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Abstract. Training-free image editing with diffusion models is highly
desirable yet is complex and remains a significant challenge. While recent
optimisation-based methods achieve strong zero-shot edits from text,
they still struggle to preserve identity and capture intricate details, such
as facial structure, surface texture, or object-specific geometry, that ex-
ist below the level of linguistic abstraction. To address this fundamental
gap, we propose Concept Distillation Sampling (CDS). To the best of our
knowledge, we are the first to introduce a unified, training-free framework
for target-less, multi-concept image editing.

CDS overcomes this linguistic bottleneck of previous methods by anchor-
ing the editing process in the certainty of pretrained LoRA adapters.
We integrate a highly stable distillation backbone (featuring ordered
timesteps, regularisation, and negative-prompt guidance) with a novel
dynamic weighting mechanism. This approach enables the composition
and control of multiple visual concepts directly within the diffusion pro-
cess, utilising spatially-aware priors from pretrained LoRA adapters with-
out causing concept clashing. Our method preserves instance concept
identity without requiring reference samples of the desired edit. Extensive
quantitative and qualitative evaluations demonstrate that CDS estab-
lishes a new state-of-the-art over existing training-free editing and multi-
LoRA composition methods on the InstructPix2Pix and ComposLoRA
benchmarks. Project Page: https://nickyfot.github.io/cds/.

1 Introduction

Recent advances in conditional image generation have brought us remarkably
close to human-level quality in both image creation and editing [17, 27, 28, 32].
This progress is largely driven by diffusion models trained on vast, diverse
datasets [33, 39], which enable high-fidelity synthesis guided by flexible con-
ditioning signals such as text, sketches, or images. Among these, text-to-image
diffusion models have become particularly influential, thanks to their intuitive
natural-language control, which often allows high-level control without requir-
ing task-specific fine-tuning. Training-free approaches are particularly valuable
in this context, as they bypass the steep computational costs and data-collection
burdens of per-image or per-task fine-tuning. Furthermore, as foundational dif-
fusion models continue to scale and improve, training-free methods inherently


https://orcid.org/0000-0003-4481-9360
https://orcid.org/0000-0002-4278-198X
https://orcid.org/0000-0002-2002-3627
https://nickyfot.github.io/cds/

2 N. Foteinopoulou et al.

TexT-BASED EDITING

“WITH NEUTRAL EXPRESSION” “WITH A SHILE” |8

ConcepT DisTiATION SaHpLING (CDS)

Bl B B
R b B

CHARACTER  CLOTHING OBJECT STYLE

ConcepT-BASED EDITING

Fig. 1: Our method enables training-free, concept-based image editing with diffusion
models. While recent state-of-the-art optimisation methods rely solely on text guidance
and often lose instance identity during complex, multi-element changes, we unify a reg-
ularised optimisation objective with LoRA-driven concept composition. This enables
multiple semantic or visual concepts (e.g. facial structure, clothing, objects, or back-
grounds captured in Dreambooth-style LoRAs) to be combined and controlled directly
within the diffusion process. This approach preserves concept identity and fine-grained
details that would be impossible to adequately describe in text alone, bridging the gap
between text-based and visual concept-driven control.

inherit their enhanced zero-shot capabilities, offering a highly adaptable and
accessible solution for complex image manipulation.

However, editing existing images poses a subtler challenge than generating
them from scratch. Effective editing requires not only semantic understanding
but also content consistency, ensuring that the edited image remains recognisably
the same subject. Recent training-free optimisation-based methods such as Delta
Denoising Score (DDS) [8] achieve impressive zero-shot edits by refining the Score
Distillation Sampling (SDS) objective [26], providing strong semantic control
when an edit can be clearly expressed in natural language. Yet, language alone
is an insufficient descriptor for all visual concepts. Many attributes defining
identity, such as structure, texture, or object-specific geometry, exist below the
level of linguistic abstraction (e.g., the exact curvature of a specific character’s
jawline, or the unique wear patterns on a specific garment). As a result, state-
of-the-art text-only methods often fail when edits involve multiple entities or
concept-specific features that cannot be captured purely by text prompts.

In parallel, personalisation methods such as DreamBooth [30] and Low-Rank
Adaptation (LoRA) [9] have demonstrated how instance-specific information can
be encoded directly into a diffusion model’s parameters. LoRAs effectively serve
as concept representations, embedding appearance, style, or identity traits that
text cannot describe. However, current multi-LoRA composition techniques [6,
23, 40] are primarily designed for text-to-image generation, not for image editing,
where spatial alignment and subject consistency must be maintained.

To bridge this gap, we propose Concept Distillation Sampling (CDS), a novel
method for preserving identity in multi-LoRA image editing. Our work uni-
fies optimisation-based image editing and LoRA-based concept composition into
a single framework for concept-aware, instance-consistent editing. DDS offers



Training-Free Multi-Concept Image Editing 3

precise control via optimisation, while LoRAs provide low-level, semantically
grounded priors that anchor edits to specific concepts or instances. Combining
the two enables edits that are both semantically meaningful and visually consis-
tent across multiple concepts (Figure 1). Here, a concept denotes any coherent
visual attribute encoded by a LoRA adapter that text alone cannot capture. Each
LoRA thus serves as a latent prior and low-level anchor within the optimisation
loop (Figure 2), enabling controlled, consistent multi-concept editing.

To the best of our knowledge, we are the first to introduce a unified, training-
free framework that combines the tasks of multi-LoRA composition and image
editing. Unlike text-only SOTA methods [14, 15] that suffer from gradient ambi-
guity during complex edits, CDS effectively overcomes the linguistic bottleneck
of previous distillation methods by optimising and anchoring the editing process
in the certainty of the LoRA adapters. Our proposed CDS framework comprises
two synergistic components: First, we propose an optimised improvement upon
previous distillation sampling works for 2D text-guided image editing. By revis-
iting DDS, we identify and resolve key design factors that limit stability and edit
fidelity through principled refinements in timestep ordering, regularisation, and
negative-prompt guidance. Second, we introduce a mechanism that dynamically
weighs the contribution of each concept-LoRA. This mechanism performs patch-
wise weighting of multiple LoRA outputs based on their feature similarity with
the base model’s output, allowing multiple concepts to be seamlessly composed
and controlled directly within the diffusion process (Figures 1 and 2).

Furthermore, our method is truly generalisable. Any concept-LoRA can be
incorporated into the editing process without requiring reference samples of the
desired final edit. Recent works [22] explore the idea of concept-based image edit-
ing; however, requiring target images for novel concept composition is inherently
counter-intuitive to the goal of creating entirely novel, out-of-distribution com-
positions (.e., unique, synthetic edits that combine elements in ways not present
in any existing source image)s. CDS bypasses this limitation entirely, yielding
stable, spatially-aware, and concept-preserving edits under a strict training-free
constraint. Our contributions are summarised as follows:

1. We propose Concept Distillation Sampling (CDS), the first unified, training-
free framework that formalises a new task: zero-shot, reference-free, multi-
concept editing, and provides the first unified framework that addresses it.

2. The first component of CDS is a refined delta-denoising formulation that
improves stability and fidelity in zero-shot editing, coupled with a novel dy-
namic weighting method that patch-wise balances the contribution of mul-
tiple concept-LoRAs without retraining.

3. We are the first to formalise the combined challenge of zero-shot multi-LoRA
composition and training-free image editing. Furthermore, we show that CDS
generalises across diverse editing scenarios. From text-driven zero-shot edits
to complex pose transformations in InstructPix2Pix [1], and multi-element
composition on ComposLoRA [40], CDS achieves state-of-the-art results,
proving vastly superior to naive adaptations of existing text-to-image com-
position methods (e.g., strategies like Switch or Merge applied to editing).
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2 Related Work

Diffusion-based Editing: Recent diffusion-based editing methods adapt text-
to-image models for image modification by exploiting semantic priors. Approaches
like Prompt-to-Prompt [24], DiffEdit [3], and MasaCtrl [2] use attention manip-
ulation, masking, or diffusion inversion for localised, text-guided edits, while
Null-Text [24] enhances reconstruction fidelity. However, their reliance on text
conditioning often compromises instance preservation across edits. Optimisation-
based methods such as SDS [26] align parametric representations with diffusion
priors but can cause unwanted global changes. DDS [8] mitigates this via differ-
ential gradients, and PDS [15] adds regularisation to retain image composition
(Sec. 3). Recent work like DreamCatalyst [14] further improves identity preserva-
tion, though it remains inherently restricted to 3D scene editing. These methods
randomly sample steps and remain confined strictly to text-to-image edits.

Composable Text-to-Image Generation seeks to synthesise images that
coherently blend several concepts. Early work used structured conditioning (lay-
outs or scene graphs) to improve compositionality [7, 13, 38]. Diffusion-based
methods later refined the generative process or prompting to handle multi-
concept inputs [5, 11, 16, 19, 25], but often depend on prompt design. Mod-
ular systems [4, 18, 20, 36] combine separately trained models yet require heavy
fine-tuning. We instead propose CDS, a unified training-free framework that
dynamically composes LoRA adapters directly into the image editing process.

LoRA-Based Skill Composition. LoRA provides lightweight personalisa-
tion for large diffusion models [30, 37] in image generation. Approaches such as
LoRAHub, ZipLoRA, and related mixture or hypernetwork-based schemes [10,
31, 34, 35, 41] combine multiple LoRAs through learned weighting, but re-
quire supervision and offer limited generalisation. Arithmetic or attention-driven
merging (LoRA Merge, CLoRA) [12, 23] and inference-time strategies (LoRA
Switch, Composite, MultiLFG) [29, 40, 42] avoid retraining yet suffer from in-
stability and inefficiency as LoRAs accumulate. LoRAtorio [6] proposes using
the distance of LoRA-enhanced model predictions from that of the base model
as a proxy of certainty. Concurrent works [22] target concept-based images with
source-target example image pairs. In contrast, we enable multi-concept editing
intuitively, which will synthesise novel views without explicit guidance. None of
the existing multi-LoRA composition methods is formulated for training-free,
target-less image editing. To our knowledge, CDS is the first framework
to formalise the multi-concept editing task, allowing seamless and con-
trollable integration of multiple concepts without requiring reference
images of the desired edit.

3 Preliminaries

Score Distillation Sampling (SDS): Score Distillation Sampling (SDS) [26]
leverages pretrained diffusion models to optimise a parametric image or 3D repre-
sentation xg, where 6 denotes the optimisable image parameters. This is achieved
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by matching the model’s predicted noise to that of a frozen teacher network
€4(2t,y,t) conditioned on a text prompt y. The SDS gradient can be written as:

0
VoLsps = Et.c |w(t) (ep(2e,y,t) — 6)% ; (1)

where w(t) is a time-dependent weighting term, ¢ ~ N(0,1) is the injected
noise, and z; denotes the noisy latent at timestep t. Here, zy represents the
clean latent encoding of the generated image, making % the Jacobian of the
differentiable encoding and rendering process. The timesteps ¢ are uniformly
randomly sampled, ensuring denoising across varying noise magnitudes rather
than following the forward diffusion order. Although SDS provides an effective
means for optimising image parameters under text guidance, it often introduces
undesired global updates when used for editing (Figure 4).

Delta Denoising Score (DDS): To mitigate the spurious gradients of
SDS in image editing, Delta Denoising Score (DDS) [8] removes the source-
conditioned denoising component from the target’s score estimate, leaving only
the differential (“delta”) signal corresponding to the semantic change between
prompts. The DDS gradient is given by:

rc aztgt
vOACDDS = Et,e |:U)(t) (6¢(z:gta Ytgt s t) - €¢(Z§ s Ysresy t))i| (909 ) (2>

tet . .
where 2™ and 2% denote the noised versions of the source and target latents,

respectively, while ys.c and yg are their associated prompts. When the prompts
coincide (Ytgt=Ysrc), the DDS gradient vanishes, thus preserving unedited re-
gions. This formulation leads to more localised targeted edits with reduced blur-
ring, although unintentional environment edits are not entirely eradicated.

To further constrain the distillation process, PDS [15] and DreamCatalyst [14]
in 3D/NeRF editing explore aligning the posterior trajectories between source
and target domains. In practice, this introduces a regularisation term scaling
with the difference between the source and target latents (¢;5 — & or 28" —25).
These formulations rely on time-dependent weighting functions derived strictly
from the base model’s variance schedule and vanish when ordering timesteps [15].

4 Concept Distillation Sampling

In this section, we formalise the problem of target-less, multi-concept image
editing. To solve this, we introduce Concept Distillation Sampling, a unified
training-free framework. CDS comprises two core innovations: a regularised,
timestep-ordered distillation objective that guarantees structural stability, and a
dynamic concept-weighting mechanism that seamlessly composes multiple LoRA
adapters without spatial interference. An overview is provided in Figure 2.
Problem Formulation: We address the task of zero-shot concept-based
image editing. In this context, a “concept” refers to any semantically meaningful
attribute that can be encoded via a LoRA adapter (e.g. a specific character
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Fig. 2: Overview of our CDS image editing framework. We integrate multiple
LoRA adapters into the image optimisation loop, enabling spatially-aware, concept-
preserving edits across multiple concepts. The denoising trajectory follows ordered
timesteps, allowing precise control over pose, style, and semantic attributes while main-
taining overall composition.

identity, object geometry, or artistic style) that is encoded within a personalised
LoRA adapter, but which cannot be adequately isolated or described by natural
language alone. Each concept is assumed to be learned independently, to reflect
truly in-the-wild zero-shot settings.

Given a source image T, a target text prompt y*8%, and a set of N concept-
encoding LoRA modules {loray,loras,...,loray}, our objective is to synthesise
a target image wg. This image must preserve the unedited structural founda-
tions of xg.. while seamlessly integrating the non-linguistic concepts dictated by
the LoRAs. We enforce a strict zero-shot constraint, that is, no reference samples
of the desired final edit are available to guide the spatial composition. To achieve
this, the editing process must satisfy two conditions simultaneously. First, the
parametrised target :rggt must be optimised such that the differential noise aligns
with the desired semantic shift:

Ebase (T1E, Y8 1) — €pase (2576, y*1C, 1) 2 afBt — . (3)

Second, the standard base noise estimate €p,5e must be dynamically replaced
by a spatially aware, composite noise prediction derived from the N independent
LoRA modules, preventing concept clash.

4.1 CDS Optimisation Objective
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Fig. 3: Visualisation of timestep-ordered denoising. Comparison between the
source image, VgLcps at intermediate optimisation steps, and the final target image.
Unlike DDS [8], which samples timesteps uniformly at random, our method enforces
a strict descending timestep order, enabling a coarse-to-fine denoising trajectory as is
evident from the visualised gradients. Early steps capture high-frequency structural
details such as edges, while later steps refine lower-frequency and stylistic components,
resulting in a more coherent and stable edit.

Standard distillation objectives sample timesteps ¢ ~ U(0,1) uniformly at
random. While this promotes generalisation across noise levels, it fundamentally
ignores the temporal structure of the diffusion reverse process, where early steps
dictate high-frequency structural edges and later steps govern low-frequency
stylistic rendering. To anchor the concept editing process, CDS enforces a strict
descending timestep order, 1 > w > --- > v > 0. This forces a coarse-to-
fine denoising trajectory (Figure 3). However, deterministic ordering introduces
destabilising gradients if unconstrained. To counter this without suffering the
vanishing gradients of prior trajectory alignment works, we propose a training
schedule-independent regularisation objective:

tgt
Oz }
)

VoLlcps = Ei e, e,y [(77 et — ayc| + (65 — &) 20

(4)
where €' and éigt are the respective predicted noises, and 7 is a static hyper-
parameter governing the strength of latent alignment. This explicit formulation
prevents coefficients from decaying during sequential stepping, as opposed to [15]
where ordered timesteps result to a zero derivative and thus no edit. To further
guide the optimisation against degenerate visual modes commonly induced by
aggressive LoRA conditioning, we integrate negative prompt guidance directly
into the optimisation loop:

éguided (Zt7 y+7 y_7 t) = (1 + )\)G(Zt, Z/+7 t) - )\G(Zt, y_a t)7 (5)
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Fig. 4: Comparison of our optimisation objective vs baselines. Our method produces
better results for the target subject with similarly perceived changes in the background.

where A dictates the classifier-free guidance scale. Together, timestep ordering,
explicit regularisation, and negative guidance form a highly stable distillation
backbone capable of supporting complex conceptual shifts.

4.2 Dynamic Concept Weighting

While the Lcpg objective provides the vehicle for stable text-guided editing, the
core of concept-based editing lies in composing multiple LoRA adapters with-
out concept clashing. A naive merge of LoRA weights often affects instance
fidelity, especially as multiple LoRAs are composed [40], and creates severe spa-
tial artefacts, even in the simpler image generation task. We propose a dynamic,
inference-time weighting mechanism that assesses a proxy for the confidence
of each concept at every denoising step. Our core intuition is that if a LoRA-
enhanced model predicts noise highly similar to the unmodified base model, that
LoRA is not contributing meaningful concept-specific information. On the con-
trary, where the prediction diverges strongly from the base model, the LoRA is
actively injecting its encoded concept.

Let epase(2t,t,¢) be the noise prediction of the frozen base model, and the
prediction of the i-th LoRA adapter be €rq,(2t,t,¢). At each timestep ¢, we
extract the spatial feature maps and partition them into P non-overlapping
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patches. We define a flattening function v that maps these spatial features into
a set of vectors:

Pltaase = Y(evase(2t, t,€)), Pf = Y(€rora; (21,1, €)). (6)

For every patch p € {1,..., P}, we compute the cosine similarity between
the base model’s patch and the corresponding patch from the i-th LoRA:

Sf,p = <P€)ase,p7Pf'7p>cos~ (7)

High similarity indicates low concept injection. Therefore, we compute the adap-
tive spatial weight o.);p for each LoRA patch by applying a temperature-scaled
SoftMin operation across all N concepts:

exp<_Sf,p/T)
S exp(—=St, /)

where the temperature 7 modulates the sharpness of the spatial isolation. These
patch-wise weights are then upsampled back to the original spatial dimensions
via nearest-neighbour interpolation, denoted as W!.The final, multi-concept con-
ditional noise prediction used within the Lcps optimisation loop is thus con-
structed dynamically:

wy , = SoftMin (5} ) = (8)

N
gconcept (Zt7 t; C) = Z Wf @ Elorai (Zt, ta C)a (9>

i=1

where ©® denotes the Hadamard (element-wise) product. By evaluating concept
confidence iteratively and spatially, CDS ensures that distinct elements, such as a
specific character’s face from one LoRA and a unique clothing style from another,
can seamlessly be composed in the edited image without concept confusion, while
maintaining the source image structure.

5 Results

We summarise the core insights of our evaluation. First, we demonstrate that
the foundational CDS distillation objective achieves state-of-the-art text-guided
editing by finding a balance between semantic edit strength and structural
preservation. Second, in the novel and highly challenging task of multi-concept
editing (up to 5 LoRAs), our full CDS framework successfully prevents the se-
vere concept erasure and spatial artefacts that plague existing composition base-
lines. Finally, comprehensive human and GPT-4V evaluations validate that CDS
yields vastly superior visual harmony and instance fidelity, confirming that our
spatially-aware dynamic weighting mechanism successfully bridges the gap be-
tween text-driven and concept-driven control.
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Table 1: Quantitative Evaluation of our optimisation method against pre-
vious SoTA, on InstructPix2Pix. Our method achieves statistically significant im-
provements in CLIPScore while maintaining comparable LPIPS; the CLIPScore gain
reflects a genuine semantic edge under a deliberate semantic—fidelity trade-off.

CLIPScoret LPIPS])
DiffusionClipi 0.251 + 0.022 0.572 £ 0.0594
PnPi 0.221 + 0.036  0.310 + 0.075
InstructPix2Pixi 0.219 4+ 0.037  0.322 £ 0.215
DDSt 0.225 + 0.031  0.104 + 0.061
PDSt 0.298 + 0.044 0.096 + 0.033
Ours 0.308 £ 0.042* 0.100 £ 0.042

fReported in [8]
tPDS [15] is a 3D method adapted to RGB
* statistically significant at 99% confidence interval.

Table 2: Quantitative Evaluation of Concept Distillation Sampling (CDS).
Performance comparison across four LoRA composition strategies for different numbers
of LoRAs on ComposLoRA testbed.

Bold values indicate statistical significance at the 99% confidence interval.

N=2 N=3 N=1 N=5 Total
CLIPScore] LPIPS] CLIPScorel LPIPS] CLIPScore] LPIPS] CLIPScoreT LPIPS] CLIPScorel LPIPS]
CDS 0.340 £+ 0.030 0.401 + 0.174 0.361 + 0.022 0.461 + 0.158 0.370 + 0.019 0.534 + 0.104 0.368 + 0.059 0.503 + 0.082 0.359 + 0.032 0.474 + 0.129
Composite 0.351 + 0.021 0.542 = 0.150 0.369 + 0.019 0.613 = 0.120 0.377 + 0.018 0.644 + 0.077 0.363 + 0.057 0.664 + 0.039 0.365 % 0.028 0.615 = 0.098
Switch 0.350 £ 0.021 0.456 £ 0.145 0.361 £ 0.021 0.485 &+ 0.147 0.367 £ 0.020 0.467 = 0.128 0.363 = 0.057 0.487 £ 0.108 0.360 + 0.029 0.473 + 0.132

Merge 0.346 £ 0.016  0.547 £ 0.133  0.352 £ 0.018 0.601 £ 0.112  0.354 £ 0.021 0.634 & 0.067 0.346 & 0.061 0.662 & 0.038 0.349 £ 0.029 0.610 & 0.087
(a) Reality

N=2 N =3 N=4 N=5 Total
CLIPScoref LPIPS| CLIPScoref LPIPS| CLIPScoref LPIPS] CLIPScoref LPIPS| CLIPScoref LPIPS]
CDS 0.324 + 0.026  0.321 £ 0.096 0.327 + 0.027 0.313 £ 0.084 0.331 + 0.027 0.314 £ 0.079 0.318 £ 0.029 0.306 + 0.067 0.325 £ 0.027 0.314 + 0.082
Composite 0.324 4 0.029  0.658 + 0.057 0.320 + 0.031 0.67 & 0.068  0.327 + 0.026 0.668 + 0.058 0.310 + 0.022 0.663 + 0.039 0.320 + 0.027 0.665 + 0.055

Switch 0.331 +£0.028 0.378 £ 0.07  0.335 + 0.03 0.368 £ 0.053 0.339 £ 0.025 0.316 + 0.047 0.331 + 0.024 0.319 £ 0.043 0.334 + 0.027 0.345 + 0.053
Merge 0.341 + 0.026 0.388 £ 0.091 0.341 + 0.03 0.428 = 0.091 0.340 + 0.026 0.473 + 0.094 0.331 £+ 0.022 0.498 &+ 0.084 0.338 + 0.026 0.447 £+ 0.090

(b) Anime

5.1 Implementation Details

For a fair comparison with previous works, we select stable-diffusion-v1.5 [28] as
the backbone for all experiments. For experiments on InstructPix2Pix, we select
1000 images from the train set for all zero-shot text-guided comparisons of our
optimisation objective against baseline DDS. We use a guidance scale s = 10,
and image size 512 x 512 and checkpoint “runwayml/stable-diffusion-v1-5”.

For our multi-concept editing experiments, we build upon the setup of [40],
using ComposLoRA tests that include 22 pre-trained LoR As spanning characters,
clothing, styles, backgrounds, and objects, and modify from text-to-image gen-
eration to image-editing (details in Sec. F'). We use the “Realistic Vision V5.1”
and “Counterfeit-V2.5” checkpoints for realistic and anime-style images, respec-
tively. For the realistic subset, a guidance scale s = 7, and image size 512 x 512;
for the anime subset we use s = 10. DPM-Solver++ [21] is used as the sampler,
with all LoRAs scaled by a weight of 0.8. We empirically set the temperature
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Fig.5: Comparison of our CDS framework against previous LoRA-
composition methods, evaluated using GPT-4V. Our method achieves higher
perceived image and composition quality, with consistently higher pairwise win rates.

7 = 0.002. For all experiments, we set the size of each patch to 2 x 2. For all
experiments, we select 300 denoising steps and set n = 0.5. Since our method
operates at inference time, all experiments are run on a single RTX A6000 GPU.
Results are averaged over three runs. We provide an extended sensitivity analysis
in Sec. A.

5.2 Quantitative Evaluation of Image Editing

Text-Guided Editing: We first evaluate the core distillation objective of CDS
on the InstructPix2Pix benchmark in Tab. 1. By isolating the optimisation back-
bone (ordered timesteps, regularisation, and negative prompts), we demonstrate
its stability over prior distillation methods. Our method achieves a statistically
significant improvement in CLIPScore over previous SoTA at 99% confidence
interval, while maintaining comparable LPIPS, visualised in Figure 4. Multi-
Concept Editing (Full CDS): To evaluate the effectiveness of our method in
multi-concept editing, we evaluate the full CDS framework, which integrates our
regularised distillation objective with dynamic concept weighting. We compare
our proposed CDS against three existing multi-LoRA strategies: Composite [40],
Switch [40], and Merge [12], selected as they have publicly available code that
can be adopted to image editing, without multiple inference steps. For each con-
figuration, we generate scenes containing N distinct LoRAs, each representing
a different concept from the ComposLoRA testbed (character, clothing, object,
background or style). We then apply our method to simultaneously edit all N
entities into different but semantically consistent counterparts (e.g., character;
— charactera, clothing; — clothings). This process is repeated across all valid
concept combinations in the testbed to ensure a comprehensive evaluation of
both cross-concept consistency and edit controllability.

CDS achieves the lowest LPIPS across most configurations Tab. 2; on the Re-
ality total split, LPIPS is statistically tied with Switch, but CDS retains a clear
advantage on Anime (0.314 vs. 0.345) and on every per-N slice for N > 3. CLIP-
Score remains on par or higher than baselines but saturates with more concepts,
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SWITCH
+ RAISE ARMS + SMILE CONCEPT

Fig.6: Examples of our method under different editing conditions. Our
approach enables consistent and coherent edits across diverse scenarios, including
pose changes, facial expression modifications, and element or object swaps (e.g., be-
tween different characters and environmental components). Each pair demonstrates the
method’s ability to preserve subject and visual fidelity while adapting to the intended
transformation.

likely due to modality gaps and prompt ambiguity, suggesting that alone it’s
insufficient to capture perceptual and compositional quality in multi-concept
edits. We see, however, that all methods have CLIPScores in similar ranges,
which indicates that CLIPScore is adequate to measure whether the generic ob-
ject is included, but not if the specific concept and instance are represented, thus
highlighting the need for qualitative evaluation.

5.3 Qualitative Evaluation via GPT-4V and Human Ranking

Since CLIPScore alone cannot capture compositional quality, we complement it
with qualitative evaluations using GPT-4V and human studies. GPT-4V scores
and pairwise win rates against Switch, Composite, and Merge are shown in Fig-
ure 5b and Figure 5a. Human evaluators likewise ranked our method highest for
image quality and concept integration, with the lowest average rank in Tab. 3,
followed closely by Switch. Additional results can be seen in Sec. C.
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Table 3: Human evaluation comparing our CDS framework to previous
LoRA-composition methods. In line with GPT-4V assessments, human raters con-
sistently preferred our method, which achieved the lowest average rank and most fre-
quent first-place selections (highest win rate).

Avg. Rank] Win Ratet

CDS 1.90 38%
Compose 2.62 31%
Switch 2.49 25%
Merge 3.00 5%

Table 4: CDS Core Objective Ablation. We establish a baseline with standard
DDS (300 steps unless indicated) and iteratively introduce our objective components
to isolate their effects. Our unified formulation achieves the optimal balance between
executing semantic changes and maintaining structural integrity.

CLIPScoret LPIPS]
DDS (200 steps) 0.225 £ 0.031  0.104 £ 0.061
DDS 0.305 £ 0.039 0.264 4+ 0.061

Strict Timesteps (+DDS) 0.332 4 0.032 0.461 + 0.076
Regularisation (+DDS) 0.291 + 0.041 0.081 + 0.033
Negative Prompts (+DDS) 0.318 + 0.040 0.319 + 0.076
Full CDS 0.308 £ 0.042  0.100 £ 0.042

5.4 Pose Changes Under Concept Preservation

By unifying dynamic concept weighting with our distillation objective, CDS
successfully handles complex edits involving simultaneous pose and semantic
changes. Shown in Figure 6, CDS maintains concepts across pose and expression
variations while preserving key composition in multi-LoRA edits.

5.5 Ablation

As shown in Tab. 4, enforcing ordered timesteps increases both metrics, reflect-
ing stronger structural changes consistent with more pronounced edits. In con-
trast, adding regularisation lowers both metrics, indicating overly conservative
optimisation that can suppress edits entirely. Strict Timesteps alone maximise
CLIPScore (0.332) but at the cost of LPIPS (0.461); the L1 regulariser alone over-
constrains the edit (CLIPScore 0.291). The two work in cooperation; full CDS
recovers structural fidelity (LPIPS 0.100) without sacrificing semantic strength.
Balancing these competing forces within the CDS objective produces the best
trade-off between edit strength and perceptual fidelity, aligning with empirical
visual inspection. Additional ablations on the effect of chosen hyperparameters
can be found in Sec. A.
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Fig. 7: Samples generated from the base model using text descriptions. We
observe distortions in the face, additional limbs, missing concepts, and inconsistent
knowledge of characters and objects, all of which affect downstream tasks.

6 Limitations and Error Analysis

Despite its training-free design, our method incurs computational cost. Run-
time increases approximately linearly with the number of LoRA adapters when
evaluated sequentially, as each adapter contributes a separate prediction. On an
RTX A6000, a 512x512 edit with five LoRAs requires 44s sequentially, compared
to 27s for a text-guided edit using only the base objective. However, the noise
predictions for each LoRA are computationally independent operations and can
therefore be evaluated in a single batched forward pass, where runtime drops to
33s, comparable to a single-LoRA edit. Performance also depends on the quality
and mutual alignment of LoRA adapters. Variability in publicly available LoRAs
(e.g., inconsistent training data or rank) can introduce imbalance, occasionally
biasing the composite output toward dominant adapters, an inherent issue of all
training-free methods. Finally, generation quality remains bounded by the base
model: artefacts such as duplicated limbs or entangled concepts (e.g., prompts
such as “raise arm” that also cause a smile) stem from the base model’s inherent
priors, and are not explicitly addressed by our method (Figure 7).
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7 Conclusion

We present Concept Distillation Sampling (CDS), a novel, training-free frame-
work for zero-shot, concept-based image editing. By integrating a robust, reg-
ularised distillation objective with a dynamic spatial concept-weighting mech-
anism, our method enables fine-grained, multi-concept edits. CDS successfully
overcomes the linguistic limitations of text-only editing, maintaining strict sub-
ject fidelity even under complex transformations, such as simultaneous pose and
semantic changes. Extensive quantitative and qualitative evaluations demon-
strate SOTA performance across both text-guided and multi-concept edits.
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