Adapter [17].

E. Implementation Details
E.1. Training Procedure
We train the encoder–decoder (f, g) for each image pair in-
dependently using a lightweight MLP architecture.
• Optimizer: Adam (learning rate = 0.001).
• Batch size: 2 images.
• Total iterations: 1000 steps.
• MLP layers: 4.
• MLP hidden dimension: 256.
• Number of Parameters: 0.72M.

Vibe Blending running time is under 30 seconds on a
RTX4090 GPU. In Algorithm 4 lines 1-2, solving the graph
diffusion map for 2-5 images (512 input image resolution,
1024 DINO tokens each image) only takes milliseconds
with the help of Nyström approximation [16]. In Algo-
rithm 4 line 3, training encoder-decoder MLPs for 1000
steps takes 15 seconds. In Algorithm 4 line 5, comput-
ing correspondence matching takes milliseconds. In Al-
gorithm 4 line 10, image generation with Stable Diffusion
takes 2 seconds per image.

Memory usage is under 1GB for graph diffusion map and
training the Vibe Space. Memory usage is 12GB after load-
ing the Stable Diffusion model.

E.2. Loss Balancing
Our full training objective is:

L = λflag encLflag enc + λflag decLflag dec

+ λsampleLsample + λreconLrecon
(12)

The loss terms include:

18



Figure 15. Vibe Blending with extra image training. We compare training Vibe Space with only two images (middle row) and with five
images (bottom row), input images and extra images are in the first row. Training with extra glass window images helps capture the “glass
window” vibe, resulting in a glass texture pyramid in the middle-blend image.

• Lflag enc, Lflag dec: multiscale flag-space geometry preser-
vation for the encoder f and decoder g respectively.

Lflag enc(f) =
∥∥zz⊤ − S(Ψ(x))

∥∥2
2
,

Lflag dec(f, g) =
∥∥zz⊤ − S(Ψ(g(z)))

∥∥2
2
,

z = f(x),

• Lsample: flag-space geometry consistency in extrapolated
space, for the decoder.

Lsample(g) =
∥∥zsamplez

⊤
sample − S

(
Ψ
(
g(zsample)

)) ∥∥2
2
.

• Lrecon: Reconstruct CLIP features.

Lrecon(f, g) = ∥xclip − g(f(xdino))∥22.

Loss weight balancing:

λflag enc = 1, λflag dec = 0.01, λsample = 0.01, λrecon = 1,

We observe that Lflag dec and Lsample can overwhelm the
CLIP feature reconstruction loss Lrecon, this leads to poor
image generation quality. Thus, we down-weighted Lflag dec
and Lsample by a factor of 0.01. Additionally, Lsample can
cause training instability (NaN) during the warm-up peri-
ods, thus we only apply Lsample after first 500 steps of train-
ing iterations.

F. Additional Evaluation Details

F.1. LLMs for Generating and Evaluating Blends

Vibe Blending involves reasoning about the relevant visual
attributes shared between images, and then coherently fus-
ing these attributes. Accordingly, we compare our method
with multimodal LLMs that exhibit strong visual reason-
ing capabilities, such as Gemini 2.5 Flash Image [3] and
GPT Image 1 [10]. To promote their reasoning for this task,
we use chain-of-thought prompting [14] inspired by Peng
et al. [11]. Specifically, we ask Gemini to (1) identify the
main objects in each input image, (2) recognize the main vi-
sual attributes that are similar between the images, and (3)
generate an image that creatively blends these attributes, as
shown in Fig. 18. Since the OpenAI API does not provide
a public model that supports multi-turn conversations with
both image and text inputs—and image and text outputs—
we combine these steps into a single prompt for GPT [10].
The full prompts for generating blends are presented below.
The parentheses indicate (inputs → outputs) where IA and
IB are input images, Iblend is the blended output, T denotes
text, and ∅ denotes no additional inputs besides the prompt.
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Input A 𝛼 = 0.2 𝛼 = 0.4 𝛼 = 0.6 𝛼 = 0.8

𝛼 = 1.0 𝛼 = 1.2 𝛼 = 1.4 𝛼 = 1.6 𝛼 = 1.8 𝛼 = 2.0

Input B

Input A
Interpolate

Interpolate

Extrapolate

Extrapolate

𝛼 = 0.2 𝛼 = 0.4 𝛼 = 0.6 𝛼 = 0.8

𝛼 = 1.0 𝛼 = 1.2 𝛼 = 1.4 𝛼 = 1.6 𝛼 = 1.8 𝛼 = 2.0

Input B

Figure 16. Paths computed by Vibe Blending can be extrapolated
to exaggerate attributes. Top: Extrapolating the path from a dog
to a fish emphasizes the body shape of the fish and some elements
of the background. However, extrapolation behavior is not well
controlled at higher weights. Bottom: Extrapolating from an or-
ange sports car to a red sedan continues the color shift, resulting
in further darkening.

Gemini 2.5 Flash Image Blending Prompt

(IA → T) Identify the object in this first input image.

(IB → T) Identify the object in this second input image.

(∅ → T) I want to blend the objects in both images so
their main visual attributes merge into a single, coherent
hybrid. First, identify the main visual attributes that are
shared by the input images, such as facial expression,
hair style, or object shape. Additionally, interpret what
the blend of objects might be intended to convey.

(∅ → Iblend) Based on all previous turns, generate an
image that blends the main attributes in the input im-
ages. The output should not be a collage, overlay, or
style transfer. You may modify any image region.

GPT Image 1 Blending Prompt

(IA, IB → Iblend) Generate an image that blends the ob-
jects in the input images so their main visual attributes
merge into a single, coherent hybrid. First, identify the
main visual attributes that are shared by the input images,
such as facial expression, hair style, or object shape. Sec-

Figure 17. N-Image Blending extends Vibe Blending to an arbi-
trary number of images. In this visualization, we show 3-Image
Blending between a dog, ram, and horse. The top image (dog) is
used as the base image to anchor correspondence matching and
blending.

ond, blend the main attributes in the images. The output
should not be a collage, overlay, or style transfer. You
may modify any image region.

We also employ an LLM to judge the output blends from
different methods using a similar step-by-step reasoning ap-
proach. We ask GPT-5 [9] to (1) identify the main objects
in each input image; (2) recognize the main visual attributes
that are similar between the images; (3) for each output, as-
sess how well it blends the main attributes; and (4) choose
the best blended output and provide reasoning. An abbrevi-
ated example chat is shown in Fig. 19. The full prompt for
evaluating blends is provided below.

LLM Judge Evaluation Prompt

(IA → T) Identify the object in this first input image.

(IB → T) Identify the object in this second input image.

(∅ → T) I want to blend the objects in both images so
their visual attributes merge into a single, coherent hy-
brid concept. First, identify the main visual attributes
that are similar between the inputs, such as facial expres-
sion, hair style, or object shape. Additionally, interpret
what the blend of objects might be intended to convey.
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“Identify the object in this 
first input image.”

Inputs Gemini Outputs

“Identify the object in this 
second input image.”

“I want to blend the objects in both images 
so their main visual attributes merge into a 
single, coherent hybrid. First, identify the 
main visual attributes that are shared by 
the input images, such as facial expression, 
hair style, or object shape. Additionally, 
interpret what the blend of objects might 
be intended to convey.”

“The object in the first input image is Richard Nixon. He was the 37th President of the United States.”

“The object in the second input image is an eggplant with an unusual growth, making it appear phallic.”

Shared attribute for blending:

Object Shape/Form: The most significant "shared" attribute, however, comes from the prominent protruding 
element on the eggplant.



The blend of these objects might be intended to convey several things, often with a satirical or critical undertone:

Caricature or lampooning

Symbolism of absurdity or corruption

Visual Metaphor for "Nose" or "Lie"

Discomfort or Grotesqueness

Main visual attributes from the first image:

Strong, somewhat stern facial expression

Distinctive hair part and receding hairline

Formal attire

Overall human form

Main visual attributes from the second image:

Purple, glossy skin

Elongated, somewhat pear-like main body shape

Distinct, protruding appendage

Green stem/calyx

“Based on all previous turns, generate an 
image that blends the main attributes in the 
input images. The output should not be a 
collage, overlay, or style transfer. You may 
modify any image region.”

Figure 18. Example chat with Gemini [3] to generate a creative blend.

LLM Judge Evaluation Prompt (continued)

(∅ → T) Assess how well this first output image blends
the main attributes in both input images.

(∅ → T) Assess how well this second output image
blends the main attributes in both input images.

(∅ → T) Assess how well this third output image blends
the main attributes in both input images.

(∅ → T) Assess how well this fourth output image
blends the main attributes in both input images.

(∅ → T) Based on all previous turns, which output im-
age (1, 2, 3, or 4) best blends the main attributes in both
input images? Do not pick any output that does not per-
form blending, such as a collage, overlay, style transfer,
or juxtaposition of the inputs. Do not pick any output
that preserves the exact structure or identity of the inputs.
Do not pick any output that is a part-level composition,
where parts of one input are simply attached to parts of
the other input. Provide your reasoning.

Fig. 20 illustrates examples where human raters and the
LLM judge agree and disagree on the best blended output.
We observe that common LLM failure cases include iden-

tifying extra irrelevant attributes such as body pose, color
palette, and image composition.

F.2. User Study Details
Human-Rated Creative Potential vs. Blend Difficulty.
We conducted a user study with ten human participants to
compare 44 image pairs sourced from the Totally Looks
Like dataset [13]. Fig. 22 shows the prompt to users and
examples with high rater agreement. Participants were pre-
sented with two image pairs side-by-side and asked to select
which of the two pairs exhibited a higher Creative Potential
and which exhibited a higher Blend Difficulty. They per-
formed a total of 110 side-by-side comparisons, ensuring
each of the 44 image pairs was included in 5 unique com-
parisons. We then fit a Bradley-Terry model [2] to these
comparison ratings to produce a robust ranking of Creative
Potential and Blend Difficulty across image pairs. Finally,
we used these continuous Bradley-Terry scores to catego-
rize the image pairs into low, medium, and high bins, as
depicted in Fig. 21.

Human Preference of Creative Blends. We conducted
another user study to assess the quality of blended out-
puts generated by different methods using input image pairs
from Totally Looks Like [13]. Fig. 23 (a) displays the
prompt given to participants, who answered two subques-
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“Identify the object in this 
first input image.”

Inputs LLM Outputs

“Identify the object in this 
second input image.”

“I want to blend the objects in both images so their 
visual attributes merge into a single, coherent hybrid 
concept. First, identify the main visual attributes that are 
similar between the inputs, such as facial expression, 
hair style, or object shape. Additionally, interpret what 
the blend of objects might be intended to convey.”

Person (head-and-shoulders portrait)

Suit jacket

Dress shirt

Necktie

Background (plain/curtain-like)

Eggplant (aubergine) with a protruding nub

Stem/calyx

Ledge or shelf

Background wall/door frame

Output 1 (Ours) best satisfies the blending goal without violating the constraints. It fuses attributes into a 
single, coherent subject: a human face whose material, color, and specular qualities adopt an eggplant-like 
sheen, and whose nose morphs into an eggplant-style protrusion.

Output 2 (Gemini) is a clear collage with a cut-out head placed on a vegetable, so it’s disqualified.

Output 3 (CLIP Avg) still feels like a part-by-part composition (a normal face with an attached nub), with 
visible seams and mismatched materials, so it’s not a unified blend.

Output 4 (GPT), while technically strong, preserves the original portrait’s facial identity and structure almost 
intact, essentially placing that recognizable face within an eggplant form.

Therefore, Output 1 is the best blended result.

Similar visual attributes across both images:

 Focal projection: A prominent nose-like form—literal in the face, mimicked by the eggplant’s protruding nub.

 Composition: Single, centrally framed subject in a portrait-style, close crop with a plain background.

 Tonal simplicity: Limited palettes (black-and-white/greyscale vs deep purple) that read as bold, unified tones.



Possible intent of the blend:

Humor through anthropomorphism and pareidolia: showing how a simple vegetable can read as a severe 
human face when lit and framed like a formal portrait.

Juxtaposition of gravity and absurdity: the serious, disciplined demeanor fused with a bulbous, organic form 
produces satirical tension.

Which output image (1, 2, 3, or 4) best blends the main 
attributes in both input images?

1 2 3 4

Figure 19. Example chat with the LLM judge [9] to select the best blended output.

Inputs Ours GPT Gemini CLIP Avg Inputs Ours GPT Gemini CLIP Avg

Main Attributes

 Hair/forelock styling: Each has a defined sweep over the forehead

 Pose and framing: Both are centered, head-and-shoulders portraits with a 

straight, upright posture and a direct, composed gaze

Main Attributes

 Nose/face shape: pronounced nose and strong cheekbones/jawline

 Palette: dominant blues, whites, and silvers, with a touch of warm color

 Composition: head-and-shoulders portrait of a single central figure

Main Attributes

 Face framing: A rounded “helmet” shape around the forehead—straight 

bangs on the person; a citrus rind helmet on the cat

 Composition: Centered, close-up portrait with head-and-shoulders framing 

and a plain background

 Expression: Direct, forward-facing stare with a neutral-to-stern expression

 Color tone: Soft, muted palette with light skin/fur tones contrasted by a 

single dominant color (blonde hair vs. green citrus)

Main Attributes

 Expression: Broad, friendly smile, expressive eyes, and rounded cheeks

 Color/lighting: Warm facial tones and highlights

 Pose/composition: Close-up, slightly angled head; single subject centered; 

simple, blurred background

Figure 20. Examples where human raters and the LLM judge agree (left) and disagree (right) on the best blended output.

tions. First, users identified the main attributes shared by
the images (Fig. 23 (b)). Then, users ranked the outputs
based on how well they coherently and creatively blended
those main attributes (Fig. 23 (c)). This two-step process
encourages users to actively consider the relevant attributes
for blending before making their selection. We determined

the final ranking for each example via majority vote based
on first-place votes, followed by second-place votes.

To encourage participants to focus on blending coher-
ence and creativity, instead of other irrelevant characteris-
tics like image quality, we utilized the following enhance-
ment prompt with Gemini 2.5 Flash Image [3] to standard-
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Figure 21. Extension of ??. To gauge human perceptions of creativity, we ask raters to compare image pairs along two axes: Creative
Potential refers to how interesting a blend might be, and Blend Difficulty indicates how challenging it is to form a coherent blend. Image
pairs with higher Blend Difficulty tend to have higher Creative Potential and are often more conceptually different. Numbers in each cell
indicate the number of examples.

ize the image quality of our blended output to match that of
the outputs from models like Gemini and GPT [10].

Enhancement Prompt

Enhance this image to a high-resolution, professional
quality while preserving all details and textures. Improve
sharpness, smooth noise, and remove text and image ar-
tifacts for a clean, realistic, and well-balanced look.

F.3. How Does Creativity Relate to Diversity?

Totally Looks Like Architecture

Method CLIP DreamSim CLIP DreamSim

CLIP Avg 0.079 0.096 0.067 0.112
Gemini [3] 0.189 0.305 0.129 0.257
GPT [10] 0.121 0.193 0.088 0.177
Ours 0.223 0.339 0.150 0.291

Table 5. We generate multiple blends for each input image pair
and measure the mean pairwise diversity of the output images us-
ing CLIP [12] and DreamSim [5]. Higher diversity is better. Our
method produces more diverse blends across multiple trials, in ad-
dition to more creative blends as shown in ??.

While Creative Potential and Blend Difficulty describe
how a blend could be formed, creativity can also be evalu-
ated in the outputs. We examine one complementary metric,
output diversity, echoing Hofstadter’s insight that “making
variations on a theme is the crux of creativity” [7]. We quan-
tify output diversity by generating multiple blends per input
image pair and computing pairwise perceptual distances us-
ing DreamSim [5], denoted by F . The diversity V for one
example is:

V =
1(
n
2

) ∑
i<j

dist(F (Ii), F (Ij)) . (13)

where Ii and Ij are different outputs from the same input,
dist(·, ·) denotes DreamSim distance, and n = 3. Higher V
indicates greater output diversity, and we report the mean V
across all examples. We also implement a comparable mea-
sure of output diversity using CLIP image similarity [12].

Shown in Table 5, our method generates the most varied
blends, in addition to the best creative blends according to
humans and the LLM in ??. Interestingly, Gemini creates
the second-most diverse outputs, even though it lags behind
CLIP Avg and GPT in terms of blend quality.
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Figure 22. User study for evaluating the Creative Potential and Blend Difficulty of image pairs. Top: The prompt shown to users. Bottom:
Two examples with high rater agreement. Participants select which image pair has higher Creative Potential and higher Blend Difficulty.

F.4. Curated Datasets
The Totally Looks Like dataset [13] contains image pairs
that humans judge as visually similar. To curate a subset
suitable for our evaluation, we focus on image pairs de-
picting distinct concepts while ensuring high image qual-
ity. We first automatically exclude pairs with overly similar
content by removing those with both CLIP image similarity
[12] above 0.65 and DreamSim distance [5] below 0.65. A
human annotator then filters out any remaining pairs con-
taining text or low-quality images. This process yields 44
high-quality and semantically distinct image pairs.

Additionally, we curate 300 pairs of architectural de-
sign images. We begin by collecting images spanning di-
verse architectural styles and architects from several exist-
ing datasets [1, 4, 15]. We then form random pairs such that
the two images in each pair come from different architec-
tural styles and different architects, and we recruit a human
annotator to verify the quality of each image pair.
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a.

b.

c.

Main visual attribute: hairstyle

Figure 23. User study for assessing human preference of creative blends. (a.) The prompt shown to users. (b.) First, we ask participants
to describe the main visual attributes shared by the two input images. (c.) Second, raters rank the blended output images from different
methods based on how well they blend the main attributes.
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G. Failure Cases
Unrelated Images Vibe Blending assumes that there is a
shared attribute between two images. Our methods will fail
to identify the vibe when the input images are not related.
Examples in Fig. 24. Since two unrelated images are in
disconnected manifolds, the spectral coordinates of the two
images are not continuous and have gaps, linearly traverse
the spectral coordinates will fall into gaps.

Input A Input B

Figure 24. Vibe Blending for in-the-wild images. One failure case
of our methods is that the two images does not share a clear vibe.

Entangled Vibes A limitation of negative vibe blending
arises when desired and undesired attributes are entangled
within the feature space. The orthogonalization process as-
sumes that the positive and negative vibes can be separated
into distinct, albeit non-orthogonal, subspaces. Fig. 25 il-
lustrates a failure example where the vibe of “style change”
is entangled with “color change”, which prevents the entan-
gled vibe from being filtered out.

Generated BlendsImplicit VibesBlending Pair (Ipos)

Subtract Negative Vibes

Negative Pair (Ineg)

Color change

Style change

Style change

Color change

Figure 25. Negative vibe failure case. The positive inputs capture
both a style change based on the types of car and a color change.
The negative inputs intend to capture only color change. However,
the attributes of style and color are entangled, making them diffi-
cult to separate with negative examples.

Extrapolation Uncertainty While effective in certain
cases, extrapolating Vibe Blending does not always pro-
duce images with a meaningful exaggeration of relevant at-
tributes (Fig. 26).

Correspondence Failure. Vibe Space relies on unsuper-
vised region-level correspondence matching between DINO
token clusters (see Section D.1). This correspondence is es-
sential for concept-level blending, as it determines which
semantic regions in IA and IB should be merged. However,

Input A 𝛼 = 0.2 𝛼 = 0.4 𝛼 = 0.6 𝛼 = 0.8

𝛼 = 1.0 𝛼 = 1.2 𝛼 = 1.4 𝛼 = 1.6 𝛼 = 1.8 𝛼 = 2.0

Input B
Interpolate

Extrapolate

Figure 26. Failure case of Vibe Blending extrapolation. Extrap-
olating beyond α > 1 does not produce further rotation of the
object in the input images.

because the matching is unsupervised, it is not always re-
liable. When correspondence is incorrect (vary by random
seeds), the resulting blends can degrade significantly, often
producing incoherent or mismatched object-part combina-
tions (Fig. 27).

Reconstruction Failure. Our method depends on IP-
Adapter [17] to generate images conditioned on dense CLIP
features. However, IP-Adapter is not always reliable outside
the training distribution of Stable Diffusion. To isolate this
limitation, we perform the following diagnostic: (1) extract
dense CLIP features from an input image; (2) perform no
blending and do not train Vibe Space; (3) feed the extracted
features directly into IP-Adapter to reconstruct the input im-
age. As shown in Fig. 28, IP-Adapter can consistently re-
construct in-distribution images (e.g., human faces) across
random seeds, but fails on out-of-distribution (OOD) inputs,
producing unstable and inconsistent reconstructions.
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Figure 27. Failure cases of unsupervised correspondence. Our method depends on correspondence matching to identify which semantic
regions should be blended. Different random seeds lead to different clusterings and therefore different correspondence maps. Good
correspondence (top row) yields clean and semantically meaningful blends, whereas poor correspondence (middle and bottom rows) leads
to low-quality blends with incorrect part-level mixing.

Figure 28. Failure cases of IP-Adapter reconstruction. Left column is input images; right four columns are reconstructed images from
4 random seeds. IP-Adapter reliably reconstructs images that lie within the Stable Diffusion training distribution (top row), producing
consistent outputs across random seeds. In contrast, for out-of-distribution inputs (middle and bottom rows), IP-Adapter consistently fails
to reproduce the original image, illustrating a fundamental limitation of SD-based decoders when applied to concept-level blending tasks.
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