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Figure 1. High-quality caricatures generated by our CaricHarmony. Left: Results generated with the same identity and different
sketches. Right: Results generated with the same sketch and different identities and specified styles.

Abstract

Sketch-based caricature synthesis suffers from a fundamen-
tal failure mode: when identity and shape conditions are
combined in diffusion models, they create destructive inter-
ference that causes inevitable collapse toward either bland
portraits or unrecognizable distortions. We identify the root
cause as condition signal contamination – competing prob-
ability distributions in the denoising trajectory that make
balanced generation impossible. We present CaricHar-
mony, the first training-free method that explicitly resolves
this contamination through parallel uncontaminated diffu-
sion paths. During inference, we maintain three paths:
P i (pure identity), Ps (pure shape), and P i+s (harmo-
nized output). Novel energy functions operating on cross-
attention features provide gradient guidance that steers
P i+s toward optimal balance: Eshape ensures sketch fidelity
through layout and semantic alignment, while Eid employs

token-level correspondence matching robust to extreme dis-
tortions. Unlike DemoCaricature requiring 70 seconds
per-identity fine-tuning or CaricatureBooth constrained to
Bezier curves, CaricHarmony accepts any sketch format
and generates in under 16 seconds. Experiments demon-
strate state-of-the-art performance: 0.8615 shape CLIP
score (vs. 0.8450) under comparable identity consistency
score, with 7.81 overall user preference score (vs. 6.06).
Our method fundamentally reconceptualizes the ID-shape
conflict as conditioning signal contamination for diffusion
models, enabling unprecedented creative control while pre-
serving recognition.

1. Introduction
Caricature synthesis demands a paradox: extreme shape
distortions that somehow preserve identity. Artists instinc-
tively navigate this tension, but computational methods sys-
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tematically fail. When given a sketch with exaggerated fea-
tures – a grotesquely elongated nose, impossibly tiny eyes
– existing approaches either ignore these creative choices
to preserve identity, or follow them faithfully at the cost of
recognition. This fundamental ID-shape conflict isn’t just
an implementation detail; it’s the core challenge that has
prevented sketch-based caricature synthesis from achieving
its artistic potential.

We identify the root cause: condition signal contamina-
tion. When identity conditions Cid and shape conditions Cs

are combined in diffusion models, they create destructive
interference in the denoising trajectory. The model oscil-
lates between competing probability distributions – regions
near pure identity preservation and pure shape following ex-
hibit higher densities than the balanced intermediate region,
causing inevitable collapse toward one extreme. Prior meth-
ods [3, 32] fundamentally ignore this problem, attempting
means of balancing identity and shape without addressing
the underlying contamination.

Table 1 reveals a critical gap in the field. Early synthe-
sis methods [2, 11, 20, 41] lack controllability entirely, per-
forming automatic distortions that ignore user intent. Re-
cent controllable approaches face crippling limitations: De-
moCaricature [3] requires expensive per-sample fine-tuning
(70 seconds per identity), making it impractical for inter-
active creation. CaricatureBooth [32] constrains creativ-
ity to Bezier curves, requiring large-scale pre-training on
synthetic data. Critically, neither addresses the core signal
contamination issue – they simply shift where the ID-shape
conflict manifests.

We present CaricHarmony, the first training-free solu-
tion that directly resolves condition contamination through
contrastive feature alignment. Our key insight transforms
the problem: instead of mixing contaminated signals, we
maintain three parallel diffusion paths during inference –P i

(pure identity), Ps (pure shape), and P i+s (harmonized out-
put). The uncontaminated reference paths P i and Ps serve
as guidance anchors, while specialized energy functions dy-
namically steer P i+s toward optimal balance through gradi-
ent guidance at each denoising step.

Our energy functions operate within cross-attention
mechanisms to achieve precise control: Eshape ensures
sketch fidelity through layout alignment (Elayout) and se-
mantic consistency (Esem), while Eid employs novel token-
level correspondence matching that adapts to shape distor-
tions. Unlike conventional identity losses that fail on carica-
tures due to domain gap, our approach leverages intermedi-
ate diffusion features that inherently preserve layout infor-
mation for localizing facial features. The compositional en-
ergy Eb = Eshape + Eid provides continuous gradient guid-
ance throughout denoising, preventing trajectory collapse.

CaricHarmony achieves breakthrough results: generat-
ing high-quality caricatures from extreme sketches in 16

seconds (4× faster than DemoCaricature), accepting any
sketch format without preprocessing (unlike Caricature-
Booth’s Bezier constraints), and requiring zero training
or fine-tuning while maintaining state-of-the-art quality.
Extensive experiments demonstrate superior performance
across CLIP-based shape fidelity metric [3, 33] (0.8615 vs.
0.8450) and aesthetic quality metrics (ImageReward [51]
0.8509 vs. 0.4340 and PickScore [24] 0.2049 vs. 0.1094)
with competitive ID consistency. Furthermore, user stud-
ies reveal a strong preference for our results, achieving an
overall preference score of 7.81 (vs. 6.06).

Our contributions are: (i) First explicit solution to con-
dition contamination: We identify signal contamination as
the root cause of ID-shape conflict and resolve it through
parallel uncontaminated reference paths, fundamentally dif-
ferent from prior diffusion-based approaches. (ii) Novel
cross-attention energy functions: We introduce specialized
alignment mechanisms that operate on intermediate diffu-
sion features, including token-level correspondence match-
ing that adapts to arbitrary shape distortions – impossible
with conventional identity losses. (iii) Practical democrati-
zation of caricature creation: Our training-free framework
eliminates all bottlenecks – no pre-training, no per-sample
optimization, no sketch format constraints – making pro-
fessional caricature synthesis accessible to anyone with a
rough sketch.

Methods Training-free Controllable
generation

Free-form
conditioning

StyleCariGAN [20] ✗ ✗ ✓
WarpGAN [41] ✗ ✗ ✓
AutoToon [11] ✗ ✗ ✓

DemoCaricature [3] ✗ ✓ ✓
CaricatureBooth [32] ✗ ✓ ✗

Ours ✓ ✓ ✓

Table 1. Our model features user-friendly characteristics beyond
dealing with the ID-shape conflict issue. Free-form conditioning:
no additional requirements on shape conditions (if applicable) and
ID conditions.

2. Related Work

Deep Caricature Synthesis. Caricature synthesis aims
at generating a stylized portrait of a human subject with
artistic styles and shape exaggerations while preserving the
identity [5, 12]. CariGANs [2] utilizes GAN-based net-
works to generate stylized caricatures under the guidance of
deformed facial landmarks. WarpGAN [41] eases the warp-
ing process by using automatically generated control points.
Several subsequent works include diversifying styles and
exaggeration types [12], using SENet [18] to generate warp-
ing fields that densely guide the warping process [11], and
introducing shape exaggeration blocks [20] based on Style-
GAN [23] to achieve shape deformation by manipulating
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coarse-scale feature maps. Semantics CariGAN [5] pro-
poses using facial parsing maps to guide the shape trans-
formation in the output. For works realizing the controlla-
bility of the shape exaggeration, DemoCaricature [3] first
proposes using free-hand sketches as a flexible and expres-
sive medium to guide the shape deformation process. It
encapsulates the identity information into textual embed-
dings and the key-value pathway of cross-attention blocks
through per-sample tuning, but lacks consideration of its
potential conflict with the shape information, limiting its
performance on exaggerated free-hand sketches. Carica-
tureBooth [32] represents a sketch with a fixed number of
Bezier curves [39] and performs TPS deformation [8] to
generate synthetic data for training. However, it severely
constrains the format of sketches and limits the diversity
and creativity of shape conditions.

In contrast to prior works, our approach explicitly ad-
dresses the fundamental ID-shape conflict through a novel
training-free framework that balances identity preservation
and shape exaggeration, overcoming the limitations ob-
served in DemoCaricature. Furthermore, our method ac-
cepts free-hand sketches in their natural form, preserving
the full expressive potential and creativity of sketch-based
control while ensuring robustness to diverse and exagger-
ated shape conditions.

T2I Personalization. The goal of T2I personalization is to
customize T2I models [1, 31, 34, 38] to consider concepts
specified by a set of reference images while maintaining
their original generalizability. Textual Inversion [10] finds
new pseudo-word embeddings to represent the semantic
features of referred subjects. DreamBooth [36] fine-tunes
pretrained Stable Diffusion [34] and Imagen [38] models
to link each specified subject with a unique representative
textual identifier. For parameter-efficient fine-tuning, Cus-
tom Diffusion [25] only fine-tunes cross-attention layers,
while Perfusion [48] presents a Rank-One Model Editing
(ROME) method that optimizes only the value-pathway in
cross-attention layers. For multi-subject optimization, La-
texBlend [21] represents multiple concepts in a latent tex-
tual space, enabling multi-concept generation by retrieving
concepts from a bank that can be freely combined with-
out tuning. LoRACLR [42] merges multiple pretrained Lo-
RAs into a unified model using contrastive learning to align
multiple concepts while preventing interference. For fast
personalization without per-sample tuning, IP-Adapter [52]
trains lightweight and decoupled cross-attention blocks to
embed image prompts into the model in parallel with textual
prompts. InstantBooth [40] achieves a tuning-free method
by learning a network that can map reference images into
aligned textual embeddings during inference. PuLID [13]
introduces a tuning-free approach that can output high-
fidelity personalized images while mitigating the interrup-
tion to the behavior of the original model through con-

trastive alignment. Imagine yourself [15] proposes a paral-
lel attention architecture with three text encoders and one
vision encoder for high-fidelity identity preservation and
text alignment. Flux already knows [22] eliminates the
need for pre-training and frames subject-driven generation
as grid-based image completion with mosaic layouts by uti-
lizing the generalizability of Flux models [1].

3. Revisit Text-to-Image Diffusion Models

3.1. Diffusion Models
Diffusion models [17, 31, 34] synthesize images from
Gaussian noise by iterating the denoising process. They
consist of two key components: a forward diffusion pro-
cess and a reverse denoising process. The forward process
corrupts a data sample z0 by iteratively adding Gaussian
noise ϵ ∼ N (0, I) over T time-steps, producing noisy data
zT . The denoising process recovers z0 from zT by itera-
tively estimating and removing noise using a trained net-
work ϵθ(ẑt, t), which takes as input the predicted noisy la-
tent ẑt and its corresponding time-step t [17, 34]. Typi-
cally, ϵθ(·) follows a UNET [35] architecture and incorpo-
rates a series of residual blocks [14], self-attention blocks,
and cross-attention blocks [49].

From the continuous perspective [47] of diffusion mod-
els, ϵθ(ẑt, t) can be explained as a scaled version of the
score function ∇ẑt log q(ẑt) that samples from the prob-
ability distribution q(ẑt) [46] through Langevin dynamics
[44, 45]. When the generative process is combined with
external conditions C, the corresponding score function
∇ẑt log q(ẑt|C) can be decomposed into:

∇ẑt log
q(ẑt)q(C|ẑt)

q(C)
= ∇ẑt log q(ẑt) +∇ẑt log q(C|ẑt), (1)

where the first term∇ẑt log q(ẑt) corresponds to an uncon-
ditional denoiser ϵθ(ẑt, t), and the second term is the gra-
dient guidance that can be generated by an energy function
−E(ẑt; t, C) = log q(C|ẑt).

By designing energy functions for different generation
objectives, such as text-conditioned generation [7], sketch-
guided generation [50], mask-guided generation [43], and
image editing [9], the model can generate outputs that con-
form to specified conditions. Inspired by the success of
prior works, we address the ID-shape conflict in caricature
synthesis by designing tailored energy functions that explic-
itly guide noisy latent toward achieving an optimal trade-
off.

3.2. IP-Adapter and PuLID
IP-Adapter [52] introduces an effective approach to inte-
grate ID features, denoted as Cid, into the model through
the cross-attention mechanism [34, 49] in parallel with tex-
tual features Ctxt. There are two linear layers W id

K and W id
V

36128



mapping Cid into key (Kid) and value (Vid) matrices. The
cross attention is then calculated as follows:{

O = Attn(Q,Kid, Vid) = Softmax(Q(Kid)
T

√
d

)Vid

Q = WQht,Kid = W id
KCid, Vid = W id

V Cid,
(2)

where ht ∈ Rn×d represents hidden feature maps at time-
step t flattened along the height and width dimensions, d
denotes the latent dimension, and n = h × w represents
the token number and is the product of the height h and
width w of the hidden feature maps. The output O is then
added to the hidden feature maps. Cid is typically extracted
using pretrained image encoders, such as the CLIP Image
encoder [33] or face recognition models [6]. PuLID [13]
employs both encoders [6, 33] jointly and further empha-
sizes preserving the original model’s behavior by carefully
controlling how Cid is injected using contrastive alignment
losses, thereby preventing unintended contamination of the
generation process.

3.3. T2I Adapter
T2I Adapter [28] presents a plug-and-play network that en-
ables various spatial condition signals (e.g. sketches, edge
maps, pose images, depth images) to guide the image gen-
eration process. The lightweight network consists of one
convolution layer followed by two residual blocks at each
scale. It maps input condition images into multi-scale con-
dition features Cs, which capture spatial information at dif-
ferent levels of granularity. These extracted features are
then added to the intermediate feature maps of the encoder
within the UNET denoiser at each scale.

4. Methodology
The ID–shape conflict refers to the tendency of the diffu-
sion model to favor either identity preservation or shape ex-
aggeration when both conditions are provided, while fail-
ing to balance them. As illustrated in Figure 2, the ID-
conditioned path P i naturally guides the denoising tra-
jectory toward faithful identity preservation, whereas the
shape-conditioned path Ps drives it toward precise carica-
ture geometry. When both conditions Cid and Cs are ap-
plied together, the ideal denoising trajectory should lie be-
tween these two extremes. However, since the regions near
P i andPs exhibit higher probability densities than the inter-
mediate region, the trajectory tends to collapse toward one
side, overemphasizing either identity or shape.

To address this issue, we proposed CaricHarmony by
constructing three denoising trajectories: the two con-
trastive paths P i and Ps, conditioned on Cid and Cs respec-
tively, and the main path P i+s conditioned on both. For
clarity, we denote intermediate features from P i and Ps us-
ing superscripts i and s, while features from P i+s are left
without superscripts.

SketchIdentity

Denoising paths            Gradient Guidance

Figure 2. Dynamics of denoising paths in continuous sampling
space of score-based diffusion [47]. Brighter color indicates areas
where the denoised data is densely distributed. In blue (green)
path, only Cid (Cs) is applied. Both conditions are applied in pink
paths. The per-step gradient guidance from the energy function Eb

is represented by red arrows.

We then impose inference-time cross-attention align-
ment guidance between the main path and each contrastive
path, encouraging the main trajectory to stay within the re-
gion that balances identity and shape cues. The proposed
gradient guidance mechanism explicitly steers the denois-
ing direction away from biased extremes and toward the
balanced region between P i and Ps, effectively resolving
the ID–shape conflict without any additional training. The
overall architecture is shown in Figure 3.

4.1. Shape Alignments
Without identity conditions, Ps fully encodes shape exag-
geration according to the sketch. To ensure thatP i+s retains
this capability, we align its intermediate cross-attention fea-
tures with those from Ps during inference.

Inspired by PuLID [13], we use the query features Qs

from each cross-attention block as shape layout target, since
they reflect how shape-related textual and sketch condi-
tions are spatially grounded. By aligning Q with Qs, the
model can learn to maintain the original layout distribu-
tion of Qs and render sufficiently exaggerated caricatures
following the shape conditions. Specifically, we use a lay-
out energy function Elayout to perform alignment between
Q = [q1, q2, ..., qn] and Qs = [qs1, q

s
2, ..., q

s
n]:

Elayout =

√√√√ n∑
j=1

∥qj − qsj∥22 · csj , (3)

where csj ∈ [0, 1] denotes a confidence weight indicat-
ing how strongly each token is associated with the sketch
strokes. To compute weights, we first rasterize S into a
binary stroke map, where pixels on sketch strokes are as-
signed value 1 and background pixels 0. We then resize this
map to the spatial resolution of the query features to obtain
C. This selectively preserves the shape cues tied to infor-
mative sketch strokes while suppressing irrelevant regions.
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Figure 3. Left: Inference pipeline of CaricHarmony. The output path P i+s is jointly guided by two contrastive paths Ps and P i. Ps is
only fed the binary sketch map S as shape conditions and guides the shape alignment through Eshape, which comprises Elayout and Esem.
P i is only fed the ID conditions I and guides the ID alignment through Eid. Right: Cross-Attention Alignments. Layout alignment
obtains Elayout by computing the token-wise differences between the query matrices from P i+s and Ps. ID alignment obtains Eid by
computing the token-wise differences between the ID cross attention outputs from P i+s and P i. The associations between the output
tokens for alignment are built by computing the similarities of corresponding query tokens.

If the face shapes of two generated caricatures are
closely matched, they should localize textual condition sig-
nals similarly in cross-attention blocks. The attention map
Attn(Ktxt, Q

s, Qs) of query Q to the textual key Ktxt is
hence used as additional signals to guide P i+s with seman-
tic information:

Esem = ∥Attn(Ktxt, Q,Q)−Attn(Ktxt, Q
s, Qs)∥2. (4)

The combined shape energy is

Eshape = Elayout + Esem. (5)

4.2. ID Alignment Guidance
Solely following the shape guidance from Ps can lead to
a significant degradation of ID fidelity. To improve ID
consistency, previous works typically employ specialized
loss functions [4, 6, 30], which compare ID features be-
tween generated and reference images using feature extrac-
tors trained solely on real-domain photographs. However,
the exaggerated shapes of caricatures introduce a signifi-
cant domain gap, thereby reducing the effectiveness of these
methods. Additionally, the ID alignment guidance should
be performed across intermediate time-steps, where the pre-
dicted images are often noisy and flawed.

To overcome the issue, we design a novel ID energy
function tailored for caricature synthesis. We guide P i+s

using the ID-conditioned cross-attention outputs from P i.
Let O = [o1, ..., on] and Oi = [oi1, ..., o

i
n] be the outputs of

cross-attention layers, where Oi serves as the target. How-
ever, direct alignment is inefficient, since O may present
a significantly different layout distribution compared to Oi

when conditioned on the exaggerated shape Cs. Using Oi

to guide O naively will lead to a layout mismatch and con-
fuse the model. Therefore, we build associations based on
the relevance between query tokens. For each oj , we find
its corresponding oik through

k = argmax
l

Φ(qj , q
i
l), (6)

where Φ(·, ·) is the cosine similarity between two vectors.
The query-output pairs from P i behave like a ground-truth
dictionary, where query tokens are “keys”, and output to-
kens are “values”. When a query token qj arrives, we re-
fer to the dictionary, look up qik that best matches qj , and
retrieve its corresponding output token oik to provide guid-
ance.

The ID energy is computed with a confidence weight
cij ∈ [0, 1] as

Eid =

√√√√ n∑
j=1

∥oj − oik∥22 · cij , (7)

The confidence weight cij aims to adapt the guidance
strength:

cij =
Φ(qj , q

i
k)− ϕ

1− ϕ
, ϕ = min

l
Φ(qj , q

i
l). (8)

It helps weaken the guidance strength when the level of
match between qj and qik is not distinguishable from the
pool of target query tokens.

4.3. Gradient Guidance with Balance Conditions
Eshape and Eid are in opposition to each other. When
the noisy latent is biased toward either side, the guidance
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Figure 4. Qualitative performance comparison against caricature synthesis models.

strength from the other side increases, pulling the latent
back to a balanced point. When combining both, the com-
positional energy function provides additional balance con-
ditions Cb and helps the model find a sweet point on harmo-
nizing ID and shape conditions with explicit gradient guid-
ance.

Let the existing conditions be Ce = [Ctxt, Cshape, Cid].
The score function in this work can be expressed as:

∇ẑt log q(ẑt|Cb, Ce) = ∇ẑt log
q(ẑt|Ce)q(Cb|ẑt, Ce)

q(Cb|Ce)
(9)

= ∇ẑt log q(ẑt|Ce) +∇ẑt log q(Cb|ẑt, Ce). (10)

We apply classifier-free guidance [16] to the first term
and compute gradients of Eb = Eshape + Eid for the second.
The final guided noise prediction ϵ̃t is:

ϵ̂t ← (1 + γ)ϵθ(ẑt, t, Ce)− γϵθ(ẑt, t, ∅), (11)
ϵ̃t ← ϵ̂t + η∇ẑtEb(ẑt, t, Cb, Ce), (12)

where γ controls classifier-free guidance and η controls bal-
ance strength.

4.4. Timestep-Constrained Guidance
Eshape guides layout distribution [13] at a coarse scale,
while Eid guides detailed ID information at a relatively
fine-grained scale. To fit the coarse-to-fine nature of the
denoising process [29], we only activate Eshape and Eid
when t falls in [tsstart, t

s
end] and [tistart, t

i
end]. We encour-

age the guidance of Eshape at early time intervals, setting
tsstart = T = 1000 and tsend = 700. Eid starts relatively late
at tistart = 900 and ends at tiend = 400 to prevent harming
the quality of results fine-grained details [27].

5. Experiments
Implementation Details. Our model is built on SDXL [31]
with the weights of Juggernaut-XL-v9 [37]. We use a pre-

trained ID Encoder from PuLID v1.1 [13] and T2I-Sketch-
Adapter-SDXL [28] to inject ID and shape conditions. Dur-
ing inference, the model is given textual prompts: “A highly
exaggerated and detailed caricature of a man/woman.” The
output image resolution is 768 × 768. We use DPM++
2M sampler [26] to accelerate inference speed, setting the
number of inference steps N to 40 and using a classifier-
free guidance scale γ of 7. The guidance rate η is set to
0.4. The experiments are performed on a single RTX4090,
and the code is implemented with PyTorch. All the other
settings follow the original PuLID-ID-Encoder and T2I-
Sketch-Adapter.
Dataset. We use the WebCaricature dataset [19] to evaluate
the performance of different models. Specifically, we con-
sistently select the photo with the least sequence number
for each identity as the reference ID image I and extract the
edge map from each caricature associated with the identity
as the sketch image S. The total number of samples is 1216.
Metrics. We use CLIP [33] scores to evaluate shape and
ID consistency [3]: S-CLIP measures shape consistency by
comparing edge maps of generated and ground-truth carica-
tures, while I-CLIP measures identity consistency between
generated caricatures and identity images. To assess over-
all quality, we further compare our model with the other
caricature synthesis models using ImageReward [51] and
PickScore [24] as evaluation metrics.
Baselines. The models for comparison include warping-
based networks StyleCariGAN [20], WarpGAN [41], and
AutoToon [11], also diffusion-based approaches DemoCar-
icature [3], and CaricatureBooth [32].

5.1. Qualitative Evaluation
Figure 4 illustrates the performance of our model against
several caricature synthesis models. StyleCariGAN [20],
WarpGAN [41], and AutoToon [11] cannot explicitly con-
trol the shape distortion. DemoCaricature [3], similar to
this work, introduces explicit shape control by leveraging
free-hand sketches. CaricatureBooth [32] guides the shape
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distortion with a fixed number of Bezier curves. Compared
with the baselines, our model strikes a balance between pre-
serving the facial features from identity images and ensur-
ing a high level of creativity.

Figure 5 evaluates our method against several state-of-
the-art diffusion-based models. DemoCaricature [3] is the
first diffusion-based model tailored for caricature synthesis.
PuLID [13] is a tuning-free personalization model. We plug
in a T2I-Sketch-Adapter [28] to provide additional shape
control. Our model can generate high-quality caricatures in
16 seconds, which is approximately 4× faster than Demo-
Caricature without per-sample tuning. Compared to PuLID,
our results align substantially better with the provided shape
conditions after balancing the shape and ID information.

5.2. Quantitative Evaluation
It is worth mentioning that CaricatureBooth [32] only ac-
cepts a fixed number of Bezier curves as input and cannot be
applied to free-hand sketches and edge maps, which makes
it incompatible with the experiment. The results are shown
in Table 2.

When Eshape and Eid are disabled in turn, the model is
biased toward ID preservation and shape exaggeration, and
achieves the highest I-CLIP and S-CLIP score, respectively.
By combining both, our final model finds a balanced point
and generates results that respect both conditions (see Fig-
ure 7). As discussed before, custom evaluation models, in-
cluding CLIP [33], cannot extract accurate facial features of
caricatures because of the domain gap, causing I-CLIP to be
highly sensitive to the level of shape distortion. Although
the final model gets a slightly lower I-CLIP score compared
to DemoCaricature, the results still show that our model can
sufficiently preserve ID information under highly creative
shape conditions (see Figure 5). Additionally, all our vari-
ants consistently outperform counterparts in ImageReward
and PickScore due to SDXL’s strong generative capabilities,
while their similar scores confirm that our gradient guidance
preserves aesthetic quality.

Methods I-CLIP ↑ S-CLIP ↑ ImageReward ↑ PickScore ↑

StyleCariGAN 0.5228 - 0.4340 0.0637
WarpGAN 0.6634 - -0.2588 0.1033
AutoToon 0.7628 - -0.4978 0.1094

DemoCaricature 0.7591 0.8450 0.2871 0.0949

Ours (full) 0.7512 0.8615 0.8509 0.2049
w/o Eshape 0.7747 0.8296 0.8967 0.2038

w/o Eid 0.7381 0.8698 0.8443 0.2199

Table 2. Quantitative Comparison.

5.2.1. User study
We conduct a user study to evaluate the model’s perfor-
mance in terms of: (1) identity consistency with identity
images, (2) shape consistency with sketches, and (3) overall
quality. The study involved 20 identities (10 men and 10

Identity Sketch Ours
PuLID +

T2I Adapter
Demo

Caricature

Figure 5. Qualitative performance comparison against diffusion-
based models.

Methods ID ↑ Shape ↑ Overall ↑
StyleCariGAN 4.59 - 4.91

WarpGAN 4.81 - 4.62
AutoToon 6.73 - 5.50

DemoCaricature 6.03 5.51 6.06

Ours 6.83 8.08 7.81

Table 3. Results of the user study. Each value represents the
model’s average score under a specified criterion.

women) and 20 exaggerated hand-drawn sketches (10 for
men and 10 for women), resulting in a pool of 200 carica-
ture samples. Each of the 16 volunteers received 10 sam-
ples, each asking them to rate the caricatures generated by
different models on a discrete scale from 1 to 10 across the
three aspects. The results are presented in Table 3. Our
model achieves the highest ID consistency score, benefiting
from humans’ ability to capture facial features under shape
deformations. By addressing the conflict with shape condi-
tions, it also achieves the highest shape score, demonstrat-
ing overall superior performance.

6. Ablation Study
6.1. Impact of Different Guidance Terms
Figure 7 shows the results under different gradient guid-
ance settings. Without Eshape, the model preserves facial
structure well but fails to introduce sufficient exaggeration
and lacks proper alignment with the target shape condi-
tions, resulting in outputs that appear more like conven-
tional portraits rather than expressive caricatures. Without
Eid, the model is biased toward the shape conditions with-
out respecting ID information, leading to outputs with di-
minished recognizability and less fine-grained textural de-
tails. In the absence of TCG, the model produces subopti-
mal results with less fine-grained details and generates un-
wanted artifacts that compromise the overall image quality.
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ID Sketch

Figure 6. Interpolation of the scaling factors of Eid and Eshape. From left to right, the scaling factor of Eid linearly decreases from 2 to 0,
while that of Eshape linearly increases from 0 to 2. The results in the middle match our default setting.

Identity OursSketch w/o TCGw/o w/o

Figure 7. We disable different guidance terms respectively to
demonstrate their functionalities. When timestep-constrained
guidance (TCG) is disabled, Eshape and Eid are activated across
all timesteps.

With the full version incorporating all guidance terms, the
model achieves a balance where the generated caricatures
faithfully adhere to the shape conditions while effectively
preserving the identity-specific characteristics, demonstrat-
ing the competing yet complementary nature of each energy
function in resolving the ID-shape conflict.

6.2. Impact of Different Guidance Scales
Figure 6 presents the outputs produced when Eid and Eshape
are weighted by different scaling factors. Increasing the
scaling factor of Eid while decreasing that of Eshape yields
results that preserve more identity information while fol-
lowing shape conditions less strictly, and vice versa. This
smooth transition between identity-dominant and shape-
dominant modes enables users to adjust the balance accord-
ing to their specific preferences, demonstrating the flexibil-
ity of our model.

6.3. Extreme Shape Exaggerations
Our model shows robust compatibility with extreme shape
conditions. As illustrated in Figure 8, it can effectively re-
solve the conflict between ID preservation and shape exag-
geration, producing caricatures with high ID fidelity even
under highly exaggerated shape conditions. Notably, our
approach maintains stable performance and generates high-
quality outputs with recognizable identity characteristics

SketchIdentity

Demo
Caricature

Ours

Figure 8. Performance comparison when sketches with different
levels of exaggeration are used.

even when the facial structures undergo drastic deforma-
tions. In contrast, the prior work [3] struggles to interpret
the spatial information from sketches when they are highly
exaggerated because of the interruption of the conditioning
signals. More examples are provided in Appendix B.

7. Conclusion
We present a caricature synthesis model that achieves a
remarkable performance improvement by explicitly han-
dling the ID-shape conflict. The core of our approach is
a training-free framework that aligns hidden features in the
cross-attention mechanism with those from two contrastive
paths, enabling dynamic control over identity preservation
and shape exaggeration. Tailored energy functions are de-
signed to provide the model with additional information
about the degree of deviation from either ID or shape con-
ditions, pushing it to strike a balance on harmonizing both.
By strategically harnessing the manifold of pretrained T2I
models, our approach circumvents the data scarcity prob-
lem that hinders the development of caricature synthesis.
The resulting framework possesses the capability to output
high-quality caricatures that can not only preserve high ID
fidelity but also retain the shape exaggeration defined by
free-hand sketches.
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