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Abstract. Diffusion models have become a dominant paradigm for con-
ditional image generation, yet existing approaches generally follow two
directions: task-specific designs that can improve performance but limit
generalization, and training-free loss guidance that compresses rich con-
ditions into scalar objectives and applies stepwise guidance, leading to
information bottlenecks and error accumulation along the sampling tra-
jectory. Given the urgent need for an effective unified framework across
diverse conditional image generation tasks, we propose Data Injection
and Contrastive Trajectory Refinement (DICT), a training-free infer-
ence method that enhances conditional image generation without intro-
ducing task-dependent architectures. DICT introduces Data Injection,
where noise-perturbed conditional signals are integrated into early de-
noising stages; by performing guided denoising on these injected signals,
DICT adaptively selects and distills task-salient information from the
raw condition, effectively preserving spatial richness and ensuring pre-
cise condition-to-generation alignment. Furthermore, DICT applies Con-
trastive Trajectory Refinement across adjacent denoising states, enabling
pairwise comparisons that progressively improve sample quality. These
designs keep inference simple while improving cross-task transfer under
a unified diffusion formulation. Extensive experiments on conditional im-
age generation tasks (e.g., style transfer, image super-resolution, and im-
age deblurring) show consistent gains in fidelity and perceptual quality
over representative task-specific and loss-guided baselines.

Keywords: Conditional Image Generation - Diffusion Models - Training-
Free Inference

1 Introduction

Diffusion models (DMs) [8, 22] have become a dominant paradigm for condi-
tional image generation, largely due to their strong priors and flexible sampling
dynamics. In many practical conditional image generation settings (e.g., style
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transfer, image super-resolution, and image deblurring), the informative value
of the given conditions is often restricted. For instance, a condition might capture
merely partial target features [12,15] or represent a corrupted observation [11,26].
Such suboptimal conditions inherently hinder faithful generation, requiring the
model to extract useful signals while suppressing misleading cues.

Existing approaches can be categorized into two major classes of methods: (1)
condition-specific designs, which tailor architectures or constraints to particular
condition types, such as feature injection and fusion for style transfer [4,15,25] or
data-consistency and trajectory relaxation for image super-resolution and image
deblurring tasks [11,23,28]; and (2) generic inference-time loss guidance, which
formulates condition satisfaction as a scalar loss and utilizes its gradients to
guide the reverse diffusion trajectory without additional training [2, 29, 30].

While broadly applicable, loss-guided inference suffers from two key limita-
tions. First, it compresses the condition reference into a single scalar loss, so
guidance is driven primarily by the gradient of this objective. This scalariza-
tion creates an information bottleneck: the structured, high-dimensional content
in the condition reference is not fully retained in the resulting gradient signal,
leading to updates that are often too coarse to provide fine-grained control in
complex tasks. For instance, in style transfer, a loss function might indicate how
far a stylized image is from the target style overall, but it lacks the granular
information needed to specify specific elements like texture patterns and brush
strokes, which exist only within the high-dimensional data itself and are not
reducible to a single scalar. Furthermore, loss guidance using scalar objectives
leads to compounding error accumulation. In the iterative denoising process,
inaccuracies at any step persist and propagate along the sampling trajectory,
increasingly biasing the generation and degrading final sample quality. Alterna-
tively, while latent initialization methods like SDEdit [17] avoid scalarization by
adding noise to a reference image and denoising it, they typically employ a one-
shot integration strategy. This lacking of continuous condition anchoring often
leads to trajectory drift, and their inability to adaptively filter out irrelevant
condition information restricts their general efficacy.

To address these issues, we propose Data Injection and Contrastive Trajectory
Refinement (DICT), a general inference framework for conditional image gener-
ation that goes beyond scalar loss guidance and avoids task-specific redesign. Our
motivation is twofold. First, although task-specific architectures or constraints
can better exploit a given condition, they often encode condition-dependent as-
sumptions and thus transfer poorly across tasks and condition types. To improve
generality, DICT avoids explicit constraints and instead leverages the condition
as data: we diffuse the condition signal and inject its noise-perturbed counterpart
into the early denoising steps. This design allows the model to access richer con-
ditional information than a scalar loss, selectively amplifying informative cues
while suppressing redundant or degraded components. Second, even with a better
condition representation, stepwise loss optimization remains prone to error ac-
cumulation along the reverse process. To stabilize sampling in a model-agnostic
manner, compatible with U-Net [22] and Transformer-based backbones [19], we
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exploit the temporal structure of the reverse diffusion process and introduce a
Contrastive Trajectory Refinement mechanism. Concretely, we optimize a con-
trastive trajectory objective that enforces step-to-step improvement, ensuring
that the prediction at each timestep is more aligned with the condition signal
than the prediction at the previous timestep, thereby reducing error propagation
and promoting consistent refinement along the sampling path.

Overall, our main contributions are as follows:

— We analyze limitations of existing conditional image generation methods:
condition-specific designs can improve task performance but generalize poorly
across tasks, while generic inference-time loss guidance compresses rich con-
ditions into scalar objectives, leading to information bottlenecks and error
accumulation along the sampling process.

— We propose Data Injection and Contrastive Trajectory Refinement (DICT),
a training-free inference method that enhances conditional image genera-
tion without introducing task-dependent architectures. DICT injects noise-
perturbed conditional signals in early denoising steps to strengthen condition
alignment, and further refines the reverse process via a contrastive trajectory
objective across adjacent denoising states to progressively improve quality.

— Extensive experiments on conditional image generation tasks (e.g., style
transfer, image super-resolution, and image deblurring) demonstrate con-
sistent improvements in fidelity and perceptual quality over representative
task-specific and loss-guided baselines.

2 Related Work

Style Transfer. We focus on text-driven style transfer, which aims to generate
images that follow the text content while adopting the style of a reference image.
Existing methods can be divided into two categories: those that learn feature
mappings and those that exploit prior features. Feature-mapping approaches
learn to project style/content attributes into dedicated spaces and model their
relations, e.g., mapping style features into the diffusion model’s CLIP space
(StyleShot [0]), learning a style feature space from CLIP image features (Style-
Crafter [15]), or explicitly decomposing CLIP image features into content and
style representations (CSGO [27], DEADIff [21]); related work also maps style
attributes via lightweight tuning with human feedback (StyleDrop [24]). Prior-
feature exploitation approaches instead leverage pretrained representations to
extract or inject style cues, such as subtracting text content embeddings from
image embeddings (InstanStyle [25]), decoupling content via ControlNet [32] to
obtain cleaner style features (StyleStudio [12]), or injecting and aligning atten-
tion features (queries/keys/values) from the style image (StyleAlign [7]).
Super-resolution and Deblurring. We consider super-resolution and de-
blurring, recovering a clean image from a low-resolution or blurred observa-
tion. Existing approaches mainly follow two directions: methods based on strict
constraints and methods based on flexible sampling. Constraint-based methods
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enforce explicit data-consistency to match the degraded observation, e.g., multi-
stage consistency (SITCOM [1]), correction/projection constraints (PSLD [23],
[28]), or lightweight gradient-based consistency enforcement (DCDP [14]). Flex-
ible sampling methods relax or reinterpret the reverse diffusion process, such
as viewing posterior sampling as Bayesian filtering (FPS-SMC [7]), formulating
sampling as discretized optimal control (DOC [13]), or steering via vector-field
objectives and scheduled constraint relaxation (FlowChef [18], FlowDPS [11]).
Beyond these general strategies, many task-specific designs have also been ex-
plored for super-resolution, e.g., SeeSR [26] and InvSR [31].

Compared to task-specific methods, DICT directly conditions on the given
image and adaptively extracts useful cues by injecting noise-perturbed condi-
tional signals into early denoising steps and denoising them along the reverse
process, avoiding biases from learned condition-dependent feature mappings and
the partial information captured by fixed pretrained features. Moreover, DICT
does not rely on strict task-specific consistency constraints or modified sampling
procedures; instead, it leverages the conditional input to apply a Contrastive
Trajectory Refinement objective across adjacent denoising states, enabling pair-
wise step-to-step comparisons that progressively improve condition alignment
and sample quality in a unified and more general manner.

Loss-gradient Guidance. Training-free loss-guided methods have emerged
as a versatile paradigm to incorporate complex constraints into pretrained diffu-
sion models without the need for task-specific fine-tuning. These methods typi-
cally leverage the gradients of external loss functions to shift the sampling trajec-
tory towards a target region defined by the condition. For instance, FreeDoM [30)]
achieves conditional generation by utilizing off-the-shelf networks to construct
energy functions, employing an iterative time-travel strategy to enforce semantic
consistency. TFG [29] unifies them into a comprehensive design space, propos-
ing an efficient search strategy to dynamically optimize guidance parameters for
various tasks. However, a major bottleneck of these methods is the increased
computational overhead caused by repeated gradient computations. To address
this, Adaptive Guidance [2| accelerates inference by adaptively omitting the un-
conditional score evaluation once it converges with the conditional estimate.

Unlike previous methods, DICT goes beyond scalar loss gradients by injecting
a noise-perturbed condition in early denoising steps to exploit rich conditional
signals. It further introduces a Contrastive Trajectory Refinement that enforces
step-to-step improvement, mitigating error accumulation, and improving quality.

3 Method

3.1 Revisit Latent Diffusion Models

The latent diffusion models [22] operate in latent space, using a forward process
that gradually adds noise to reach a standard Gaussian and a reverse process
that steadily denoises to generate samples.

Thus, the clean latent vector zy can be first obtained:

20 = E(), (1)
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where E is an encoder of [22]. = denotes the clean data.

The forward diffusion is a Markov chain, where the latent vector z; at each
state t € (1,T) is obtained by adding Gaussian noise to the clean latent vector
Z0:

2zt = Qpzo + V1 — age, (2)

where a; = Hizl(l—ﬁt), B¢ € (0,1) adopts a fixed variance schedule. € ~ A(0,T)
is the noise.

The reverse diffusion starts from a Gaussian sample 2z ~ N(0,I) and pro-
gressively denoises. Based on PLMS [16], each preceding state z;_; is obtained:

5 :Zt—\/l—@t@(t)
0|t \/a ) (3)

zi1 = /o1 zopty/ 1 — a1 — ofeg(t) + 042,

where z ~ N(0,I) and €(t) = Zi:ol wieg(zi—i, t —4). k = 4 is for the historical
steps. w; is the weighting coefficient. €y is predicted noise, implemented by a
backbone such as U-Net [22] or DiT [19]. For this paper, we use the U-Net as
our foundational model. 07 = 0 for deterministic sampling.

Finally, the target image x can be obtained via decoding:

x = D(zp), (4)

where D represents the decoder of [22].

3.2 Task Setup for Conditional Image Generation

Conventionally, super-resolution and deblurring are treated as fundamentally
distinct from text-driven style transfer due to their differing natures—explicit
physical degradations versus abstract semantic conditions. To bridge this con-
ceptual gap, we mathematically frame them as generalized posterior sampling,
providing a unified formulation under conditional image generation.

Formally, let y denote the unknown clean image (or latent) to be gener-
ated, and let 2 denote the available condition, which can be a semantic/style
specification (e.g., text and a style reference image) or a degraded observation
(e.g., low-resolution/blurred image). Both tasks can be cast as sampling from
the conditional distribution:

y~plylr), plylz) o< plzly)p(y), (5)

where p(y) is the diffusion prior learned from data, and p(z|y) measures the
compatibility between the generated image y and the condition x. Equivalently,
we can target the Maximum a Posteriori (MAP) estimation:

y" = argmin —logp(zy) — logp(y). (6)
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Style Transfer. For text-driven style transfer, the condition = = (¢, s) com-
bines a text prompt ¢ (content) and a style image s (style). Under our unified
posterior view:

p(ylt, s) o< p(t, sly)p(y)- (7)

Assuming t and s are conditionally independent given y, we can factorize the
conditional term as p(t, sly) = p(t|y)p(s|y). This leads to:

p(ylt, s) o< p(sly)p(ylt), (8)

where p(y|t) o< p(t|y)p(y) represents the text-conditioned prior. In practice,
p(ylt) is implicitly learned by a pretrained diffusion model (e.g., via classifier-free
guidance), while p(s|y) is explicitly defined using an energy-based surrogate:

- logp(s|y) ~ ‘Cstyle(y7 S) (9)

Therefore, MAP inference under these conditions can be formulated as:
y* = arg myin Estyle(yv S) - 1ng(y|t)7 (10>

where the gradient of —logp(y|t) is provided by the conditioned score function
of the diffusion model.

Super-resolution and Deblurring. For super-resolution or deblurring, the
condition x results from a known degradation operator A(-):

r=Aly)+e, €~N(0,0%T), (11)

which yields a standard data-fidelity term —logp(z|y) o ||x — A(y)||3. Therefore,
MAP inference under degraded conditioning can be written as:

= argmin o~z — A(y)|l3 — logp(y). (12)
Y g

This unified view motivates inference procedures that exploit conditional
signals while remaining robust to condition information.

3.3 Overall Framework of DICT

We introduce Data Injection and Contrastive Trajectory Refinement, hereafter
DICT, for conditional image generation (Fig. 1), a general inference method
beyond loss guidance. It injects noise-perturbed conditions in early denoising
and enforces step-to-step improvement with a contrastive trajectory objective.
Data Injection. In conditional image generation, the fidelity of the output
is dictated by how effectively the condition x is integrated into the sampling tra-
jectory. Existing training-free methods predominantly rely on a scalar-guidance
paradigm, where rich, high-dimensional conditions x are compressed into a single
scalar loss objective. This drastic reduction in dimensionality creates a severe in-
formation bottleneck: a scalar value is fundamentally insufficient to encapsulate
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Fig. 1: Overview of DICT. Data Injection is integrated into the early reverse diffu-
sion stages to retain conditional richness, leveraging guided denoising to adaptively
extract task-salient information from the perturbed condition. Simultaneously, Con-
trastive Trajectory Refinement spans the entire trajectory to ensure coherence and
refine the generative path for superior quality. Task-specific conditions, where applica-
ble, remain persistent throughout the process to ensure consistent guidance.

the spatial complexity and fine-grained textures of the condition. Consequently,
the resulting gradients often fail to recover subtle cues, leading to a significant
loss of fidelity as the model hallucinates details to fill the information void.

To circumvent this information collapse, we propose a direct Data Injection
mechanism. Instead of relying solely on a simplified scalar proxy, we incorporate
noise-perturbed versions of the condition x directly into the diffusion inference
loop during the early denoising stages (Fig. 1, Fig. 2(a)). By denoising these
injected signals alongside the latent variables throughout the reverse process,
the model can adaptively distill task-relevant information from the raw condi-
tion. This enables the generative trajectory to be grounded in the target data
manifold, ensuring that the final output preserves high-frequency details and
structural nuances that are typically lost in traditional loss-guided frameworks.

Specifically, given a condition x, we choose an operation M(+) to transform x
into a higher-quality initial condition that amplifies useful signals for guidance:

& = M(z), (13)

where M is a task-dependent but lightweight preprocessing step that better
aligns the condition with the guidance objective. It is worth noting that although
M is inherently task-specific (analogous to task-dependent loss functions), it
introduces no trainable parameters and does not modify the internal structure
of the base model. Consequently, our “architecture-independent” claim remains
valid. Details of M are provided in Sec. B of the Supplementary Materials.

We then use the processed condition Z to initialize the reverse diffusion with
zr at time step T', and to compute the condition latent ¢; used at each denoising
step t:

5 = E(#),
zr = vVarzZ+ 1 — are, (14)
¢t =vVaz+vV1—aey, i =1,..., Niger,
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where € ~ N(0,1). For i = 1, we set €;; = €; otherwise, ¢;; = €5(t) (Eq. 15). Nyjjer1
denotes the number of iterations. The condition latent ¢ is a noise-perturbed
version of the condition = that preserves its high-dimensional spatial richness.
Rather than injecting the condition data directly, we add noise to it to facilitate
selective information exploitation. This strategy is grounded in the observation
that task-relevant features—such as stylistic textures in style transfer or seman-
tic structures in image restoration—typically manifest as the dominant signals
within the image space. Stochastic noise effectively disrupts redundant and irrel-
evant information, whereas the dominant conditional structures remain resilient
and perceptible to the diffusion prior, thanks to their high-dimensional robust-
ness. Consequently, compared to conventional guidance methods that compress
rich conditions into a single scalar loss—thereby creating an irreversible informa-
tion bottleneck—our noise injection strategy effectively maintains the integrity of
the conditional cues. By grounding the sampling process in the noise-perturbed
image manifold rather than a simplified scalar proxy, DICT enables the model
to adaptively distill task-salient signals while suppressing harmful interference,
leading to superior generation quality and fidelity.

Subsequently, we inject lightweight variants of the condition data into the
early reverse-diffusion steps to improve output fidelity and sampling efficiency:

¢t = Qdata X %t + (1 — Qdata) X Ct,
€9(2t, Ct, Crask) = Vdata X €9(Ct, Ctask)
+ (1 = Ydata) X €9(2t, Ctask),
€o(t) = ég(2t, Ct, Crask ),

(15)

where z; and ¢; are integrated via weighted summation, enabling their informa-
tion to interact and be adaptively refined during denoising. ag,tq and Ygqeq are
weighting factors, with values reported in Sec. B of the Supplementary Mate-
rials. cyusx denotes the task-level condition: the text prompt for style transfer,
and empty for super-resolution and deblurring.

Discussion. SDEdit [17] synthesizes images by noising a user-provided im-
age to a fixed timestep tg and then denoising it to reach the data manifold. Our
DICT differs in three key aspects: (i) Role of the Condition. SDEdit treats the
condition primarily as a latent initialization (a starting point). It relies on the
model’s unconditional prior to “hallucinate” missing details based on the noisy
layout of the input. In contrast, DICT treats the condition as an active refer-
ence source. Instead of just starting from latent initialization, DICT explicitly
distills specific high-dimensional cues (e.g., stylistic textures for style transfer or
semantic skeletons for restoration) from the condition throughout the denoising
guidance process. This ensures the output is grounded in the condition’s actual
features rather than just its coarse layout. (ii) Integration Frequency. SDEdit
is a one-shot strategy that only conditions the generative process at the initial
timestep to. This often leads to a “drift” where the model loses track of the
condition in later stages. In contrast, DICT performs multi-step injection over a
subset of the denoising trajectory. This continuous anchoring provides a more di-
rect and stable path toward the target, effectively reducing suboptimal solutions
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Fig. 2: The detailed schematics illustrate the Data Injection and Contrastive Trajec-
tory Refinement within the DICT framework.

common in fixed-initialization methods. (iii) Adaptive Selectivity. SDEdit lacks

a mechanism to distinguish between relevant and irrelevant information—it at-

tempts to reconstruct the entire noisy input. DICT, however, leverages the noise

prediction, i.e., €; = €g(t) in Eq. 15 as a natural filter. By injecting noise and

denoising under guidance, DICT adaptively ignores harmful or irrelevant content

(e.g., the objects in a style image) and only attends to the task-salient signals.
We then compute the predicted clean latent zg|s:

. Zt — \/]. — Qy 69(t)
Zo‘t - \/Et 9

where 2g|; is expected to be consistent with the condition . We therefore opti-
mize zq|; to better capture condition-relevant target information:

£1(20|tax) :floss(D(ZOH)ax)v
Zolt = Zojt — M X Vo, L1(20p, ),

(16)

(17)

20|t

where fj,ss is the task loss function. 77 controls the step size of gradient updates

to 2g|¢. More details are in Sec. B and Sec. C of the Supplementary Materials.
After that, we obtain the z;_; with rich information:

Zt—1 = A/O—_1 Zo‘tﬁ’\/l*at_l *O’tz Ee(t)+0t2’, (18)

where oy = 0. While Eq. 17 encourages zo; to match z, it does not guarantee
that predictions at later steps are more accurate than those at earlier steps, since
errors can accumulate monotonically along the trajectory without an explicit
correction mechanism.

Data Injection as a Non-gradient Score Proxy. To bypass scalar gra-
dient bottlenecks, our Data Injection (Eq. 15) uses latent spatial displacement
as a score surrogate. DICT models ¢; as an empirical Dirac distribution to im-
plicitly maximize high-dimensional likelihood and preserve complex information.
Details are in Sec. A of the Supplementary Materials.

Contrastive Trajectory Refinement. In conditional image generation
tasks, relying on a scalar-level loss £ has fundamental limitations. Such a loss
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Table 1: Hyperparameter settings for different tasks in DICT.

Hyperparameters Style Transfer Image Super-resolution Image Deblurring
Base Model SD v1.4 LDM LDM
Sampling Steps 50 200 200

Latent Weight (tdata) 0.88 0.88 0.88

Noise Weight (Vdata) 0.2 0.1 0.1

Iterative Updates (Niter1, Niter2) 3,3 3,3 3,4

Initial Update Rate (11, n2) 2°,2°  [0.08, 0.015, 0.006]", 0.02 [0.13, 0.015, 0.006]*, 0.02
Data Injection Steps (771) 1-18 1-8 1-50
Contrastive Trajectory Margin (margin) 1.0 1.0 1.0

© This task employs a varying parameter schedule [29] for 7, and ns.

f This task employs a three-stage schedule for 7:: steps 1-130, 131-160, and 161-200.
* This task employs a three-stage schedule for 71: steps 1-130, 131-150, and 151-200.

provides only a static target at a single timestep and does not reflect the tempo-
ral structure of the reverse-diffusion trajectory. In practice, this leads to locally
optimal updates at each discrete timestep, rather than a coherent refinement tra-
jectory, i.e., zg|¢—1 is not guaranteed to be a principled improvement over zg|.
Without an explicit mechanism to correct earlier deviations, small inaccuracies
introduced at early steps can propagate and compound, biasing the sampling tra-
jectory and degrading the final result. To address these issues, we leverage the
reverse-diffusion trajectory structure (Fig. 1 and Fig. 2(b)) and impose a Con-
trastive Trajectory Refinement principle: each intermediate prediction should be
closer to the condition target than the previous one. This trajectory-aware de-
sign supports incremental correction and favors more reliable denoising paths,
thereby mitigating error accumulation via a contrastive trajectory objective:

Ly = max (Cl(zo|t—1, y) — ﬁl(zo\u Y) + Cmargin, 0)7

(19)
Zot—1 = Z0jt—1 — N2 X Vg, L2,

where pargin enforces a margin, requiring the negative sample zp; to remain
at least a fixed distance away from the positive sample zg;_;. 72 controls the
step size of the gradient-based update applied to zg|;—;. All parameter settings
are provided in Sec. C of the Supplementary Materials. With this strengthened
trajectory prior, 2g;—1 is encouraged to be closer to the target than zg|s.

Ultimately, we obtain the noisy latent z;_; which integrates more accurate
and higher-quality condition information:

Zt—1 = VO—1201t—1 + /1 — qu_1€ (20)
Iterating this reverse process yields the final output:
o = D(Zo), (21)

where xy = y denotes the final output, i.e., the target sample generated under
the provided condition.

Contrastive Trajectory Refinement as a Discrete Lyapunov Stabi-
lizer. Solver truncation introduces Local Truncation Errors (LTE, O(At**1))
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Fig. 3: Qualitative comparisons. An asterisk (x) denotes models in the pixel space;
those unmarked operate in the latent space.

causing tangential drift. Our Lo acts as a discrete Lyapunov constraint enforc-
ing monotonic energy decay (AL; < —aumargin). Functioning as a soft Manifold
Projection Operator, it generates a normal force to mitigate orthogonal LTE,
promoting coherence. Details are in Sec. A of the Supplementary Materials.

4 Experiments

4.1 Experiment Settings

We study conditional image generation under three tasks: style transfer, super-
resolution, and deblurring. For text-driven style transfer, we evaluate on 40,000
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Table 2: Quantitative comparisons of the conditional image generation. The best
results are in bold. The second best results are underlined.

(a) Quantitative comparisons of text-to-image style transfer task.

DICT StyleShot StyleStudio StyleCrafter DEADIiff InstantStyle StyleAlign CSGO StyleDrop TFG FreeDom

Text Score 1| 0.2952  0.2740 0.2852 0.2582 0.2907 0.1920 0.2553 0.2688 0.2780 0.3092 0.2933
Style Loss | | 0.6313  0.6747 0.9996 0.7444 1.7697 1.2691 0.8252 0.6793 1.3341  2.1120 2.7492
CLIP Loss | |4.2334  6.0415 7.7899 7.0266 9.3485 8.4820 6.9670 6.5944 8.5434 7.7799 11.1131

(b) Quantitative comparisons of image super-resolution task.

DICT InvSR PSLD FPS-SMC* SITCOM* DMAP  FlowDPS FlowChef DOC* TFG* FreeDom™*

PSNR Score 1(28.8600 21.5851  24.9210 27.6305 25.3733 26.3395 25.0459  23.1086  26.7617 26.3441 10.7963
SSIM Score 1| 0.8233  0.6713 0.6397 0.8283 0.7805 0.7840 0.7438 0.7458 0.8167 0.7979  0.2546
LPIPS Loss || 0.1573  0.2374 0.2560 0.2029 0.2460 0.2499 0.3114 0.2868 0.1717  0.2106  0.7190

(¢) Quantitative comparisons of image deblurring task.

DICT DCDP* PSLD  FPS-SMC* SITCOM®* DMAP  FlowDPS FlowChef DOC* TFG* FreeDom*

PSNR Score 1| 27.5794 27.9110  25.8065 25.7486 23.0995 18.8024 21.1828  20.5104 25.2189 22.6209 12.3003
SSIM Score 1| 0.7736  0.7384 0.7566 0.7665 0.7082 0.3096 0.5987 0.6067 0.7362 0.7149  0.3105
LPIPS Loss || 0.2236  0.2325 0.2675 0.2540 0.3100 0.5541 0.4887 0.4934 0.2448  0.2869  0.6764

stylized images at 512 x 512 resolution, constructed by pairing 200 text prompts
with 200 style images randomly sampled from WikiArt [20]. For super-resolution
and deblurring, we evaluate on 1,000 randomly selected FFHQ images [10]. In
super-resolution, we downsample each image by a factor of 4x and add Gaussian
noise with standard deviation 0.01, and generate outputs at 256 x 256 resolution.
In deblurring, we apply a Gaussian blur kernel of size 61 with standard deviation
3.0, add Gaussian noise with standard deviation 0.01, and generate outputs at
256 x 256 resolution. Hyperparameter settings for different tasks of DICT are in
Tab. 1. Detailed settings are in Sec. B of the Supplementary Materials.

4.2 Comparison

For style transfer, we primarily compare against latent-space methods (including
StyleShot [6], StyleStudio [12], StyleCrafter [15], DEADIff [21], InstantStyle [25],
StyleAlign [7], CSGO [27], StyleDrop [241], TFG [29], and FreeDom [30]), as
they align better with generation conditioned on text and images. For super-
resolution and deblurring, prior work spans two mainstream paradigms: pixel-
space approaches (including FPS-SMC [5], SITCOM [1], DOC [13], TFG [29],
FreeDom [30], and DCDP [14]), which often excel in pixel-level fidelity met-
rics, and latent-space approaches (including InvSR [31], PSLD [23], DMAP [2g],
FlowDPS [11], and FlowChef [18]), which are typically more efficient and flexi-
ble. Although our method is implemented in the latent space, we include both
pixel-space and latent-space baselines for a comprehensive evaluation.

Qualitative Comparisons. We present a qualitative comparison.

In Fig. 3(a), prior methods often exhibit weak stylization (e.g., DEADIff,
StyleDrop, TFG, and FreeDom), inaccurate prompt adherence (e.g., StyleStudio,
StyleCrafter, and CSGO), or content leakage from the reference style image (e.g.,
StyleShot, InstantStyle, and StyleAlign). In contrast, our DICT better preserves
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text semantics (e.g., snow in the 2nd row and a white towel in the 3rd row) while
achieving stronger stylization (e.g., the dog in the 1st row).

In Fig. 3(b), competing approaches frequently produce artifacts (e.g., PSLD
and DMAP), reduced photorealism (e.g., InvSR, FPS-SMC, and SITCOM), or
overly smooth results with missing details (e.g., FlowDPS, FlowChef, and DOC),
and in some cases deviate from the data distribution (e.g., TFG and FreeDom).
DICT avoids noticeable artifacts and yields clearer, more realistic, and visually
richer outputs (e.g., the 1st and 2nd rows), while recovering fine-grained details
such as the mole in the 3rd row and the temple hair in the 4th row.

In Fig. 3(c), prior methods often exhibit distribution bias (e.g., DCDP, PSLD,
FPS-SMC, SITCOM, FlowChef, and DOC), artifacts (e.g., DCDP, DMAP, and
FlowDPS), and blurriness (e.g., FlowChef), and some results deviate from the
data distribution (e.g., TFG and FreeDom). By comparison, DICT produces
outputs that better match the target distribution (e.g., the background color in
the 1st row) and restores fine details (e.g., the folds of the hat in the 3rd row).

Overall, DICT synergistically integrates Data Injection to preserve spatial
information richness and Contrastive Trajectory Refinement to ensure tempo-
ral trajectory coherence. This framework enables high-fidelity conditional image
generation that consistently outperforms task-specific and loss-guided baselines.

Quantitative Comparisons. We also conduct quantitative comparisons.

For text-driven style transfer, we evaluate using Text Score [24] (prompt-
image CLIP similarity), Style Loss [9] (VGG feature statistics discrepancy), and
CLIP Loss [29] (CLIP Gram loss). As shown in Tab. 2(a), our method achieves
the second-highest Text Score while obtaining the lowest Style Loss and CLIP
Loss, indicating strong prompt fidelity and the most consistent stylization. Al-
though TFG achieves a marginal lead in Text Score, it incurs substantially higher
Style and CLIP losses, suggesting weaker style consistency.

For super-resolution and deblurring, we evaluate PSNR [1], SSIM [18], and
LPIPS [28]. PSNR and SSIM measure pixel-level fidelity and structural similar-
ity, respectively, while LPIPS quantifies perceptual distance. In Tab. 2(b), DICT
attains the highest PSNR and the lowest LPIPS; its SSIM is slightly below FPS-
SMC, which exhibits a much higher LPIPS. In Tab. 2(c), DICT achieves the
highest SSIM and the lowest LPIPS, with PSNR marginally below DCDP.

Overall, DICT integrates Data Injection and Contrastive Trajectory Refine-
ment to achieve high-fidelity and precise conditional image generation.

4.3 Ablation Study

To provide a more comprehensive validation of our framework, we present ab-
lation studies on Data Injection and Contrastive Trajectory Refinement. Addi-
tional ablation results are provided in Sec. D of the Supplementary Materials.
Data Injection. We conduct an ablation study on Data Injection to eval-
uate its effectiveness. As illustrated in columns (I) and (II) of the left figure in
Fig. 4(a), removing data conditioning causes the stylized results in (II) to exhibit
a stronger inherent model bias (e.g., the overly white dog in the first row). Quan-
titatively, for style transfer, while omitting Data Injection leads to a marginal
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Text Style (I) DICT  (II) w/o DI (III) w/o CT
“Ndog” R | Metric (I) DICT (1) w/o DI (Ill) w/o CT
o =] Text Score 1 0.2952 0.2943 0.3008
” 5 = Style Loss | 0.6313 0.8098 0.9201
" hamster ‘ , CLIP Loss |  4.2334 4.7909 5.2108
dragon ’ t o i !
a) Style transfer ablation study.
Condition Talget I) DICT (II) w/o DI (III) w/o CT
- o~ -~
Metric  (I) DICT (II) w/o DI (III) w/o CT
% o PSNR 1 28.8600 28.8155 28.7759

-!w B " SSIM 1 0.8233 0.8224 0.8148
DI E E E LPIPS | 0.1573 0.1574 0.1818

(b) Super-resolution ablation study.

Condition Target  (I) DICT (II) w/o DI (IIT) w/o CT

- - L _ —
v Ry B5 Metric  (I) DICT (1) w/o DI (IIl) w/o CT
< PSNR T  27.5794  27.5188 26.8616

>
— SSIM 1 0.7736 0.7711 0.7496
é é é @ LPIPS | 0.2236 0.2241 0.2590
(c) Deblurring ablation study.

Fig. 4: Qualitative and quantitative ablation results. “w/o DI” and “w/o CT” denote
without Data Injection and Contrastive Trajectory Refinement, respectively.

gt

improvement in Text Score, it results in a substantial surge in Style Loss and
CLIP Loss. This suggests that while the model may follow the text prompt
slightly more easily without the Data Injection, it fails to capture the essential
style, leading to a significant drop in overall fidelity. For super-resolution and
deblurring, the absence of Data Injection leads to a consistent degradation across
all metrics compared to the full DICT. This is also reflected in column (II) of
the qualitative comparisons: specifically, the super-resolution results in the first
row of Fig. 4(b) suffer from a loss of fine details (e.g., double eyelids), while the
deblurring outputs in the second row of Fig. 4(c) fail to recover clear structures,
such as eye regions. These observations further corroborate that Data Injection
is indispensable for maintaining high-fidelity conditional alignment.

Contrastive Trajectory Refinement. We evaluate the impact of Con-
trastive Trajectory Refinement by comparing the full DICT against a variant
without it (column (IIT)). Visually, omitting Contrastive Trajectory Refinement
leads to noticeable stylistic discrepancies and structural artifacts. For style trans-
fer, results in column (III) exhibit pronounced color shifts and inconsistent styl-
ization, such as the unnatural hue of the dog in the 1st row and the distorted
textures of the “hamster dragon” in the 2nd row in Fig. 4(a). In low-level vi-
sion tasks, the absence of Contrastive Trajectory Refinement compromises local
structural fidelity. For super-resolution, outputs in the second row of Fig. 4(b)
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Fig. 5: Qualitative DiT-based stylization results.

suffer from inaccurate local details, particularly around the teeth region; for de-
blurring, the recovery of fine textures is significantly constrained, as seen in the
blurred eye regions in the second row of Fig. 4(c). These qualitative shortcomings
are reflected in the quantitative results in Fig. 4(b) and Fig. 4(c), where removing
Contrastive Trajectory Refinement consistently leads to inferior metrics, thereby
validating its essential role for higher-quality generation.

5 Additional Experiments

To demonstrate its backbone-agnostic generalization, we integrate DICT into
a Diffusion Transformer (DiT), specifically PixArt [3]. On the demanding text-
driven style transfer task, DICT consistently yields high-fidelity results (Fig. 5),
confirming its architectural independence.

6 Conclusion

In this paper, we present a unified perspective on conditional image genera-
tion. We reveal that traditional loss-guided methods compress high-dimensional
conditional cues into a single scalar objective, causing severe information bottle-
necks and cumulative sampling errors. To overcome these challenges, we intro-
duce DICT, a versatile inference framework that synergistically combines Data
Injection with Contrastive Trajectory Refinement. By directly injecting noise-
perturbed conditional signals and denoising them under guidance, DICT pre-
serves the spatial richness lost in scalar-based methods and adaptively distills
task-relevant information. Furthermore, its contrastive refinement mechanism
ensures coherence between adjacent trajectory steps, progressively improving
generation quality. Extensive evaluations across diverse tasks, including style
transfer, super-resolution, and deblurring, demonstrate that DICT significantly
enhances both fidelity and perceptual quality. Ultimately, DICT offers a robust,
training-free, and unified solution for high-quality conditional image generation
without requiring task-specific architectures.
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