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Fig. 1: Visual comparison of text-to-image results. Our AnchorSteer demonstrates
better text–image alignment across various aspects.

Abstract. While text-to-image diffusion models achieve impressive vi-
sual quality, they frequently struggle to maintain precise alignment with
complex compositional prompts. An effective strategy is to improve the
inference process of diffusion models, thereby better leveraging their pre-
trained priors to address misalignment. Existing training-free methods
can be divided into two categories. The first category focuses on improv-
ing the randomly sampled initial noise to obtain an initialization that
encapsulates semantics relevant to the target text. However, existing ap-
proaches either perform costly search over noise pools, with no guarantee
of finding a truly prompt-compatible noise within the limited candidates,
or manipulate sampled noise without simultaneously ensuring reliable
semantic injection and preservation of the Gaussian distribution. The
second category focuses on improving the denoising trajectory. However,
these methods lack explicit mechanisms to timely diagnose and correct
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semantic errors, and therefore fail to prevent error propagation during
generation. To address these limitations, we propose AnchorSteer, a
training-free framework that exerts fine-grained control over both ini-
tialization and the denoising trajectory. AnchorSteer consists of
two synergistic components: Semantic Anchoring replaces uninfor-
mative Gaussian noise with text-aligned initializations via CLIP-based
prior extraction and a novel Latent-Prior Score Distillation Sampling
(LP-SDS) objective. Specifically, LP-SDS distills CLIP visual priors into
the knowledge distribution of diffusion models, mitigating the domain
gap between CLIP-based priors and diffusion-based priors. Reflective
Steering transforms passive denoising with an active Think–Erase–
Retouch loop that enables mid-generation self-correction. Think phase
employs VLM-based dual diagnosis to detect semantic deviations. Erase
phase performs a targeted latent rollback with negative-guided inversion
to suppress erroneous content, and Retouch phase subsequently applies
positive-guided refinement to recover the missing attributes. Therefore,
Reflective Steering enables timely correction of semantic deviations
along the denoising trajectory, preventing error propagation. Extensive
experiments on GenEval and T2I-CompBench++ demonstrate that An-
chorSteer consistently outperforms existing baselines in text–image align-
ment while preserving high visual quality.

Keywords: Text–Image Alignment · Latent Diffusion Models · Latent-
Prior Score Distillation Sampling · Reflective Denoising

1 Introduction

Text-to-image (T2I) diffusion models [19,48,51,56] have achieved remarkable suc-
cess in generating high-quality images. However, they still frequently encounter
challenges in maintaining precise semantic alignment [8, 12, 14, 21, 47, 62], par-
ticularly under complex compositional prompts ( e.g., involving multiple
objects, attributes, and spatial constraints). As is shown in Figure 1, under such
scenarios, key semantic details are often lost or distorted, leading to missing
objects, attribute leakage, or spatial inconsistencies [6, 7, 27,38,46,70].

To address these issues, existing works can be broadly categorized into two
groups: training-based and training-free methods. Training-based methods im-
prove text–image alignment by fine-tuning diffusion models on customized im-
age–text datasets involving complex semantics [4,32,49]. However, the diversity
of possible compositional scenarios is effectively unbounded, making it difficult
for the training distribution to cover all cases. As a result, these approaches of-
ten exhibit limited generalization to unseen combinations, which restricts their
overall effectiveness.

Recent studies observe that pretrained diffusion models already demonstrate
strong capabilities in handling individual sub-prompts [8, 18, 35, 37], suggesting
that improving the inference process can serve as an effective complement to
training-based methods for enhancing alignment with complex textual prompts.
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Fig. 2: Existing methods for noise initialization and their limitations. (a)
Standard Gaussian initialization treats all noises as semantically equivalent, poten-
tially assigning an unfavorable noise to the prompt and causing semantic drift during
denoising. (b) Search-based methods rely on candidate selection from a predefined
noise pool, leading to high computational cost and unreliable alignment scoring. (c)
Manipulation-based approaches refine sampled noise via learning or optimization, yet
suffer from unstable semantic injection and potential distribution shift.

This insight motivates training-free methods that improve text–image alignment
by enhancing the inference process and better utilizing pretrained models.

To begin with, misalignment during inference mainly stems from two compo-
nents. First, at noise initialization , randomly sampling from standard Gaus-
sian sampling often produces starting points unfavorable for complex composi-
tional prompts(Figure 2a). Second, along the denoising trajectory , the infer-
ence process lacks mechanisms to detect or correct semantic deviations, hindering
the satisfaction of multiple prompt constraints. Therefore, existing training-free
methods mainly focus on improving these two components.

For noise initialization, recent studies [1,17,30,38,39,52,57,66,69] has focused
on constructing initial noise that encapsulates semantics aligned with the given
text prompt, thereby improving the generated results. Existing methods can be
broadly grouped into two categories.

The first category consists of search-based methods(Figure 2b) [30, 38,
39, 52], which aim to identify a prompt-compatible initial noise by selecting the
best candidate from a predefined noise pool. However, search-based methods
are inefficient and fundamentally limited by the noise pool and imperfect align-
ment scoring employed for searching. Another category is manipulation-based
methods (Figure 2c), which refine a randomly sampled initial noise into a more
prompt-compatible one [1, 17, 57, 66, 69]. However, manipulation-based methods
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cannot simultaneously guarantee reliable semantic injection and preservation of
the Gaussian noise distribution after manipulation.

For denoising trajectory, existing methods can be broadly categorized into
two groups: unidirectional and bidirectional. Unidirectional methods attempt
to optimize the trajectory within a single forward pass through various strate-
gies, such as increasing denoising steps [15] or scaling up classifier-free guid-
ance [9, 50, 54]. However, they still cannot recover from intermediate semantic
deviations. Bidirectional methods [3, 11, 28, 55] introduce re-noising and re-
denoising transitions, allowing them to revisit earlier states. However, they still
lack explicit mechanisms to diagnose and correct semantic errors. Therefore,
semantic errors may propagate and accumulate along the denoising trajectory.

To tackle the aforementioned limitations in noise initialization and denois-
ing trajectory, we propose AnchorSteer, a training-free framework that exerts
fine-grained control over both noise initialization and denoising trajectory. To re-
place unreliable noise initialization, we introduce Semantic Anchoring, which
constructs initial noise that is both text-aligned and distributionally consistent.
To overcome the lack of reliable error rectification during the denoising trajec-
tory, we further develop Reflective Steering, a strategy that enables faithful
diagnosis and targeted correction of semantic deviations throughout the diffu-
sion process. Extensive experiments show that AnchorSteer achieves superior
alignment across different diffusion models without training.

The main contributions in our paper are summarized as follows:

– We propose AnchorSteer, a training-free framework that explicitly en-
hances initial noise with text-aligned semantics and performs timely rec-
tification of the denoising trajectory to prevent the propagation of semantic
deviations.

– We propose Semantic Anchoring, a principled initialization strategy that
first extracts a deterministic semantic prior via CLIP, then bridges the do-
main gap between CLIP outputs and the diffusion latent manifold through
Latent-Prior Score Distillation Sampling (LP-SDS), and finally ap-
plies DDPM forward diffusion to yield initial noise that is both text-aligned
and distributionally consistent.

– We introduce Reflective Steering, a bidirectional self-corrective mecha-
nism that diagnoses and corrects semantic deviations via a Think–Erase–
Retouch loop, enabling explicit suppression of inconsistent content and re-
inforcement of missing semantics.

2 Related Work

Text-to-Image Diffusion Models. Image diffusion models have achieved re-
markable success in text-to-image generation [19, 56] and a wide range of other
visual tasks [24,29,59]. Latent Diffusion Models [48] such as SDXL [42] improve
efficiency via latent-space generation, while recent Transformer-based architec-
tures [10, 33, 41] further enhance scalability and visual quality. Despite these
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advances, models still struggle with complex compositional prompts, often pro-
ducing missing objects, attribute leakage, or spatial inconsistencies [27,38,46,67].
Noise Initialization Strategies. Recent studies [16,44] show that different ini-
tial noises lead to different generation outcomes. Search-based methods [38,39,52]
select favorable samples from noise pools but are computationally expensive and
limited by pool diversity. Manipulation-based methods modify noise via learned
mappings [1, 69] or gradient optimization [57, 66], yet often lack reliable seman-
tic injection or introduce distribution shift. Our LP-SDS addresses both issues
by ensuring semantic alignment while remaining consistent with the diffusion
model’s training distribution.
Inference-Time Trajectory Optimization. Prior work improves alignment
by refining the denoising trajectory at inference time. Unidirectional methods
adjust guidance strength or introduce gradient-based updates [9, 50, 65], but
cannot recover once the trajectory deviates from the desired semantics. Bidirec-
tional methods [3, 23, 25] introduce re-noising steps to revisit earlier states, yet
lack explicit mechanisms for diagnosing and correcting semantic errors. In con-
trast, our Reflective Steering introduces a VLM-guided Think–Erase–Retouch
loop that actively detects and rectifies semantic inconsistencies.

3 Preliminaries

3.1 Latent Diffusion Models

Latent Diffusion Models (LDMs) [48] operate in the latent space of a pretrained
autoencoder (E , D). A clean latent z0=E(x) is corrupted by the forward process
zt =

√
ᾱt z0 +

√
1− ᾱt ϵ, ϵ ∼ N (0, I), where ᾱt =

∏t
s=1 αs. A text-conditional

denoising network ϵϕ is trained to predict the added noise by minimizing [56]

LDiff = Et,ϵ

[
w(t)

∥∥ϵϕ(zt; t, c)− ϵ
∥∥2
2

]
, (1)

with text condition c and time-dependent weight w(t). Starting from zT ∼
N (0, I), the reverse process iteratively denoises with ϵϕ. Classifier-Free Guid-
ance (CFG) [20] enhances text alignment by extrapolating between conditional
and unconditional estimates with guidance scale s:

ϵ̂ϕ(zt; t, c) = ϵϕ(zt; t,∅) + s
(
ϵϕ(zt; t, c)− ϵϕ(zt; t,∅)

)
, s > 1. (2)

3.2 Score Distillation Sampling

Score Distillation Sampling (SDS) [43] optimizes a differentiable representation
x= g(θ) using a frozen diffusion model as a probabilistic critic. After encoding
and perturbing z0=E(x) to zt, the parameter gradient is

∇θLSDS = Et,ϵ

[
w(t)

(
ϵ̂ϕ(zt; t, c)− ϵ

)
∂x
∂θ

]
, (3)

which drives x toward the natural-image manifold consistent with c by distill-
ing the generative prior of the frozen model, where constant scaling factors are
absorbed into w(t).
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Fig. 3: Overview of AnchorSteer. (Top) Semantic Anchoring for Initial Noise
(Section 4.1). Given a text prompt c, a semantic prior Iprior is first extracted from
the CLIP model via Direct Ascent Synthesis (DAS), then encoded into the latent space
and refined through Latent-Prior Score Distillation Sampling (LP-SDS) to obtain an
optimized latent z∗ that bridges the domain gap. The standard DDPM forward noising
process is finally applied to produce an initial noise zT that is both semantically aligned
and distributionally consistent. (Bottom) Reflective Steering for Denoising Tra-
jectory (Section 4.2). At selected timesteps, a Think–Erase–Retouch loop is inserted
into the denoising trajectory zt→zt−1. The Think module employs a VLM to diagnose
the current estimate z′t−1, producing a negative prompt Dneg (inconsistent content) and
a positive prompt Dpos (missing content). The Erase module performs negative-guided
DDIM inversion (z′t−1 → z∗t ) to suppress erroneous semantics. The Retouch module
applies positive guidance during re-noising and re-denoising (z′t−1 → z∗t → z∗t−1) to re-
inforce missing content, actively correcting semantic drift.

4 Methodology

Our framework AnchorSteer anchors the initial noise for a good start
and reflectively steers the denoising trajectory for precise guidance. The
overall framework is illustrated in Figure 3.

4.1 Semantic Anchoring for Initial Noise

To ensure effective semantic injection, we extract text-aligned semantic
prior from the CLIP [45], thereby providing a deterministic and reliable se-
mantic enhancement to the manipulated noise. To eliminate the domain gap of
the noise distribution, we further propose Latent-Prior Score Distillation
Sampling (LP-SDS) to refine this prior and apply the DDPM forward process
to inject the refined semantic prior into the initial noise.
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Fig. 4: CLIP-based semantic priors and their refinement via LP-SDS. The
first row shows CLIP semantic priors Iprior, which are semantically aligned but OOD
for diffusion models. The second row shows refined images I∗ after LP-SDS, which
become in-distribution while preserving the same semantics.

CLIP-based Semantic Prior Extraction. CLIP encodes rich semantic knowl-
edge about objects, attributes, and relational constraints for nearly arbitrary
prompts. We therefore seek to extract these semantics for complex prompts
and leverage them to construct the initial noise. Inspired by Direct Ascent
Synthesis (DAS) [13] to extract the semantic prior embedded within CLIP.
Given a target text prompt c, we parameterize a learnable image I(θ) and di-
rectly optimize it to maximize its alignment with c in the CLIP embedding
space using its image encoder EI(·) and text encoders ET (·) by LDAS(θ) =
−[EI(I(θ)) · ET (c)]/[

∥∥EI(I(θ))∥∥ ∥∥ET (c)∥∥]. After Ndas steps, the resulting pseudo-
image Iprior = I(θNdas

) captures spatial structure and color distribution that are
deterministically anchored to the semantics of c.

Bridging Domain Gap via LP-SDS. As illustrated in Fig. 4, the CLIP-based
pseudo-images Iprior exhibits severe visual degradation, including high-frequency
artifacts and unnatural color distributions, despite preserving text-aligned se-
mantic structures. Such images deviate significantly from the natural image
distribution learned by pre-trained diffusion models. To mitigate the domain
gap, we propose Latent-Prior Score Distillation Sampling (LP-SDS), il-
lustrated in Fig. 5, which extends Score Distillation Sampling (SDS) [43] to the
noise optimization setting.

We initialize the optimization variable as z0 = EVAE(Iprior). We add noise to
z0 and input it to the diffusion model to reconstruct z0. Then we compute the
gradient of the diffusion loss LDiff with respect to z. Following SDS [43], we omit
the U-Net Jacobian term, then the gradient simplifies to:

∇zLLP-SDS(ϕ, z) ≜ Et,ϵ [w(t) (ϵ̂ϕ(zt; c, t)− ϵ)] . (4)

From a theoretical perspective, it can be proved that the gradient implicitly
minimizes a Kullback–Leibler (KL) divergence weighted across time steps [43]:

∇zLLP-SDS(ϕ, z) = ∇z Et

[
σt

αt
w(t)KL(q(zt | z) ∥ pϕ(zt; c, t))

]
, (5)
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Fig. 5: Illustration of LP-SDS. The semantic prior Iprior produced by DAS is en-
coded into the latent space as z0 = EVAE(Iprior) and iteratively refined via LP-SDS
gradients from a frozen diffusion U-Net. The optimized latent z∗ is projected onto
the diffusion manifold, bridging the domain gap between CLIP-based synthesis and
diffusion-based generation while preserving text-aligned semantics.

where q(zt | z) = N (αtz, σ
2
t I) is the Gaussian distribution induced by the for-

ward diffusion process from the current latent variable z, and pϕ(zt; c, t) is the
marginal distribution conditioned on text c at time step t. Thus, this optimiza-
tion can be viewed as a probability density distillation process , driving z
towards high-density regions of the conditional distribution pϕ(zt; c, t), thereby
regularizing the optimized latent to remain consistent with the generative prior
of the diffusion model.

After Nlp steps of optimization, we obtain a refined image I∗. As shown
in Fig. 4, I∗ exhibit significantly improved visual coherence compared with the
degraded priors Iprior, while still preserving the underlying text-aligned semantic
structures.

DDPM Forward Diffusion for Noise Initialization. We diffuse z∗ to the
terminal step T via the DDPM forward process to obtain the ultimate initial
noise zT by zT =

√
ᾱT z∗ +

√
1− ᾱT ϵ. Therefore, zT still follows N (0, I).

4.2 Reflective Steering for Denoising Trajectory

For denoising trajectory, we also adopt a fine-grained semantic correction method
via a Think–Erase–Retouch loop. We evenly select inspection timesteps Tinsp ⊂
{1, . . . , T} with stride τ . For each t ∈ Tinsp, we expand the standard denoising
trajectory into zt → z′t−1 → z∗t → z∗t−1, where z′t−1 denotes the initial denoising
estimate, and z∗t , z∗t−1 denote the refined latents after correction loop.

Think: Semantic Diagnosis via Vision–Language Feedback. At each in-
spection timestep t, once the initial estimate z′t−1 is obtained via standard de-
noising, the Think phase performs an on-the-fly semantic diagnosis to assess its
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alignment with the text prompt. This involves two pivotal steps: Intermediate
State Visualization and Dual Semantic Gap Diagnosis.

1) Intermediate State Visualization. Following DDIM prediction, we
first obtain the clean latent z′0|t−1 of z′t−1 and decode it into pixel space via the
VAE decoder to yield the visualized image x̃′

0|t−1 = D(z̃′0|t−1), which is then
used for subsequent VLM-based diagnosis.

2) Dual Semantic Gap Diagnosis. Based on the estimated x̃′
0|t−1, we

leverage the robust cross-modal understanding capabilities of a pre-trained Vision-
Language Model (VLM) to assess its alignment with the text prompt c. Depart-
ing from prior methods that rely on implicit scalar scoring, we structure semantic
deviations into two distinct, actionable guidance signals:

– Missing Content (Dpos): Identifies contents explicitly specified in c but
insufficiently manifested in x̃′

0|t−1 (e.g., specific objects, attributes, or spatial
relationships). Dpos forms the target set for reinforcement in the subsequent
Retouch phase.

– Inconsistent Content (Dneg): Detects hallucinatory or extraneous content
in x̃′

0|t−1 that contradicts or is irrelevant to c. Dneg defines the target set for
suppression in the subsequent Erase phase.

Through this structured diagnosis, vague image-text misalignments are trans-
formed into precise, navigational correction signals that enable targeted opti-
mization of the denoising trajectory.

Erase and Retouch: Local Correction Loop for Targeted Semantic Re-
finement. Upon acquiring the diagnostic sets Dpos and Dneg from the Think
stage, we perform a local bidirectional correction at the inspection timestep t:
z′t−1

Erase−−−→ z∗t
Retouch−−−−−→ z∗t−1. This loop exploits the local reversibility of diffusion

forward–reverse processes, applying negative guidance during noising to suppress
errors and positive guidance during both noising and denoising to reinforce miss-
ing attributes.

1) Erase: Targeted Removal via Negative-Guided Inversion. This
step executes the re-noising trajectory z′t−1 → z∗t . We replace the unconditional
estimate ϵϕ(zt; t,∅) in Eq. (2) with ϵϕ(zt; t,Dneg), steering the latent away from
the identified erroneous semantics. The guided noise estimate ϵ̂e is computed as:

ϵ̂e(z
′
t−1; t−1) = (1 + γe) ϵϕ(z

′
t−1; t−1, c) − γe ϵϕ(z

′
t−1; t−1, Dneg) (6)

We then compute the predicted clean latent ẑ′0|t−1 via Tweedie’s formula and
apply the DDIM inversion rule to obtain the re-noised state z∗t :

ẑ′0|t−1 =
z′t−1 −

√
1− ᾱt−1 ϵ̂e(z

′
t−1; t−1)

√
ᾱt−1

(7)

z∗t =
√
ᾱt ẑ

′
0|t−1 +

√
1− ᾱt ϵ̂e(z

′
t−1; t−1) (8)
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By substituting Dneg into the negative-prompt position, the guidance gradi-
ent actively steers the inversion trajectory away from the undesirable semantic
manifold, effectively suppressing the corresponding latent feature activations and
achieving targeted semantic erasure.

2) Retouch: Semantic Completion via Positive-Guided Refinement.
The Retouch phase restores structural coherence while injecting the enhanced
concepts Dpos, spanning the re-noising and re-denoising trajectory z′t−1 → z∗t →
z∗t−1. We construct an enhanced prompt c+ = c ∪ Dpos and adopt it as the
conditional input throughout both sub-steps, enabling progressive semantic ac-
cumulation following [3]. For re-noising, we follow the same inversion procedure
as Erase (Eqs. (7)–(8)), but replace the original prompt c with c+ in the guided
noise estimate:

ϵ̂e(z
′
t−1; t−1) = (1 + γe) ϵϕ(z

′
t−1; t−1, c+) − γe ϵϕ(z

′
t−1; t−1, Dneg) (9)

The re-noised state z∗t is then obtained via Eqs. (7) and (8). For re-denoising,
starting from z∗t , we apply standard CFG (Eq. (2)) with c+ and a retouch guid-
ance scale γr:

ϵ̂r(z
∗
t ; t) = (1 + γr) ϵϕ(z

∗
t ; t, c

+) − γr ϵϕ(z
∗
t ; t, ∅) (10)

where ∅ denotes the unconditional input. The refined state z∗t−1 is obtained via
the DDIM denoising rule:

z∗t−1 =
√
ᾱt−1

(
z∗t −

√
1− ᾱt ϵ̂r√
ᾱt

)
+

√
1− ᾱt−1 ϵ̂r (11)

By applying c+ in both sub-steps, the positive semantic signal is progressively ac-
cumulated into the latent representation, completing the missing content within
the erased regions.

After iterating over all inspection timesteps, the final image is obtained by
decoding z∗0 as x∗ = Dvae(z

∗
0).

5 Experiments

5.1 Experimental Setting

Implementation Details. We adopt two representative diffusion models in
our main experiments: the UNet-based SDXL [42] and the Transformer-based
HunyuanDiT-v1.2 [34]. Unless otherwise specified, we use the DDIM sampler
with T=50 denoising steps and CFG scale γ=5 for both models, following their
default configurations. For Semantic Anchoring, we leverage OpenCLIP ViT-
B/32 [26] to extract semantic priors via DAS, followed by LP-SDS refinement
with Nlp=400. For Reflective Steering, we employ Qwen-VL-Chat [2] as the rep-
resentative VLM, with inspection stride τ=1 and guidance scales γe=1.0, γr=5.0.
All experiments are conducted on NVIDIA H100 GPUs.
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Table 1: Cross-architecture evaluation on GenEval. AnchorSteer consistently
improves faithfulness across different architectures.

Model Method Single↑ Two↑ Count↑ Color↑ Pos.↑ Attr.↑ Overall↑

SDXL
Standard 99.69 81.06 30.31 92.29 11.00 21.25 55.933
+ AnchorSteer 100.00 91.16 52.50 94.95 17.75 24.00 63.393

∆ +0.31 +10.10 +22.19 +2.66 +6.75 +2.75 +7.460

HunyuanDiT
Standard 99.69 93.18 64.69 95.74 17.75 39.00 68.342
+ AnchorSteer 100.00 95.71 72.50 97.61 20.75 48.25 72.470

∆ +0.31 +2.53 +7.81 +1.87 +3.00 +9.25 +4.128

Datasets and Metrics. We conduct experiments on two benchmarks: GenEval [14]
and T2I-CompBench++ [21, 22], to evaluate text-to-image alignment. GenEval
specializes in fine-grained object-centric metrics and T2I-CompBench++ targets
more challenging compositional scenarios. Besides alignment, we also evaluate
image quality and sample diversity, including HPSv2 [63], PickScore [31], Im-
ageReward [64], and Aesthetic score [53] for image quality, and LPIPS [68] and
DINO [5, 40] similarity for diversity. For all experiments, we follow the official
benchmark protocols. Additional details of the benchmarks and evaluation met-
rics are provided in the supplementary material.

5.2 Main Results

Cross-Architecture Effectiveness. We evaluate AnchorSteer on two repre-
sentative diffusion models with distinct architectures: SDXL [42] and Hunyuan-
DiT [34]. As shown in Table 1, AnchorSteer consistently improves the standard
inference baseline across all six GenEval categories on both models.

On SDXL, AnchorSteer increases the overall score from 55.93 to 63.39, with
large improvements in Counting and Two Objects. On HunyuanDiT, which al-
ready achieves a stronger baseline of 68.34, AnchorSteer raises the overall score
to 72.47, with notable gains in Attribute Binding and Counting. These results
demonstrate that AnchorSteer is architecture-agnostic and consistently enhances
compositional faithfulness across both U-Net and Transformer backbones.

Comparison with Existing Methods. Table 2 presents quantitative com-
parisons with several representative training-based and training-free alignment
methods on GenEval benchmark. AnchorSteer achieves the best overall perfor-
mance with a score of 63.39, outperforming all baselines by a clear margin. It
shows notable gains on challenging categories such as Counting, Spatial Relation,
and Attribute Binding, indicating stronger compositional accuracy.

Table 3 further evaluates AnchorSteer on T2I-CompBench++, where it achieves
the best performance on the majority of semantic categories. These results
demonstrate that AnchorSteer consistently improves compositional faithfulness
and text-image alignment compared with existing methods.



12 X. Wang et al.

Table 2: Quantitative comparison on GenEval (SDXL). AnchorSteer achieves
the best overall score and outperforms baselines on most compositional categories.

Method Single↑ Two↑ Count↑ Color↑ Pos.↑ Attr.↑ Overall↑

Standard 99.69 81.06 30.31 92.29 11.00 21.25 55.933
AaE [8] 99.06 83.59 31.56 90.96 15.00 24.00 57.361
InitNO [16] 99.69 85.10 37.81 89.89 16.00 22.75 58.540
DNO [57] 100.00 80.81 44.06 90.96 12.75 22.00 58.430
Zigzag [3] 99.69 85.35 40.94 92.55 12.25 20.50 58.547
Diffusion DPO [60] 100.00 92.42 46.25 92.29 15.00 18.50 60.744
SPO [36] 100.00 85.86 33.44 90.96 13.00 18.50 56.959
NPNet [69] 99.38 84.09 36.88 92.82 13.50 22.00 58.110
AnchorSteer (Ours) 100.00 91.16 52.50 94.95 17.75 24.00 63.393

Table 3: Quantitative comparison on T2I-CompBench++ (SDXL). An-
chorSteer improves compositional alignment across diverse semantic categories.

Method Color↑ Shape↑ Texture↑ 2D-S↑ 3D-S↑ Non-S↑ Num↑ Complex↑

Standard 0.5766 0.4830 0.5353 0.2015 0.3824 0.3139 0.5029 0.3382
AaE [8] 0.6084 0.4991 0.5511 0.1743 0.3673 0.3126 0.5017 0.3400
InitNO [16] 0.5636 0.4967 0.5430 0.1968 0.3699 0.3113 0.5037 0.3388
DNO [57] 0.5982 0.4986 0.5402 0.2050 0.4024 0.3144 0.5185 0.3446
Zigzag [3] 0.6172 0.5187 0.5759 0.2011 0.4024 0.3206 0.5349 0.3504
Diffusion DPO [60] 0.6351 0.5291 0.6110 0.2153 0.4017 0.3156 0.5223 0.3536
SPO [36] 0.6194 0.4955 0.5553 0.1930 0.3928 0.3084 0.5061 0.3556
NPNet [69] 0.5849 0.4824 0.5348 0.1905 0.3876 0.3132 0.5126 0.3397
AnchorSteer (Ours) 0.6712 0.5345 0.6369 0.2158 0.4135 0.3171 0.5796 0.3759

Qualitative Analysis. Figure 6 presents qualitative comparisons on a set
of challenging compositional prompts constructed for evaluation. The baseline
SDXL model and several representative alignment methods often exhibit seman-
tic inconsistencies, such as missing objects, incorrect counts, attribute leakage, or
violated spatial relations. In contrast, AnchorSteer produces results that more
faithfully follow the prompt semantics, demonstrating improved compositional
reasoning and text-image alignment.

Figure 7 further illustrates how AnchorSteer corrects semantic errors during
generation. We visualize the predicted clean images x0 from the first eight denois-
ing steps. While SDXL consistently produces two giraffes, AnchorSteer gradually
erases the incorrect giraffe instance and introduces the missing horse, leading to
a semantically consistent result. Additional qualitative results are provided in
the supplementary material.

Image Quality and Diversity Analysis. We further evaluate the visual qual-
ity and sample diversity of the standard baseline and AnchorSteer. As shown in
Table 4, AnchorSteer improves all quality and diversity metrics over the base-
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Fig. 6: Qualitative comparison on challenging compositional prompts. An-
chorSteer produces more prompt-faithful results than SDXL and several representative
alignment methods, which often exhibit semantic inconsistencies.

Table 4: Quality and diversity analysis on GenEval(SDXL). AnchorSteer fur-
ther enhances visual quality and sample diversity over the standard baseline.

Method Image Quality Sample Diversity

HPSv2↑ PickScore↑ ImageReward↑ Aesthetic↑ 1-LPIPS↓ DINOSim↓

Standard 0.2769 22.55 0.4891 5.465 0.3860 0.6638
AnchorSteer (Ours) 0.2963 22.83 0.8781 5.561 0.3794 0.6314

line, with a particularly notable gain on ImageReward [64] from 0.4891 to 0.8781.
These results indicate that the improved text-image alignment is accompanied
by better perceptual quality and sample diversity, rather than at their expense.
Supplementary Human preference results further support this observation.

5.3 Ablation Studies

Component-wise Analysis. We progressively integrate Semantic Anchoring
and Reflective Steering into the standard diffusion baseline to evaluate their in-
dividual and joint effects (Table 5). Semantic Anchoring consistently improves
structural and attribute-related metrics, particularly Counting and Attribute
Binding, suggesting that semantically aligned initialization reduces early-stage
semantic drift. Reflective Steering mainly enhances relational reasoning dur-
ing denoising, leading to clear improvements on the Two Objects category and
further strengthening overall compositional consistency. When combined, An-
chorSteer achieves the best overall performance on both SDXL and Hunyuan-
DiT, demonstrating that jointly controlling the initialization and the denoising
trajectory provides complementary benefits.
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Fig. 7: Visualization of semantic correction during denoising. Predicted x0

from the first eight steps for A horse and a giraffe. SDXL confuses the two concepts
and generates two giraffes, while AnchorSteer progressively removes the incorrect giraffe
and restores the missing horse.

Table 5: Component-wise ablation on GenEval. Each row progressively adds one
module to the vanilla baseline.

Model Method Single↑ Two↑ Count↑ Color↑ Pos.↑ Attr.↑ Overall↑

SDXL

Standard 99.69 81.06 30.31 92.29 11.00 21.25 55.933
+ Anchor 100.00 88.64 44.38 93.62 13.75 24.00 60.731
+ Steer 100.00 91.67 42.50 92.29 12.50 20.25 59.868
+ AnchorSteer 100.00 91.16 52.50 94.95 17.75 24.00 63.393

HunyuanDiT

Standard 99.69 93.18 64.69 95.74 17.75 39.00 68.342
+ Anchor 100.00 93.43 66.88 96.81 18.50 46.75 70.395
+ Steer 100.00 96.72 71.56 97.34 19.25 45.50 71.728
+ AnchorSteer 100.00 95.71 72.50 97.61 20.75 48.25 72.470

Effect of VLM Scale. We further examine the effect of VLM scale in Reflective
Steering by comparing Qwen2-VL-2B-Instruct [61], Qwen2.5-VL-3B-Instruct [58],
and Qwen-VL-Chat [2]. As shown in Table 6, smaller VLMs still substantially
improve over the standard SDXL baseline and achieve stronger performance than
the compared baselines in Table 2, indicating that AnchorSteer does not rely on
an oversized VLM for semantic diagnosis.

5.4 Efficiency Analysis

Table 7 reports the average per-image runtime of the methods evaluated in Ta-
ble 2. AnchorSteer takes a runtime of 68.5 seconds per image, which is slower than
standard sampling and lightweight inference-time methods, yet remains more ef-
ficient than DNO. The runtime ablation reveals that the primary computational
overhead stems from the Reflective Steering module: under the 50-step SDXL
setting adopted for fair comparison, the steering loop is executed at every denois-
ing step. To improve efficiency and practicality, we further apply AnchorSteer
to few-step distilled models, which provides a promising direction for improving
efficiency without sacrificing alignment quality. More details are provided in the
supplementary material.
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Table 6: Effect of VLM scale on GenEval (SDXL). We replace the VLM used
for semantic diagnosis in Reflective Steering with models of different scales.

VLM Standard Qwen2-VL-2B Qwen2.5-VL-3B Qwen-VL-Chat

Scale – 2B 3B 9.6B
Overall 55.933 62.073 62.843 63.393

Table 7: Runtime analysis. Average per-image runtime and ablation of AnchorSteer.
Diffusion DPO, SPO, and NPNet share the same inference runtime as Standard.

Runtime Comparison Runtime Ablation

Standard Zigzag AaE InitNO Ours DNO Anchor Steer Other Total

Time (s) 3.7 8.3 14.9 34.7 68.5 155.5 18.0 46.7 3.8 68.5

6 Conclusion, Limitations and Future Work

Limitations. The main limitation of AnchorSteer is its additional inference
cost. Both Semantic Anchoring and Reflective Steering introduce extra compu-
tation compared with standard sampling, making AnchorSteer more suitable for
scenarios where alignment faithfulness is prioritized over generation speed. Im-
proving its efficiency while maintaining strong alignment remains an important
direction for future work.
Conclusion. In this work, we present AnchorSteer, a training-free framework for
improving T2I alignment under complex compositional prompts. By jointly refin-
ing the initial noise and denoising trajectory, AnchorSteer consistently enhances
compositional faithfulness across different diffusion backbones while preserving
visual quality. Overall, AnchorSteer offers a practical inference-time solution for
more faithful text-to-image generation.
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