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Abstract

To enhance controllability in text-to-image generation, ControlNet introduces
image-based control signals, while ControlNet++ improves pixel-level cycle con-
sistency between generated images and the input control signal. To avoid the
prohibitive cost of back-propagating through the sampling process, ControlNet++
optimizes only low-noise timesteps (e.g., ¢ < 200) using a single-step approxi-
mation, which not only ignores the contribution of high-noise timesteps but also
introduces additional approximation errors. A straightforward alternative for op-
timizing controllability across all timesteps is Direct Preference Optimization
(DPO), a fine-tuning method that increases model preference for more control-
lable images (/") over less controllable ones (I 1. However, due to uncertainty in
generative models, it is difficult to ensure that win—lose image pairs differ only
in controllability while keeping other factors, such as image quality, fixed. To
address this, we propose performing preference learning over control conditions
rather than generated images. Specifically, we construct winning and losing control
signals, ¢ and ¢!, and train the model to prefer ¢c. This method, which we term
Condition Preference Optimization (CPO), eliminates confounding factors and
yields a low-variance training objective. Our approach theoretically exhibits lower
contrastive loss variance than DPO and empirically achieves superior results. More-
over, CPO requires less computation and storage for dataset curation. Extensive
experiments show that CPO significantly improves controllability over the state-of-
the-art ControlNet++ across multiple control types: over 10% error rate reduction
in segmentation, 70-80% in human pose, and consistent 2-5% reductions in edge
and depth maps. The error rate is defined as the difference between the evaluated
controllability and the oracle results. Our project is available herel

1 Introduction

Recent advancements in diffusion models [1H3] have achieved state-of-the-art performance in text-to-
image (T2I) generation. Text prompts serve as sparse conditioning signals, typically conveying only
global attributes such as background, foreground, and salient objects. However, when multiple objects
are present or when fine-grained details, such as edges or 2D/3D spatial structure, are involved, text
prompts struggle to capture such information precisely. These details are more effectively conveyed
through dense visual conditions, such as segmentation maps [4], depth maps [3]], and Canny edges [6].
To incorporate such dense control, several works [7H10]] introduce additional modules that extract
control signals on top of base T2I models, such as Stable Diffusion [2]. However, these methods do
not define an explicit training objective to ensure precise controllability.

ControlNet++ [L1] introduces a pixel-level cycle consistency loss between the generated image X
and the input control condition c to explicitly model controllability during training, as shown in
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Figure 1: (a) Data generation Process of DPO. We generate 20 images and find images that are the best and
the worst aligned with the input condition. The ImageReward (IR) score of the winner is 0.2 higher; otherwise,
the example is filtered out. (b) Data generation process of CPO. Our process is much simpler. We generate
one image to perturb the ground truth condition since the generation model is not perfectly controllable. (c)
Examples on Pose and Canny. c”’s are the ground truth conditions. In the Pose example, the red circle
indicates an artifact in the winning example of DPO. In the Canny example, the difference in Canny edge is too
hard to discern in raw pixels in DPO, but our method directly compares conditions.

Fig.[2| The cycle consistency is enforced via a loss term between c and ¢, where ¢ is extracted from
the generated image X using a condition detector. For example, in depth-to-image generation, this
corresponds to a mean-squared error loss. However, sampling from arbitrary timesteps ¢ with back-
propagation is computationally infeasible due to memory constraints. To mitigate this, ControlNet++
employs a single-step reparameterization of DDPM [1]] to approximate sampling. A key limitation
of this approach is the distribution mismatch between the reparameterized diffusion process and
sampling processes [1]], leading to noisy approximations. As a result, ControlNet++ is only applicable
for low-noise steps (¢ < 200), beyond which the sampled image X becomes non-recognizable [11]].
As a result, this paradigm fails to optimize high-noise timesteps that are important for image structure
generation [12H19].
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fusion DPO) [20], to fine-tune a pretrained model.
Diffusion DPO computes a pairwise contrastive loss
at each timestep without requiring an approximation.
Let I be an image and xg be its corresponding latent
representation. Given preference pairs (1%, I') with
the same condition c, where I" is the winning image that better aligns with c (i.e., has a higher
controllability score), the model learns to prefer x% over x. for any timestep . However, while
Diffusion DPO offers general preference optimization capabilities, it faces fundamental limitations
for controllable generation tasks. The inherent uncertainty in generative models makes it challenging
to create reliable win-lose image pairs that isolate controllability from other quality factors, thus in-
troducing potential noise. To highlight the limitations, we generate a dataset using the pipeline shown
in Fig.[1[(a), focusing on pose control due to computational constraintﬂ To construct high-quality
preference pairs, we generate 20 images per prompt using ControlNet [7] and select the sample
with the highest controllability score as I* and the one with the lowest as I'. To ensure that I*
is meaningfully better, we use ImageReward [21]] as a quality filter, requiring I™ to score at least
A = 0.2 higher than I'. This threshold is sufficiently large that around half of the generated pairs are
filtered out. Increasing the threshold further results in too few usable training examples. Despite this
setup, several challenges remain for adapting DPO to controllable generation.
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Figure 2: Illustration of ControlNet++.
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First, factors unrelated to controllability introduce noise, increasing loss variance and potentially
confusing the model. In the pose example shown in Fig. [T[c), although the winning image aligns

'We generate DPO training data only for Pose, as creating a Canny dataset requires over 5K GPU-days,
which is computationally prohibitive. However, we follow the same procedure to generate Canny examples.



better with the pose, it contains a round artifact on the rear of the motorcycle, highlighted in the red
circle. Optimizing on such pairs may degrade image quality. Experimental results in Fig. [6|further
support this claim.
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Second, some control types are hard to rec-
ognize in raw images. In the Canny edge
example shown in Fig. [I[c), differences in
Canny edge are hard to discern, while color
variations dominate visual perception.
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tionally expensive. Since images are gener— (a) Direct Preference Optimization (b) Condition Preference Optimization
ated using the same model, constructing a  Figure 3: (a) Training of DPO. DPO is trained to prefer I*
preference pair requires multiple inference over I'. (b) Training of CPO. CPO is trained to prefer c*
calls (we use 20) to ensure a diverse range over ch.

of controllability scores.

The first limitation arises because images encode much more information than just alignment with
a control signal c. Varying the generated image affects not only its alignment with ¢, but also
unrelated attributes such as background, color, and style. If we could vary only the controllability
score while keeping all other aspects fixed, this issue would be mitigated. Importantly, the alignment
between an image [ and a condition c is bi-directional. That is, one can compare two images
IV and I', where I" aligns better with c, or equivalently, compare two control signals c* and
c!, where c¥ aligns better with a fixed image I. We adopt the latter formulation by setting c*
as the ground-truth condition and constructing ¢’ via perturbation. Specifically, we estimate a
control signal from an image generated using c* as the condition. In the (1%, I') formulation, the
model must infer controllability differences indirectly from raw image content, which is particularly
challenging when conditions involve fine-grained details such as Canny edges. In contrast, the
(c®, c') formulation allows the model to observe controllability differences directly at the condition
level, thereby addressing the second limitation. The third limitation of DPO lies in its sampling cost:
multiple images must be generated to obtain a meaningful preference pair (I, I') with a significant
difference in controllability. In our approach, this burden is reduced. Since generative models are far
from perfectly controllable, the difference between ¢ and its perturbed version c' is naturally large
enough to serve as a training signal, requiring only a single image sample for perturbation. Based
on this insight, we propose Condition Preference Optimization (CPO) for controllable image
generation by constructing preference pairs (c®, c!). This method eliminates noise introduced by
irrelevant visual factors and provides a cleaner training objective. Our data generation process is
illustrated in Fig.[T(b), and the distinction from DPO training is shown in Fig.[3] Our contributions
are summarized as follows:

* Low variance training objective than DPO. Our method provides a low-variance (less noisy)
training objective than Diffusion DPO in the control-to-image generation task, and we provide
theoretical analysis in Appendix[C|and experimental support in Sec.

* Generalization beyond ControlNet++. Our method generalizes beyond ControlNet++ in the sense
that we can optimize arbitrary timesteps for improved controllability and support human pose.

* New Dataset. We curate and will open-source our Condition Preference (CPO) Dataset. There are
60K examples for human pose, 20K and 118K examples for ADE-20K [22]] and COCO-Stuff [23]]
segmentation, and 2.8M examples each for Canny edges, HED, Lineart, and Depth maps. The CPO
dataset is more efficient in curation and storage than the DPO dataset, with details in Appendix [D]

* State-of-the-art Results. Our method achieves state-of-the-art performance in various tasks. Specif-
ically, we achieve over 10% error rate reduction in segmentation, 70-80% error rate reduction in
human pose, and around 2-5% consistent error rate reduction on edges and depths after fine-tuning.
The error rate is defined as the difference between the evaluated controllability and the oracle result.

2 Related Works

Diffusion Models. Denoising Diffusion Probabilistic Models (DDPM) [1]] introduced diffusion
models for image generation by employing a forward diffusion process (a Markov chain) that
progressively adds noise to an image until it becomes standard Gaussian noise, and a reverse sampling



process that progressively denoises the Gaussian noise to an image using a UNet [24]. However,
DDPM discretizes the sampling process into 1000 steps, leading to inefficiencies. To mitigate
this, DDIM [235]] proposed a non-Markovian formulation that reduces the number of sampling steps
without significantly degrading generation quality. Subsequent works [26H28]] have developed more
advanced ODE solvers to further improve efficiency and sample quality. Beyond sampling steps
reduction, other studies have explored leveraging intermediate UNet features to reduce computational
cost, such as by reusing feature maps [29] or attention maps [30]. Additionally, latent diffusion
models (LDMs) incorporate VQGAN [31]] or VAE [32] to project images into a compact latent
space for better efficiency. With advancements in model architecture and training scale, LDM is
delivered as Stable Diffusion. Building on this foundation, recent works have proposed specialized
architectures [[7, 110,19, 18| 33]] and diffusion processes [34} 35] tailored to downstream tasks.

Controllable Image Generation. Controlling image generation at a fine-grained level, such as
aligning with Canny edges or depth maps, is difficult to achieve using text prompts alone, as they
offer sparse and coarse control. To address this limitation, ControlNet [7]] introduces efficient
fine-tuning modules on top of pretrained T2I models (e.g., Stable Diffusion) to incorporate dense
visual conditions such as depth and edge maps. UniControl and UniControlNet [[10, 9] extend this
framework to support multiple control types within a unified architecture. ControlNet++ [[11] further
improves controllability by enforcing cycle consistency between generated images and input control
signals. However, due to the iterative nature of diffusion sampling, it remains infeasible to apply
cycle consistency at arbitrary timesteps, as back-propagating through intermediate states requires
prohibitive GPU memory [[11].

Beyond diffusion-based approaches, ControlAR [36] introduces controllable autoregressive models
with multi-resolution training and inference. It employs DINO-v2 [37]] as the control signal extractor
and achieves competitive performance. However, due to the sequential nature of autoregressive
generation, it is significantly less efficient than diffusion models equipped with ODE solvers.

Direct Preference Optimization. Direct Preference Optimization (DPO) [38]] is a reinforcement
learning from human feedback (RLHF) method [39] originally developed for natural language
processing. It aims to maximize the log-probability difference between human-preferred and non-
preferred responses, encouraging the model to generate preferred outputs. Diffusion-DPO [20]
adapts DPO to diffusion models by leveraging a high-quality, human-annotated dataset [40]] to
enhance image generation quality. Subsequent works introduce alternative optimization techniques,
such as KTO [41] and preference score matching [42], to further improve performance [43] 44]].
However, in the context of controllable image generation, comparable human-annotated datasets are
unavailable. Moreover, applying DPO in this setting presents several limitations, including noisy
training objectives, imperceptible control differences (e.g., in edge maps), and high computational
overhead, as discussed in Sec. [T}

3 Methodology

We first present the preliminaries in Sec. and then describe our proposed method in Sec. 3.2

3.1 Preliminaries

Diffusion Models. Diffusion models [1]] define a forward diffusion process q(x:|xo) that adds
Gaussian noise to an image X, and a reverse sampling process pg(x:—1|x¢) that reconstructs the
image from noisy latent variables. These processes are defined as:

q(x¢|x0) = N (x¢; Vo, xo, (1 — a)I), where oy = szl(l — Bs)- 1)
Po(xe—1lxe) = N (x¢-13 fuy, Br), )
where fi, = 5 (xi— lie), B =125, e~ NOD. @)
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Here, f; is a predefined small constant. In Eq. (3, the noise term € is unknown and is predicted by a
neural network €y (x¢,t). Conditioning terms are omitted here for clarity. In practice, they serve as
additional inputs to the model.

Diffusion-DPO. In the setup of Diffusion-DPO [20], preference pairs {xy’, x}} are provided, and
the objective is to train the pretrained model ¢y to prefer the winner x¥’ over the loser x}. Using the
Bradley—Terry model [435]], the training objective is defined as [20]:

EDPO = _Ec,x}]",xé IOgO'

(x5'10) (xgle)
EXEU:TNPH(XT:T‘XSU) (log ;Io)zf(x%“\c) —log ;)Zf(x%|c))] ’ @

1 1 1
x1.7~Po (X171 |%0)

With appropriate algebraic and statistical simplifications (see [20] for derivation), this reduces to:

Lopo = ~Epg . r.c [ 1087 (= BT (lle = eo(x, DI = lle = enr(x1”, 1) 3

U2 U oy2 ®)

— (lle = el DI = lle — errlxch, )13))) -
Here, € is sampled from A/ (0, I), and x3’ and xfE are obtained via Eq. . The networks €y and €.¢
are initialized with the same weights, but only €y is updated during training. The scalar )\, is defined
as =% and w(\;) is practically set to 0.5 [20].

1—(11,

3.2 Proposed Condition Preference Optimization

Formulation. For notational simplicity, we omit the text prompt. Given a triplet (xq,c”, c'), where
X is the latent representation of an image I, and ¢, ¢ are control signals (e.g., depth maps), we
have c* aligning better with I than c'. Our Condition Preference Optimization (CPO) loss is:

Ppo(xolc®)

X Cl

Similar to Eq. (3)), the expression can be simplified (full derivation is provided in Appendix [B) as:

Lepo = ~Eiew et xoy,1,e| 108 (= BTw) (lle = eoxis e, )} = le = (1 c”, 1) 3

(7
= (lle = eolxe, ' )3 = lle = en(xi, e, )]3) ) )|

Gradient Analysis for the Improved Formulation. We begin by defining the following terms:

a=pTw, dy=|le=co(xe,c”, )3 — lle = eo(xe, €', )13, drer = lle = erer(3x2, €, )3 = [le — erer(3xe, €, )13 (8)

The gradient of Lcpo (ignoring the expectation for clarity) is:

VoLepo = —0 (- (dg — drer)) - Vo (= - (dg — drer)) ©)

=x-0 (a . (d.g - dref)) . Vedg.
This is equivalent to scaling the gradient of a loss defined by dy. The term dy resembles a triplet
loss, where ¢ serves as the anchor, eg(x;,c?,t) as the positive sample, and eg(x;,c',t) as the
negative sample, but without a margin term and zero-clipping. The margin term and zero-clipping are
introduced to prevent excessive contrast between positive and negative pairs.

Importantly, in CPO, the negative sample does not imply “incorrectness”, but rather a weak alignment
between image and condition. Therefore, we include a triplet margin to avoid overly contrasting the
two samples. In addition, since « is typically set to a large value (e.g., 2500) [20], it can amplify the
gradient and destabilize training. To mitigate this, we remove the scaling factor « from the outside.

Our final CPO loss is formulated as:
Lcpo = E(cw et xo),t, e [Ncpo - max(dg +m,0)],

w (2 Lz 0
where A\cpo = sg (- (dg — drer)) , and di = ||e — €. (x4, €™, 1)]|5 — ||€ — €x(x¢, ', t)]5-



Table 1: Quantitative comparison in controllability. 1 means higher is better, | means lower is better. The
best results are boldfaced. Oracle indicates the performance of the condition detection model on ground truth
images, which is the upper-bound of controllability. We only compare models with the same CFG Sales for
fairness. - No publicly available checkpoints or evaluation results are available. TModels are not open-sourced,
but results are copied from their papers. * Evaluated with their provided checkpoints.

Segmentation Pose Canny HED  Lineart Depth
Method T2I Model ADE20K COCO-Stuff COCO-Pose HumanArt MultiGen-20M
mloU 1 mAP 1 F1+ SSIMt SSIMt RMSE]|
ControlAR (CFG =4.0) LlamaGen-XL  39.95% 37.49 - - 36.78*  0.8184* 0.7922f  29.33*
Ours (CFG = 4.0) SD1.5 46.38 36.10 - - 39.68 0.8299  0.8559 25.98
T2I-Adapter SD1.5 12.61 - - - 23.65 - - 48.40
Gligen SD1.4 23.78 - 87.84 39.88 2694 05634 - 38.83
Uni-ControlNet SD1.5 19.39 - 12.50 423 2732 0.6910 - 40.65
UniControl SD1.5 25.44 - 75.29 27.90 30.82  0.7969 - 39.18
ControlNet SD1.5 32.55 27.46 72.53 34.52 34.65  0.7621  0.7054 35.90
ControlNet++ SD1.5 43.64 34.56 - - 38.03*  0.8097  0.8399 28.32
Ours SD1.5 44.81 35.49 87.98 45.71 39.28  0.8201  0.8447 27.49

Oracle - 55.07 41.32 92.54 50.03 100.0 1.0 1.0 0.0

Here, sg(-) denotes the stop-gradient operation. Since dy diverges from the original diffusion model
objective, we add the pretrained diffusion loss as a regularization term. The final loss becomes:

2
Liotar = Lcpo + /\‘Cpretraim where Epretrain = E(xo,c’w), t, € ||€l - EO(Xt’a c?, t/) ||2 . (11)

The variables ¢’ and ¢’ denote independently resampled noise and timesteps. A proof that the variance
of the CPO loss is lower than that of DPO (i.e., it is less noisy) is provided in Appendix [C]

CPO Dataset Curation. Suppose we have a detection model R that extracts control signals from
images, a generative model G that generates images conditioned on control signals, and a dataset
consisting of images I and control signals ¢ (text prompts are omitted for simplicity). Our data
curation process proceeds as follows: (1) Generate an image I using G conditioned on c; (2) Set the

winning condition ¢ = c and obtain the losing condition ¢! = R(f ); (3) If the original control c is
unavailable, fallback to ¢ = R(I); (4) Store the triplet (I, c®, c').

We select G to be ControlNet++ when available; otherwise, we use ControlNet. A detailed comparison
with DPO dataset curation is provided in Appendix D}

4 Experiments

Datasets and Curation. Following ControlNet++ [[11], we use ADE20K [22] and COCO-Stuff [23]
for segmentation-to-image generation, and MultiGen-20M [10] for edge and structure-based con-
ditions, including Canny edges, HED, Lineart, and depth maps. In addition, we include COCO-
Pose [46] and HumanArt [47] for pose-to-image generation. Note that we only train the pose-to-image
generation model on COCO-Pose and test it on both COCO-Pose and HumanArt. We curate CPO
datasets using COCO-Pose, ADE20K, COCO-Stuff, and MultiGen-20M. For COCO-Pose, we gen-
erate images using ControlNet [7] and apply YOLO-11x-Pose [48] to extract keypoints from the
generated images, which serve as the perturbed condition c'. For the remaining datasets, we use
ControlNet++ to generate images and apply the same condition detectors as in ControlNet++.

Evaluation and Metrics. Following ControlNet++ [[L1], we resize all images to 512x512 for
evaluation. We use mean Intersection over Union (mloU) for segmentation, root mean squared
error (RMSE) for depth, and structural similarity index (SSIM) for Lineart and HED. For Canny
edges, we report the F1 score, and for human pose, we follow conventions in pose estimation [49]]
to report mean Average Precision (mAP). To ensure fair comparison, we use the same condition
detectors as ControlNet++ to extract conditions from the generated images. For pose estimation,
we use YOLO-11x-Pose [48] to detect human keypoints. In addition to controllability metrics, we
report Fréchet Inception Distance (FID) using the CleanFID implementation [50] and CLIP similarity
scores [51]. For consistency across all experiments, we fix the classifier-free guidance scale to 7.5
(the standard for SD1.5-based models) and use the UniPC sampler [28] with 20 inference steps,
matching the ControlNet++ setup. Training details are provided in Appendix [E]

Baselines and Base Models. We compare against several strong controllable generation baselines,
including T2I-Adapter [8], GLIGEN [33]], Uni-ControlNet [9], UniControl [[10], ControlNet [7],
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Figure 4: Qualitative Comparison in Cotrollability. Red boxes indicate the area where our method achieves
better controllability.



Table 2: Results in FID)/CLIP{. Best results are boldfaced. We only compare models with the same CFG
scales.

Segmentation Pose Canny HED Lineart Depth

Method T2I Model ADE20K COCO-Stuff  COCO-Pose ~ HumanArt MultiGen-20M
ControlAR (CFG =4.0) LlamaGen-XL 27.151/ - 14.51/31.09* - - 19.00*/29.12*  14.03*/30.82* 12.417/ - 17.70*/29.19*
Ours (CFG =4.0) SD1.5 27.59/31.80  17.01/32.20 - - 18.49/31.15 12.24/31.55  12.98/31.44  14.62/31.72
T2I-Adapter SD1.5 39.15/30.65 - - - 15.96/31.71 - - 22.52/31.46
Gligen SD1.4 33.02/31.12 - 41.36/32.13  48.92/31.20  18.89*/31.77 - - 18.36/31.75
Uni-ControlNet SD1.5 30.97/30.59 - 46.19/31.78  37.26/33.50  17.14/31.84 17.08/31.94 - 20.27/31.66
UniControl SD1.5 46.34/30.92 - 44.74/31.92  46.39/33.28  19.94/31.97 15.99/32.02 - 18.66/32.45
ControlNet SD1.5 33.28/31.53  21.33/32.21*%  42.02/32.05 32.22/33.83  14.73/32.15 15.47/32.33  17.44/32.46  17.76/32.45
ControlNet++ SD1.5 30.24°/31.96  19.79732.25* - - 20.16%/31.87 15.01/32.05  13.88/31.95  16.66/32.17
Ours SD1.5 30.30/31.97  19.30/32.36  39.21/32.90  39.94/32.98  19.69/31.83 13.35/32.07  13.35/31.98  15.88/32.31

ControlAR [36], and ControlNet++ [I1]]. As our method is designed as a fine-tuning approach, it
requires initialization from a pretrained model. We use ControlNet as the base model for human pose
generation and ControlNet++ for all other tasks.

4.1 Experimental Results

Fair Evaluation. To ensure fair comparison, we re-evaluate the results of ControlNet++ and Con-
trolAR using their official checkpoints. If substantial differences are observed due to variations
in the machine environment or implementation details, we report our re-evaluated results instead.
Specifically, ControlNet-based methods use the Kornia implementation for Canny edge detection,
whereas ControlAR uses an OpenCV-based implementation with a different threshold, which can
lead to inconsistencies. Additionally, there are subtle differences in depth and HED preprocessing:
ControlNet-based methods round these maps to integers during image generation and evaluation,
while ControlAR retains floating-point values. All re-evaluated results are marked with *. Further-
more, ControlNet-based methods are evaluated with a classifier-free guidance (CFG) scale of 7.5 [52],
while ControlAR is evaluated at CFG scale 4.0. To ensure fairness, we also evaluate our method at
CFG scale 4.0 and only compare methods under the same CFG scale.

Controllability Results. Controllability eval- gContalbose o ours SPICLS) B L
uation results are presented in Tab. [I] In the R 'S
MultiGen-20M dataset, labels are generated us-
ing the same condition detectors employed for
evaluation, enabling oracle controllability scores
to be perfect when extracting conditions from
ground-truth images. In contrast, labels for hu-
man pose and segmentation tasks are human-
annotated, making evaluation upper-bounded by
the accuracy of the condition detector. The error
rate is defined as the difference between the
evaluated controllability score and the oracle
result. Our method consistently yields sub-
stantial improvements over the base models it
fine-tunes. Specifically, we observe approxi-
mately 10% error rate reduction on ADE20K, § = =& >3

14% on COCO-Stuff, and over 70% on both - ()lineart )

pose datasets. For edge-based control types, we Figure 5: Qualitative Comparison in Pose and Lineart.
observe a 2% error rate reduction on Canny and Lineart, 5% on HED, and 3% on depth. The relatively
modest improvements for fine-grained signals like Canny and Lineart may be due to the sparsity of
supervision in the latent space. In contrast, HED captures coarser structural cues and thus enables
more noticeable gains. For object-level control conditions such as human pose and segmentation,
our method achieves significantly more pronounced improvements. Compared to ControlAR, our
approach demonstrates substantially stronger controllability performance across most settings, except
for COCO-Stuff.

FID and CLIP. We report FID and CLIP scores in Tab. Q Compared to ControlAR, our method
achieves comparable FID scores while significantly outperforming it in CLIP scores. Relative to
ControlNet++, our method has minimal impact on both metrics, suggesting that the controllability
improvements from fine-tuning do not compromise overall generation quality or semantic alignment.
We note that our FID score on HumanArt is worse than that of the base model, ControlNet. This




Table 3: User study on controllability.
Task CPO  ControlNet++ ControlAR
HED  47.73% 37.87% 14.40%
Depth  46.67% 40.27% 13.06%

Table 4: Ablation studies on the effect of DINO-v2 feature extraction on controllability. T means higher is better,
J means lower is better. The best results are boldfaced. Oracle indicates the performance of the condition
detection model on ground truth images, which is the upper-bound of controllability.

Segmentation Pose Canny HED Lineart Depth
Method T2I Model ADE20K COCO-Stuff COCO-Pose HumanArt MultiGen-20M
mloU 1 mAP 1 FI1+ SSIMT SSIM{1 RMSE|
Ours SD1.5 44.81 35.49 87.98 45.71 39.28  0.8201  0.8447 27.49
Ours-DINOv2 SD1.5 43.72 39.25 88.45 49.98 44.81 0.8376  0.8301 26.92
Oracle - 55.07 41.32 92.54 50.03 100.0 1.0 1.0 0.0

is likely due to a domain gap: HumanArt consists predominantly of cartoon-style images, while
our training data (COCO-Pose) comprises real-world photographs. A similar pattern is observed
with GLIGEN, which is also trained on COCO-Pose. However, our method generalizes better
than GLIGEN on this out-of-distribution dataset, indicating stronger robustness despite the domain
shift. Finally, we observe that the classifier-free guidance (CFG) scale significantly affects both
controllability and FID. We include an ablation study on this in Sec. 4.2}

Qualitative Comparison. We present qualitative comparisons with baseline methods in Figs. [ and[5]
For HED and Canny edge conditions, other methods produce undesired edge artifacts within the
highlighted red boxes, while Control AR additionally misses key edge segments, indicated by the red
arrows. In the depth example, the original image depicts a shallow river near the camera, where the
riverbed is visible. Control AR fails to capture this detail, ControlNet++ introduces an undesired tree,
and ControlNet generates an over-height mountain. In the segmentation example, ControlAR fails to
generate the ketchup and the sandwich, while both ControlNet++ and ControlNet omit the sandwich.
Notably, our method is the only one that correctly generates the table in the upper-right corner. The
black region in the input condition represents background and is not evaluated for correctness. In
the pose example (Fig. [5)), both GLIGEN and ControlNet mistakenly generate multiple humans,
whereas our method accurately renders a single person. In the Lineart case, our method produces
more coherent results in generating the cloud-shaped object highlighted in the red box.

User Study. We conduct a user study on Con- 8801 o ours
trollability among our methods, ControlNet++, 87.8f —«— DPO
and ControlAR. We randomly sample 25 ex-
amples each from HED and depth and ask 15
annotators to select which one is the most con-
sistent with the input condition. The results in % 87.2
win rate (%) are shown in Tab. 3]

87.6

< 87.4

87.0

4.2 Ablation Study 868

86.6

CPO vs. DPO. Since DPO requires additional

. . e 37.0 375 380 385 39.0 395 40.0 40.5
dataset curation, we provide a quantitative com- FID 4
parison on COCO'POSG [46] only. We evaluqte Figure 6: Comparison with DPO. We evaluated 5 check-
five checkpoints evenly spaced throughout train- points equally throughout training and observed that
ing and report results in Fig. @ Our method  under the same mAP level, our method gets better FID.
consistently achieves higher mAP at matched FID levels, or lower FID at matched mAP levels,
demonstrating improved controllability—quality trade-offs over DPO.

DINO-v2 adaptation. ControlAR adopts pretrained DINO-v2 [37] to extract features of conditions,
while ControlNet-based methods use simple CNNs. The DINO-v2 is also adaptable to ControlNet-
based methods and generally improves image quality and controllability, shown in Tab. 4] and [5]
Ours-DINOv?2 is obtained by pretraining a ControlNet with the DINO-v2 adapter until convergence,
followed by our CPO finetuning for at most 4000 stepsE]

2We train ControlNet++ for COCOStuff and Depth for 500 steps and 2000 steps, respectively. For other
tasks, we do not train ControlNet++.



Table 5: Ablation studies on the effect of DINO-v2 feature extraction on FID]/CLIPT. Best results are boldfaced.

Segmentation Pose Canny HED Lineart Depth
Method T2I Model ADE20K  COCO-Stuff COCO-Pose  HumanArt MultiGen-20M
Ours SDL.5 30.30/31.97  19.30/32.36  39.21/32.90  39.94/32.98 19.69/31.83 13.35/32.07 13.35/31.98 15.88/32.31
Ours-DINOv2 SD1.5 30.02/32.02  17.57/32.53  37.58/32.73  43.78/32.45 14.62/32.07 12.06/32.07 13.12/32.03 15.50/32.45

Table 6: Ablation Studies on CFG Scales. Table 7: Ablation Studies of margin and regular-

CEG scale Seg. (ADE-20K) Canny ization strength on ADE-20K dataset.
mloU?/FID}/CLIPt  F11/FID{/CLIP} Margin ~ Reg. Strength  mIoU?1/FIDJ/CLIP{

15 45.18/28.28/30.95  39.49/20.45/29.54 m=001  A=005 44.81/30.30/31.97

3.0 46.40/27.21/31.68  39.69/18.95/30.75 m=01  A=005 44.81/30.47/31.96

40 46.38/27.59/31.80  39.68/18.49/31.15 nomargin A =0.05 44.83/30.79/31.93

75 44.81/30.30/31.97  39.28/19.69/31.83 m=001 A—=015  44.09/29.98/32.00
Control AR (4.0) 39.95/27.15/- 36.78/19.00/29.12 m =001 A=0 46.01/31.37/31.92
m=0.01 A=1 39.01/30.80/31.77

Classifier-Free Guidance. We conduct experiments on varying the classifier-free guidance (CFG)
scale for our method in Tab. [} Additional results are in Appendix [F] We observe that increasing the
CFG scale beyond a certain point (around 3—4) leads to a degradation in both FID and controllability,
while CLIP scores continue to improve. This trade-off between FID and CLIP scores has also been
observed in prior work [2], and our results show a similar trend extending to controllability. These
findings highlight an open research question: how can we fairly evaluate controllable image
generation, given the inherent trade-offs among controllability, FID, and CLIP, all of which are
influenced by the CFG scale.

Regularization Strength and Margin. We conduct an ablation study on the margin m and regular-
ization strength X in Eqs. (9) and (I0) to evaluate the effect of each component in our design. Results
are reported in Tab.[/| In the first three rows, we fix A and vary the margin m. In the last three rows,
we fix m and vary \. The case of "no margin" corresponds to using an untruncated contrastive loss.
To better interpret the results, we evaluate checkpoints that achieve similar mIoU when varying m.
For the regularization strength A, models are trained for 10K steps. Interestingly, when A is set too
high, performance deteriorates. This may be due to the pretraining loss dominating the CPO objective,
causing the model to revert toward the original ControlNet behavior. When the regularization term is
removed (i.e., A = 0), controllability improves substantially, reducing the error rate by around 10%,
but both FID and CLIP scores degrade. At A = 0.15, controllability gains are smaller, but FID and
CLIP scores improve. Notably, although models trained without regularization (A = 0) achieve worse
FID, the drop in visual quality is not always perceptible to humans, as shown in our Appendix [F

5 Conclusion

In this paper, we propose Condition Preference Optimization (CPO), a low-variance training objective
compared to DPO. CPO achieves better FID scores at matched Controllability, benefiting from
reduced variance and a disentangled training signal. In addition, CPO supports training at arbitrary
timesteps, allowing it to generalize beyond ControlNet++ and achieve state-of-the-art controllability
across a variety of tasks. Through evaluation across different classifier-free guidance (CFG) scales, we
also uncover a broader challenge in the fair evaluation of controllable image generation: specifically,
how to jointly assess controllability, FID, and CLIP scores.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: See Sec.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: See Appendix.
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Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: See Appendix.[C|
Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We will open-source code, checkpoints, dataset, and required versions of
packages. Training parameters are shown in Appendix [E]

Guidelines:

* The answer NA means that the paper does not include experiments.
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* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: We will open-source everything, but we may not be able to submit it anony-
mously at this point.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See Sec.[]and Appendix [E]
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: This is not computationally feasible.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: See Appendix [E]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
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9.

10.

11.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We conform with code of ethics.
Guidelines:

* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: See Appendix [A]
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer:

Justification: Our dataset does not contain unsafe issue, but for models, we are unable to
provide so.

Guidelines:
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» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

13.

14.

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We uses the code and Models from ControlNet and ControlNet++ and properly
cite them. Datasets are also cited.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: We properly documented.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

19


paperswithcode.com/datasets

15.

16.

Justification: Not involved.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Not involved.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: Core method does not involve LLMs.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Appendix
Our appendix is structured as follows:

* [Al Limitations and Broader Impact.
« [B} Full derivation of the CPO loss.
. Proof of the claim that the CPO loss has lower variance than DPO.

* [D} Comparison between the CPO and DPO datasets, including analysis of computation and
storage costs.

* [E} Training details, including hyperparameters and hardware specifications.
« [& Additional ablation studies.

. Additional visual results and selected failure cases.

A Limitations and Broader Impact

Limitation and Future Work. Recent works such as Control AR [36]] enable multi-resolution training
and inference, while ControlNet-based methods (using Stable Diffusion v1.5 as the base T2I model)
are typically trained and evaluated at a fixed 512 x 512 resolution. Additionally, it may be interesting
to apply our method to other RLHF algorithms such as KTO [41]].

Broader Impact. As a controllable generative model, our method may have a positive societal
impact in areas such as privacy preservation—for example, generating images conditioned on Lineart
extracted from humans to obscure identity. However, similar to general-purpose generative models, it
carries risks of malicious misuse, including the generation of unsafe or inappropriate content (e.g.,
nudity).

B Full Derivation of CPO loss

Our Condition Preference Optimization (CPO) loss is defined as:

w l
Lopo = —Eew et x, logo [Exlzwpe(xlzﬂxo) (10g polole ) 1o M)} . (12)

pref(xo |Cw ) g pref(xO |C )

o is the sigmoid function. Since sampling from py is intractable, we approximate it using the
diffusion process defined in Eq. (I). Because the log-sigmoid function is convex, we can apply
Jensen’s inequality to move the expectation outside, resulting in the following (condition ¢ omitted
for notational simplicity):

Lepo < ~Bpgyen e[ logo (= AT (+ Dw gl | %0,) | polxer | x0,"))
— Dkr(q(xi-1 | %0, ) || Prer(xe—1 | x¢,€")) 13)
— Dkr(g(xe—1 | %0, ) || pa(xe-1 | x¢,¢"))
+ D (a1 | %0, ) [ pei(xi-1 | x0,¢1) ) |
By [1]], each KL divergence term can be simplified, yielding the following final form:
Lepo = ~Een et o) 1, | 1080 = BTwO) (lle = eo(xe, ¢, )} = lle = ent(xs, ¢, )3
(14)

= (le = olxerc I3 = lle — errlxerc DI3) ) )|
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C Proof of Loss Variance

We include the proof that our CPO loss achieves lower variance here.

1. Decomposition of inputs. We write each of the two inputs ™ (“winning”) and v~ (“losing”) as
ut =a+6% 4 0F (15)

nuis*

For example, u™ is x}’, ¢ for DPO and x;, ¢ for CPO. v~ is defined similarly for the losing example.
@ is a shared baseline, specifically original input x;, ¢, d.,] is the deviation due to condition alignment,
and 0, collects all other deviations. Define

Agyl = or 0o, Anuis = 5T o

ctrl ctrl? nuis ~ “nuis’

u+ —u = Actrl + Anuis- (16)

2. Centering nonzero means. If the deviations have nonzero mean, set

Mectrl = E[Actrl]; Mnuis = E[Anuis]a (17)
and define residuals B _
Actrl - Act',rl — Mctrl, Anuis - Anuis — Mnuis- (18)

3. Linear approximation of the score difference. We first define:
so(u) = —|leg(u) — €l|3 = —lea(x¢, €) — €l[3. (19)

We ignore input ¢ as it is not relevant. Let g = V, s9(@). By a first-order Taylor expansion,

As = sp(ut) = so(u”) = (g, ut —u") = (g, pewt + pnuis) + (9, Dcert + Apuis). (20)

4. Variance decomposition. The variance of As is

Var[As] = E[((9, 2) — Ellg, 2))] 1)
=E[(g, 2)*] - (El{g. 2)])" 22)
= E[(QT(ECUI + Znuis))Q} - (QT]E[Kctrl + znuis])Q (23)

= gT E [(zctrl + Anuis)(ﬁctrl + Anuis)—r} g— gT (E[zctrl + Anuis]) (E[Actrl + 3nuis])T g (24)

=0

Var[As] = g7 [cov(zcm) + Cov(Apuis) +2 Cov(Acu, Enuis)] g. (25)

Vetrl Vauis Veross

5. DPO case. Due to the inherent randomness of sampling process, both A, and A vary, giving
chtrl > 07 Vnuis > 0; ‘/cross # 0 - Var[As] = QT (V::trl + Vnuis +2 chross)g' (26)

6. CPO case. Since we fixed images and only varied conditions, we have

Vnuis - O, ‘/cross - O; V;trl = COV(Actrl) >0 = Var[As] = gTV;:trlg > 0. (27)

Note that we have [53]:
AxB = ¢"Ag>g" By (28)

Since covariance is always positively semi-definite, by comparing Eqgs. 26]and we can find that

the variance of CPO case is smaller since it only contains variance from perturbing the condition.
Thus, the training objective only focuses on controllability.
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Table 8: The optimal storage cost of one preference pair in terms of the number of RGB images (i.e. 1.66 means
storing a preference pair is equivalent to storing 1.66 RGB images). Note that segmentation maps can be stored
as labels, and poses can be stored as keypoints.

With original image = Without original image

DPO 3.66 2.66
Ours 1.66 1.66

Table 9: Training Hyperparameter.

Prompter Segmentation Pose Canny HED Lineart Depth
ADE-20K COCO-Stuff COCO-Pose MultiGen-20M
Learning rate le-8 le-8 le-7 3e-9 le-8 3e-9 le-8
Optimizer AdamW [54]

A 0.05 0.05 0.1 0.05 0.05 0.02 0.05
m 0.01 0.005 0.01 0.005 0.01 0.05 0.01
Number of steps 10K 10K 20K 10K 10K 10K 10K
Batch size 16 16 16 256 256 256 256

D Comparison to DPO dataset

To generate a DPO dataset, we need to sample ™, I' using a generative model G (e.g., ControlNet [[7]
or ConrolNet++ [11]). However, since both samples are drawn from the same distribution (i.e., the
sampling process of (7), their alignment with ¢ may be nearly indistinguishable. In practice, we
must sample multiple images and select the most and least aligned ones. In our experiments shown
in Fig. [I] we sampled 20 images. We assume the controllability score s of a generated image
follows a distribution S, where S denotes the distribution of controllability scores for all images
sampled by model G. According to order statistics, for any distribution S, if s1, ..., s99 ~ S, then
P (min({s,}22,) < ¢’ < max({sn}22,)) = Z—_ﬁ Here, s’ is a new sample drawn from S. When
n = 20, this probability is approximately 90%, implying that I* achieves a controllability score in
the 90th percentile compared to a random sample I. Even under this setup, we still cannot observe
clear differences in controllability from raw images, as shown in Fig.[T|c).

Moreover, in this case, DPO requires 20 X more computation than our method, which severely limits
scalability. In practical applications, the storage requirement for the DPO dataset is also larger, as
shown in Tab. (8} If the DPO dataset does not store the original image, our method requires only % of
the storage. If the DPO dataset includes original images to support regularization terms, our method
reduces storage to % of that required by DPO.

Beyond efficiency, our method may also mitigate safety concerns by storing only c!. DPO dataset
curation involves generating full images, which can raise safety issues. In contrast, since our method
involves only the generation of control signals (e.g., edges, depth, segmentation maps), it avoids such
risks.

E Training Details

We include our training details on hyperparameters in Tab.[9] The training with batch size 16 and 10K
steps takes approximately 8 hours to finish with 2 H100 GPUs. Readers may assume linear scaling
when increasing the number of steps and batch size. Non-mentioned hyperparameters are in their
default setup, such as optimizer configuration.

F More Ablation Studies

Ablation Studies on DINOv2. Control AR [36] reveals the effectiveness of extracting image condition
features with the DINOv2 model [37]], which improves the image quality and controllability. We
find that the DINOV?2 is also effective in diffusion models, shown in Tab. E] and Tab. E} In general,
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Table 10: More Ablation Studies on CFG Scales.

CFG scale Seg. (ADE-20K) Seg. (COCO-Stuff) Canny HED Lineart Depth
mloU1/FID{/CLIPt mloU1/FID|/CLIPt  FI11/FID//CLIPt SSIM1/FID|/CLIPt SSIM1/FID|/CLIPt RMSE|/FID|/CLIPt
1.5 45.18/28.28/30.95 34.21/17.16/31.05  39.49/20.45/29.54  0.8329/12.73/30.50  0.8607/14.34/30.30 25.35/17.54/29.65
3.0 46.40/27.21/31.68 36.01/16.30/32.00  39.69/18.95/30.75  0.8317/12.29/31.27  0.8584/13.28/31.13 25.67/14.71/31.34
4.0 46.38/27.59/31.80 36.10/17.01/32.20  39.68/18.49/31.15  0.8299/12.24/31.55  0.8559/12.98/31.44 25.98/14.62/31.72
75 44.81/30.30/31.97 35.49/19.30/32.36  39.28/19.69/31.83  0.8201/13.35/32.07  0.8447/13.35/31.98 27.49/15.88/32.31
ControlAR (4.0) 39.95/27.15/- 37.49/14.51/31.09  36.78/19.00/29.12  0.8184/14.03/30.82 0.7922/12.41/- 29.33/17.70/29.19
—e— Qurs ControlNet++
Seg (ADE20K) Seg (COCOStuff) Canny
46.5 36 J
46.0 39.5 A
45.5 35 4
S 45.0 1 S 3907
g S s
= 44.5 4 = 344
4.0 38.5 4
43.5 337
T T T T T T T 38.0 4 T T T T
CFG scale CFG scale CFG scale
HED Lineart Depth
0.860
0.830 4 28.0
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i 0.820 g o é 26.5 4
0.815 - 0.845 1 26.0
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Figure 7: Comparisons with ControlNet++ under different CFG scales.

DINO-v2 feature extraction improves controllability, image quality, and text-to-image alignment in
most scenarios.

Additional Ablation Studies on CFG Scales. We include additional ablation results in Tab.[10l We
observe that after the CFG scale reaches 3—4, further increasing the CFG scale leads to a degradation
in controllability. We also include a graphical illustration of controllability improvement under
different CFG scales in Fig. m Under CFG scales 1.5, 3.0, 4.0, and 7.5, our method outperforms
ControlNet++ with a notable margin.

Visual Comparisons on Different Regularization Strengths. As discussed, increasing controllabil-
ity by adjusting the regularization strength leads to a slight drop in FID score, but the difference is
not visually noticeable. Visual comparisons are presented in Fig. [§] where quality differences are
minimal and difficult to perceive due to their subtlety.

G Additional Visual Examples

We include additional visual comparisons with SOTAs in Fig.[9] and visual comparisons between
CPO and DPO in Fig.[TT] We implement our method on FLUX-ControINet for the Lineart task and
include the visual comparisons between our methods and promeAI’s open-sourced FLUX-ControlNet
for Lineart in Fig.[I0] The training data for FLUX-ControlNet is obtained from a subsample of
LAION-5B [55]. To generate the losing condition, we use our CPO models to generate samples,
detect conditions, and resize c* to 1024 pixels. For demo showcase, we include additional visual
examples for Pose in Fig. % Segmentation in Fig.[T3] HED in Fig.[I4] Lineart in Fig.[I5] Canny in
Fig.[I6] and Depth in Fig.

Failure Cases. We present failure cases in Fig. [I8] Our method struggles with extremely dense
control conditions and with generating fine details for small human faces—a common limitation
across all diffusion-based models.
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Gnerated Images & Extracted Condtions
Input & Condition A=0 A =0.05 A=0.15

}

T‘\ un 0’

Figure 8: Visualization with different \.
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Original Image & Condition Ours ControlNet++ ControlAR ControlNet

Canny

Segmentation

Figure 9: Additional Qualitative Comparison in Controllability. ed boxes indicate the area where our method
achieves better controllability.
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Figure 10: Comparison with Prome Al FLUX-ControlNet.
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Original Image Pose CcPO DPO

Figure 11: visual Comparisons between CPO and DPO in Pose task.
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Original Image

& Condition _ Generated Images & Extracted Conditions

Figure 13: Additional Visual Examples for Segmentation maps. Note that black areas in ground truth segmenta-
tion are ‘background’ and not considered for correctness.
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Figure 14: Additional Visual Examples for HED.

30



Original Image -
& Condition Generated Images & Extracted Conditions

Y
O e ATE T,

=9 235 2) % P s

Figure 15: Additional Visual Examples for Lineart.
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Original Image .
& Condition » Generated Images & Extracted Conditions

Figure 16: Additional Visual Examples for Canny.
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Figure 17: Additional Visual Examples for Depth.
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(a) Highly dense control signals

Input and condition Generated images and extracted conditions

(b) Small human faces

Condition Generated images

Figure 18: Failure cases. (a) When the condition is highly dense, the generated images can hardly follow it. (b)
Similar to the problem with all diffusion models, our method struggles with human generation when humans are
small but require details in their faces.
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