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Abstract

Recent advances in text-to-image synthesis largely benefit
from sophisticated sampling strategies and classifier-free
guidance (CFG) to ensure high-quality generation. How-
ever, CFG’s reliance on two forward passes, especially
when combined with intricate sampling algorithms, results
in prohibitively high inference costs. To address this, we in-
troduce TeEFusion (Text Embeddings Fusion), a novel and
efficient distillation method that directly incorporates the
guidance magnitude into the text embeddings and distills
the teacher model’s complex sampling strategy. By simply
fusing conditional and unconditional text embeddings us-
ing linear operations, TeEFusion reconstructs the desired
guidance without adding extra parameters, simultaneously
enabling the student model to learn from the teacher’s out-
put produced via its sophisticated sampling approach. Ex-
tensive experiments on state-of-the-art models such as SD3
demonstrate that our method allows the student to closely
mimic the teacher’s performance with a far simpler and
more efficient sampling strategy. Consequently, the student
model achieves inference speeds up to 6× faster than the
teacher model, while maintaining image quality at levels
comparable to those obtained through the teacher’s com-
plex sampling approach. The code is publicly available at
github.com/AIDC-AI/TeEFusion.

1. Introduction

Models based on the Flow Matching [14, 16] pipeline, such
as SD3 [5] and FLUX [11], have emerged as leading genera-
tive frameworks by directly synthesizing structured images
from textual prompts. In the realm of text-to-image gen-
eration, their versatility is evidenced by a broad spectrum
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Figure 1. Comparison of different sampling strategy on two
DiT [22] models. “# Forward Pass” specifies the number of for-
ward passes required in one denoising step.

of applications, ranging from image editing [4] to creative
concept generation for digital art [21].

Classifier-Free Guidance (CFG) [7] is a key technique
for ensuring high-quality image synthesis by utilizing con-
ditional and unconditional predictions to steer the gener-
ation toward regions with higher text-conditioned density.
However, sampling with CFG demands two forward passes,
one conditioned on the provided textual prompt and another
on a null (or background) prompt, which introduces sub-
stantial computational overhead and slows down inference.

To mitigate this issue, guidance distillation [19] is com-
monly employed in state-of-the-art models, such as vari-
ants like FLUX.1-dev [11]. This approach integrates the
guidance as an input parameter, reducing the number of
required forward passes back to one. Consequently, guid-
ance distillation has become both popular and crucial in
state-of-the-art models, as it allows models to be scaled up
without concern for cost or to employ more complex in-
ference sampling algorithms. As illustrated in Fig. 1, ad-
vanced sampling strategies such as Z-Sampling [1]+CFG
and W2SD [2]+CFG require almost 3× inference burden
of the traditional Euler [16]+CFG counterpart, even though
they yield higher image quality (as evidenced by HPS [34]),
thereby highlighting the significant potential for efficiency
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Figure 2. Qualitative results by different prompting strategies. The leftmost three columns display images generated from different prompt
inputs, while the final column illustrates the outcome of additively fusing semantic information from both the preserved and masked
components.

optimization.
Several recent studies [13, 20, 24, 36–38, 41] attempt

to advance distillation for image synthesis [19]. How-
ever, these approaches are confined to scenarios where both
teacher and student models utilize the same sampling al-
gorithm. In other words, they do not focus on distilling
from particularly complex sampling algorithms while en-
abling the student model to rely solely on a simple sampling
strategy. Moreover, these methods are overly complex, pos-
ing significant obstacles for implementation and adaptation.
This issue is further amplified by the large-scale nature of
modern state-of-the-art models, where tuning hyperparame-
ters becomes increasingly challenging, ultimately hindering
the deployment of these intricate methods.

As a result, these methods currently lack robust and
large-scale validation, particularly in two critical aspects:
1) the inclusion of general benchmarks, such as DPG-
Bench [8] or aesthetic scoring metrics like HPS [34]; and
2) testing on architectures that match the scale of the large
DiT [22] used in state-of-the-art models like SD3 [5] and
FLUX [11]. Consequently, it remains an open question
whether these distillation techniques can be effectively ap-
plied to the latest, most advanced text-to-image generation
models.

Motivated by these challenges, in this paper we explore
more effective and efficient approaches for CFG distilla-
tion. We find that linear operations on different text fea-
tures in the embedding space can effectively fuse or sup-
press aspects of the original text (cf. Fig. 2). Based on

this observation, we propose TeEFusion (Text Embeddings
Fusion), a novel yet remarkably simple distillation method
that directly leverages the underlying sampling formulation
of CFG and integrates the guidance magnitude into the text
embeddings. Specifically, our approach moves the linear
combination of predictions from the conditional and uncon-
ditional model outputs forward, applying it directly to com-
bine the corresponding text embeddings. The student model
is optimized to learn the teacher model’s denoised outputs,
generated via a complex sampling strategy, thereby concur-
rently distilling both guidance signals and sampling proce-
dures.

TeEFusion offers two primary advantages. First, com-
pared to existing distillation techniques, our approach is
exceptionally simple, with clear and easy-to-implement al-
gorithmic principles. Unlike [20], which employs a feed-
forward network to bridge the guidance magnitude, our
method introduces no additional architecture—the structure
of the distilled model remains identical to the undistilled
model. Moreover, TeEFusion does not introduce any extra
hyperparameters, ensuring that the distillation process re-
mains efficient and easy to integrate into existing pipelines.

Secondly, we conduct a comprehensive evaluation of
TeEFusion on state-of-the-art text-to-image models, includ-
ing SD3 [5] and our In-house T2I, which demonstrates per-
formance on par with SD3. Empirically results demon-
strate that TeEFusion achieves significant improvements
over baseline methods in terms of aesthetic scoring [34],
object composition [8] and prompt-following ability [23].
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Figure 3. Illustration of TeEFusion. Our approach shifts the fusion of the DiT [22] model’s outputs directly into the text embedding
space, as specified in Eq. 7. This design is compatible with various sampling methods employed by the teacher model, offering significant
potential for test-time scaling.

Moreover, our approach seamlessly accommodates the di-
verse samplers used by the teacher model. We hope that
our evaluations will provide valuable insights for assessing
distillation techniques in state-of-the-art, large-scale text-
to-image models.

The contributions of this paper can be summarized as:
• We empirically find that for current state-of-the-art text-

to-image generation models, adding or subtracting text
embeddings from specific prompts effectively merges or
alleviates certain visual concepts in generated images.

• We propose TeEFusion, a novel and simple distillation
strategy that incorporates guidance from CFG directly
into the text embeddings without introducing any extra
parameters. Our approach is seamlessly compatible with
a variety of complex sampling strategies employed by the
teacher model.

• We evaluate TeEFusion on industrial-grade, large-scale
text-to-image models, including state-of-the-art frame-
works such as SD3 [5] and our In-house T2I model,
using standard benchmarks like DPG-Bench [8], aes-
thetic metrics (HPS [34]), and prompt-following assess-
ments [23]. Empirical results demonstrate that TeEFu-
sion significantly outperforms baseline methods in terms
of aesthetic quality, object composition, and prompt ad-
herence.

2. Related Work
2.1. Test-Time Scaling
Recent research has increasingly focused on the scaling be-
havior of inference in diffusion models [7, 18]. RePaint [18]
iteratively refined latent variables by reintroducing Gaus-

sian noise to restore previous noise levels, establishing a
reflection-based sampling paradigm that has been widely
adopted in subsequent works [1–3, 33]. For example, Z-
Sampling [1] changed denoised outputs in a zigzag man-
ner by alternating forward and reverse passes with vary-
ing guidance magnitudes, thereby steering the random in-
put toward semantically meaningful regions. W2SD [2] fur-
ther extended this approach by explicitly incorporating both
strong and weak models.

2.2. Diffusion Distillation
Early studies aimed to enhance the sampling efficiency
of diffusion models by leveraging advanced numerical
solvers [15, 28, 40]. Despite these improvements, sig-
nificant room for further efficiency gains remains. Dif-
fusion distillation [19] addresses this challenge by train-
ing a simpler student model to replicate the behavior of a
more complex teacher model, primarily through step dis-
tillation [9, 24–26, 29, 39], thereby reducing the required
inference steps. Some approaches [25, 26] incorporated ad-
versarial training by introducing an additional discriminator
to facilitate generalization of the score function. However,
the complexity inherent to these methods limits their prac-
tical deployment, especially given the scale and complexity
of contemporary diffusion models.

Among these methods, DistillCFG [20] is the most rel-
evant, using an extra MLP to encode the guidance scale.
DICE [42] also adds an attention-enhanced MLP but dis-
tills only a single fixed scale, which limits flexibility at in-
ference. More variants such as MG [30] remain unevalu-
ated on industrial-scale datasets and models. Additionally,
existing distillation frameworks, such as progressive distil-
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lation [24], have not explicitly addressed scenarios involv-
ing teacher models that adopt complex test-time sampling
strategies, a situation increasingly prevalent in state-of-the-
art diffusion models.

To bridge this critical gap, our proposed framework,
TeEFusion, advances guidance distillation by explicitly in-
corporating the guidance magnitude into the linear combi-
nation of conditional and unconditional text embeddings.
Furthermore, TeEFusion effectively generalizes across di-
verse complex sampling strategies employed by teacher
models, addressing an essential yet largely overlooked as-
pect of diffusion model distillation.

3. Preliminaries
3.1. Classifier-Free Guidance
Classifier-Free Guidance (CFG) [7] enhances the alignment
between generated images and textual descriptions by ad-
justing the sampling distribution:

p̃θ(xt|c) ∝ pθ(xt|c)1+wpθ(xt)
−w, (1)

where c represents the text prompt, pθ(xt|c) is the con-
ditional distribution, and pθ(xt) denotes the unconditional
counterpart. CFG refines the generation process by estimat-
ing the diffusion score1 as:

ϵ̃θ(xt, c) = (1 + w)ϵθ(xt, c)− wϵθ(xt), (2)

The scalar w determines the strength of guidance: larger
values steer the synthesis more strongly towards the textual
prompt, thereby promoting outputs that faithfully reflect the
input text while reducing dependence on unconditioned pre-
dictions. Note that two forward passes are required to get
the prediction from ϵθ(xt, c) and ϵθ(xt).

3.2. Sampling with Reflection.
Some methods [1, 2] employ sampling strategies that extend
beyond the standard Euler method with reflection, refining
the starting points of the denoising process with richer se-
mantic information.

Weak-to-Strong Diffusion (W2SD) [2] leverages the dis-
crepancy between a weak model Mw and a strong model
Ms to bridge the gap toward an ideal generative distribu-
tion. In W2SD, a reflective operation updates the latent
variable xt as follows:

x̃t =Mw
inv(Ms(xt, t), t) (3)

xt−1 =Ms(x̃t, t), (4)

thereby guiding the sampling trajectory toward regions of
higher text density. Z-Sampling [1] is a simpler version of

1For notational simplicity, we denote the score prediction for both dif-
fusion and flow matching models as ϵθ .

Algorithm 1 The distillation pipeline of TeEFusion.

Require: Teacher model ϵθT , Dataset D
ϵθS ← ϵθT ▷ Initialize student using teacher weights
while not converged do

x0, c ∼ D ▷ Sample data
t ∼ U [0, 1] ▷ Sample time
w ∼ U [wmin, wmax] ▷ Sample guidance
ϵ ∼ N(0, I) ▷ Sample noise
xt = (1− t)x0 + tϵ ▷ Add noise to data
ϵ̃θT(xt, w, c) = (1 + w)ϵθT(xt, t, c)−wϵθT(xt, t,∅)

▷ Compute target using CFG
if Reflection then

ϵ̃θT(xt, w, c) ← Refine ϵ̃θT(xt, w, c) using Eq. 3
and 4

end if
Compute ẑt,c,∅,w using Eq. 7
Ldistll = ∥ϵθS(xt, ẑt,c,∅,w)− ϵ̃θT(xt, w, c)∥22 ▷ Loss
ϵθS ← ϵθS − γ · ∇ϵθS

Ldistill ▷ Optimization
end while
return ϵθS ▷ Output the trained student model

W2SD by sharing the weights between Ms and Mk, but
using different guidance signals.

However, the extra inversion step where the weak model
processes the denoised output of the strong models intro-
duces two additional forward passes per sampling iteration.
Consequently, the time cost of reflection sampling is 3×
compared to standard sampling (one for standard denois-
ing, one for inversion, and one for subsequent denoising).
When combined with CFG, the overall time cost escalates
to nearly 6×.

4. An In-Depth Analysis of CFG
We begin by examining the mechanism underlying CFG. As
indicated by Eq. 2, the output of CFG can be expressed as
a linear combination of the conditional prediction ϵθ(xt|c)
(with coefficient 1 + w) and the unconditional prediction
ϵθ(xt) (with coefficient −w). This formulation motivates
the idea of moving this linear combination earlier in the
processing pipeline, thereby reducing the need for two sep-
arate forward passes to just one. A natural approach is to
integrate this combination directly into the text embeddings
to efficiently incorporate the guidance magnitude into the
model as:

ϵ̂θ(xt, c) = ϵθ(xt, ĉ), (5)

where ĉ = (1+w)c−w∅ = c+w(c−∅) is marked as the
fusion text embedding with ∅ from the null prompt to pro-
vide the background for generation. However, the success
of this approach depends on the assumption that linearly
combining input conditions is meaningful.

Therefore, we perform a preliminary test to verify
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whether merging the conditional and unconditional text em-
beddings into a single text embedding can yield the neces-
sary semantic representations. In this experiment, we ran-
domly masked certain components of the prompt, replacing
them with a [mask] token. We then generated images under
three different conditions:
1. Using only the unmasked portion of the prompt.
2. Using only the masked components (i.e., the content that

was replaced by [mask]).
3. Using the original, unaltered prompt.
4. Both the unmasked and masked components are con-

verted into text embeddings, which are then merged via
element-wise addition. The resulting fused embedding
is subsequently used for image generation.
This setup enables us to evaluate whether the additive (or

subtractive) fusion of semantic information from both pre-
served and masked prompt components yields meaningful
features that can guide high-quality image synthesis via a
linear combination (cf. Eq. 5) in the text embedding space.
As shown in Fig. 2, images generated by adding the text em-
beddings of the preserved and masked parts match (or even
surpass) the quality of those produced from the original, un-
altered prompt. These findings indicate that additive oper-
ations in the text embedding space can effectively merge
diverse prompt patterns, thereby highlighting the potential
of our sampling technique to use Eq. 5 as a surrogate to in-
tegrate guidance magnitudes while keeping high efficiency
during sampling (see Sec. A.1 for quantitative results).

5. TeEFusion to Distill CFG
The analysis in Sec. 4 demonstrates that simple addition or
subtraction of text embeddings from different prompts can
effectively reconstruct or eliminate specific semantic com-
ponents of the original prompt, indicating that such opera-
tions in the embedding space yield features with clear se-
mantics. Building on this observation, we hypothesize that
any linear combination of these text embeddings—with ap-
propriately moderate coefficients can similarly produce se-
mantically meaningful representations. This insight moti-
vates the use of Eq. 5 for guidance distillation with a prop-
erly configured w.

Motivated by this hypothesis, we propose TeEFusion
(Text Embeddings Fusion), a simple distillation frame-
work that effectively distills both classifier-free guidance
and complex reflection-based sampling techniques simul-
taneously. In TeEFusion, guidance magnitude w is incor-
porated into the student model by linearly combining con-
ditional and unconditional text embeddings, with w serving
as the combination coefficient. Subsequently, the student
model is trained to mimic the denoised output of teacher
models that employ reflection-based sampling (see Fig. 3).

However, directly applying Eq. 5 to TeEFusion poses
challenges. As the guidance scale w increases, the vari-

ance of the fused prompt ĉ grows on the order of O(w2),
which, when w becomes too large, leads to poor numerical
stability. To address this issue, we project w into a vector
space using a sine and cosine time embedding [32]. This
approach not only ensures that different values of w remain
distinguishable, but also mitigates the numerical instability
arising from excessive variance.

Specifically, the joint embedding of the text prompt and
timestep in the text-to-image model [5, 11] ϵ(xt, t, c) is for-
mulated as:

zt,c = G(ψ(t)) + F(c), (6)

whereF(·) and G(·) denote two distinct multi-layer percep-
tions (MLPs), and ψ(·) represents the sinusoidal encoding
of the timestep. This formulation effectively decouples the
processing of textual and temporal information, thereby en-
abling a more structured integration of the guidance magni-
tude.

Our TeEFusion distills the guidance magnitude w by in-
corporating it into zt,c as:

ẑt,c,∅,w = G(ψ(t)) + F(c) + G(ψ(w))F(c−∅)︸ ︷︷ ︸
extra term

, (7)

where the term c − ∅ is computed after projection into the
text embedding space. Assume that the teacher and student
models are denoted by ϵθT and ϵθS , respectively. After ob-
taining ẑt,c,∅,w, it is used to compute the guided output of
student model. The distillation objective then lets the stu-
dent mimic the CFG-derived output from the teacher model
with complex sampling (cf. Algorithm 1).

Comparing Eq. 7 with the definition of ĉ, the termF(c)+
G(ψ(w))F(c−∅) exactly corresponds to the term c+w(c−
∅) in ĉ, but computed in the embedding space.

TeEFusion offers several notable advantages. First, its
w-injection method is exceptionally simple. Unlike other
approaches [20, 25, 26] that require extra network struc-
tures and parameters, our method is very easy to implement.
Second, it demonstrates strong scalability. By employing
more robust teacher sampling strategies or larger network
architectures, our approach can further empower the student
model. Finally, it is easy to train and converges quickly, as
evidenced by the results in Fig. 5b. These features make
TeEFusion an attractive and practical solution for efficient
guidance distillation in state-of-the-art text-to-image gener-
ation systems.

6. Experiments
In this section, we begin by describing the experimental
setups. Next, we present the main results, demonstrating
the effectiveness of TeEFusion through both quantitative
and qualitative analyses. Finally, we conduct comprehen-
sive ablation studies to investigate the contributions of each
component in our approach and to evaluate its robustness
under various configurations.
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Figure 4. Qualitative comparison among various methods across different guidance scales w. Prompts: 1) An egirl with pink hair and
extensive makeup. 2) A cozy tavern with a retro video game vibe and cinematic lighting, featuring a cartoon-style animation and detailed
background art.

Table 1. HPS results (↑) on aesthetic benchmarks. Higher scores
indicate that the generated images better conform to human aes-
thetic standards. “Cost” refers to the inference time required, mea-
sured and compared separately for each model. “I.-T2I” is the
abbreviation for “In-house T2I”. Results of the student model are
from the teacher model using W2SD+CFG. The best results are in
bold face.

Model Method Cost
Prompt Group

Anime Concept-Art Paintings Photo

SD3

Teacher
CFG 2× 30.78 30.06 30.28 27.93
W2SD+CFG 6× 31.96 30.65 30.67 29.76
Student
DistillCFG 1× 31.14 29.52 30.03 29.04
TeEFusion 1× 32.37 30.88 30.74 29.84

I.-T2I

Teacher
CFG 2× 30.65 29.27 28.94 27.99
W2SD+CFG 6× 32.23 31.29 31.22 29.93
Student
DistillCFG 1× 30.80 29.41 29.14 28.79
TeEFusion 1× 32.39 31.34 31.27 29.96

6.1. Experimental Settings

Models. We employ two text-to-image generation mod-
els that both leverage the DiT [22] architecture and Flow
Matching [16] framework: SD3 [5] and our In-house T2I.
SD3 [5] is a publicly available open source model with 2B

parameters, offering superior visual quality and enhanced
compositional consistency. In-house T2I, is optimized for
photorealistic images in e-commerce scenarios and consists
of 1B parameters.

Training Details. We employ the subset of LAION-
5B [27] for distillation. In particular, high-resolution im-
ages with an aesthetic score [27] exceeding 6 are selected
as the training set. The student model is optimized using
AdamW [17] with an effective batch size of 128 and a de-
fault learning rate of 5 × 10−6. For the teacher model, we
adopt W2SD [2]+CFG [7] as the sampling strategy, given
its superior performance as demonstrated in Fig. 1. Since
W2SD leverages two models of differing strengths dur-
ing sampling, these models are obtained using CHATS [6].
All distilled models in our experiments are trained within
the W2SD+CFG framework, with wmin and wmax in Algo-
rithm 1 set as 2 and 14, respectively.

Baselines. Given the limited research on directly ap-
plying guidance distillation to large text-to-image models,
we adopt DistillCFG [20] as our baseline. DistillCFG in-
tegrates the guidance scale through an additional MLP em-
bedding as in recent FLUX.1-dev [11]. Moreover, we com-
pare TeEFusion with the teacher model to further validate
its effectiveness.

Evaluation Details. HPS [34] provides a broad bench-
mark for aesthetic evaluation, featuring 3,200 prompts
distributed equally among four distinct styles: Anime,

6



Table 2. Quantitative results on CLIP score and DPG-Bench (%). Higher scores indicate that the generated images exhibit superior overall
performance, reflecting enhanced visual quality, finer details, and better alignment with the input prompt. †: measured using prompt from
Anime.

Model Method CLIP† DPG-Bench
Global ↑ Entity ↑ Attribute ↑ Relation ↑ Other ↑ Overall ↑

SD3

Teacher
CFG 34.93 85.71 90.84 87.79 93.58 86.40 85.09
W2SD+CFG 34.96 82.98 92.13 88.60 94.24 91.60 86.56
Student
DistillCFG 34.53 81.46 90.47 87.85 93.42 84.40 84.13
TeEFusion 34.63 81.76 90.60 88.11 93.15 86.80 84.56

In-house T2I

Teacher
CFG 34.25 83.89 88.08 88.07 91.57 76.40 81.88
W2SD+CFG 34.62 82.37 91.41 89.08 93.73 78.80 85.20
Student
DistillCFG 33.38 84.50 90.21 88.24 93.54 80.00 83.52
TeEFusion 33.81 84.19 90.08 88.56 93.73 81.60 84.13

Table 3. Modular ablation of TeEFusion using In-house T2I with
prompts from Anime. The “Config” of TeEFusion specifies the
configuration of “extra term” in Eq. 7.

Config
Metrics

HPS ↑ IR ↑ PickScore ↑ CLIP ↑
DistillCFG 30.80 113.12 22.42 33.38
G(ψ(w)) 31.05 116.39 22.49 33.59
G(ψ(w))F(c−∅) 32.39 128.50 22.68 33.81

Concept-Art, Paintings and Photo (800 prompts each). This
extensive prompt collection supports robust and consis-
tent evaluation outcomes. DPG-Bench [8] includes 1,065
prompts, with each prompt describes several objects with
different features and explains how these objects relate to
each other. It is designed to test how well text-to-image
models can combine these elements into a coherent image.
For aesthetic evaluation, we employ three state-of-the-art
evaluators: HPS [34] (with its v2 version), ImageReward
(IR) [35], and PickScore [10]. We also use the CLIP [23]
score to assess how well the generated images align with
their corresponding input prompts.

6.2. Main Results.
As demonstrated in Table 1, our TeEFusion method consis-
tently achieves the best scores on aesthetic evaluations, sur-
passing the DistillCFG baseline and even the teacher model
across all prompt categories for both SD3 and In-house T2I
models. Table 2 further highlights TeEFusion’s superior
performance on the DPG-Bench, where it not only excels
in object attributes, spatial relationships, and overall com-
position, but also achieves higher CLIP scores compared
to DistillCFG, underscoring its ability to faithfully capture
textual semantics.

These results clearly indicate that TeEFusion effectively

Table 4. Ablation study on distilling with different sampling strate-
gies. In each group, the first row shows the teacher’s sampling
strategy, while the second row displays TeEFusion distilled with
it. Model: In-house T2I. Prompt: Anime.

Sampling Cost
Metrics

HPS ↑ IR ↑ PickScore ↑ CLIP ↑
Euler+CFG 2× 30.65 118.05 22.79 34.25
TeEFusion 1× 30.61 117.29 22.78 33.58
Z-Sampling+CFG 6× 31.99 125.42 22.61 34.47
TeEFusion 1× 32.01 125.07 22.65 33.62
W2SD+CFG 6× 32.23 127.56 22.49 34.62
TeEFusion 1× 32.39 128.50 22.68 33.81

integrates the guidance magnitude through linear fusion
in the text embedding space, thereby preserving semantic
structure and compositional quality while significantly im-
proving sampling efficiency. Notably, TeEFusion achieves
an inference speed that is 6× faster than that of the teacher
model. Overall, TeEFusion successfully distills complex
sampling strategies into a streamlined inference process,
delivering high image quality with minimal trade-offs, and
making it a promising approach for real-world applications.

6.3. Ablation Studies

Modular Ablation. We conduct modular ablation on In-
house T2I using prompts from the Anime (see Table 3).
By replacing the additional MLP used in DistillCFG with
G(ψ(w)), we observe an improvement in all scores. Fur-
thermore, the complete TeEFusion configuration achieves
the best results, consistently outperforming all other vari-
ants. These findings demonstrate that each component
within TeEFusion meaningfully contributes to the effective-
ness of guidance distillation. Notably, the student model
employs simple Euler sampling without CFG.
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Figure 6. Illustration of embedded w, with values randomly sam-
pled from the range [2, 14], visualized using t-SNE [31].

Switching Teacher Sampling. We also investigate the
effectiveness of TeEFusion under different sampling strate-
gies used by teacher models (cf. Table 4). The results
indicate that TeEFusion achieves nearly lossless distilla-
tion regardless of the teacher sampling method. Although
we observe minor performance reductions when distill-
ing from simpler sampling methods in Euler+CFG and Z-
Sampling+CFG, these slight differences are expected, as
perfectly matching the teacher model is challenging.

Importantly, when distilling from the more robust sam-
pling method (W2SD+CFG), TeEFusion not only achieves
near-lossless distillation but slightly surpasses the teacher’s
performance across several metrics. This demonstrates that
TeEFusion effectively preserves model quality during dis-
tillation. Moreover, these results indicate a promising prop-
erty of TeEFusion: its performance is expected to further
improve as stronger sampling strategies or larger teacher
models become available in the future, making our method
highly scalable and adaptable for test-time scaling.

Is w-distillation successful? We further examine the in-
fluence of varying the guidance scalew on TeEFusion’s per-
formance. As illustrated in Fig. 4, the images produced by
TeEFusion under different w settings are both diverse and
visually appealing. Moreover, the model achieves the high-
est HPS and CLIP scores at w = 5 (see Fig. 5a), indicat-
ing that an optimal guidance scale effectively enhances both
aesthetic quality and prompt adherence. The distinct score
variations across different w values further confirm that
TeEFusion maintains sensitivity to guidance scale changes

after distillation. These findings validate the capability of
our approach to preserve meaningful guidance scale charac-
teristics, thereby enabling users to effectively balance text-
image consistency and visual aesthetics.

How fast does TeEFusion converge? We further exam-
ine the convergence speed of TeEFusion in Fig. 5b. It re-
veals that the HPS value increases rapidly during the early
stages of training (below 5k steps) and then gradually sat-
urates. Similarly, the loss curve drops quickly at first and
levels off once the training steps exceed 10k. These find-
ings clearly indicate that TeEFusion converges remarkably
fast. This rapid convergence can be attributed to the fact
that all encoding operations related to the guidance scale w
utilize modules directly inherited from a pretrained model,
without any randomly initialized components. In fact, for
In-house T2I, TeEFusion converges in under 4 hours when
trained on 16 A100 GPUs, demonstrating an exceptionally
efficient training process.

Qualitative Analysis. In Fig. 4, we present the qualita-
tive results of various methods across different w. We ob-
serve that the images generated by the teacher model using
W2SD+CFG do not consistently achieve optimal aesthetic
quality, particularly when w is excessively high. Notably,
at high w values, W2SD+CFG is more prone to collapse.
For example, the left image appears less appealing, while
the right image exhibits pronounced periodic artifacts [12].
In contrast, the distilled models do not suffer from these
issues, which explains why TeEFusion attains higher aes-
thetic scores compared to W2SD+CFG due to its enhanced
stability. Moreover, we consistently observed that TeEFu-
sion outperforms DistillCFG, especially at lower w values.

Additionally, in Fig. 6 we illustrate the feature distribu-
tions of embedded w. An interesting observation is that
the embedded w obtained by TeEFusion exhibit a more
coherent distribution, whereas those of DistillCFG appear
markedly more discrete. This can be attributed to TeEFu-
sion’s additional utilization of information from the c − ∅,
which results in a smoother guidance signal and, conse-
quently, improved generation quality.

7. Conclusions and Limitations

In this paper, we introduced TeEFusion, an efficient dis-
tillation method that fuses guidance magnitudes into text
embeddings, streamlining the inference process for text-to-
image synthesis. By linearly combining conditional and un-
conditional embeddings, TeEFusion replicates the teacher
model’s performance, achieving comparable image quality
while enabling up to 6× faster inference. However, TeE-
Fusion sometimes produces semantic inconsistencies (e.g.,
mismatched attributes) and its outputs do not always pre-
cisely align with the teacher model (cf. Fig. 4). Future work
will focus on mitigating these issues.
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Figure 7. Generation examples of failure cases. Prompt: 1) not a
cat. 2) liquid glass. 3) cold fire.

A. More Experimental Results and Analyses
A.1. Quantitative Analysis of Additive Text Embed-

dings
To validate the effectiveness of additive text embeddings,
we conducted quantitative experiments across different text-
to-image models. The cosine similarity between original
and fused embeddings (Cos Sim.txt) and their corresponding
generated images (Cos Sim.img) are summarized in the table
below:

Metric SD3 In-house T2I FLUX.1-dev
Cos Sim.txt 0.8073 0.8192 0.8286
Cos Sim.img 0.8732 0.9137 0.9318

These results confirm that additive embedding opera-
tions preserve over 80% cosine similarity in text space and
over 90% in image space, demonstrating their ability to
merge diverse semantic patterns effectively.

A.2. Operational Boundaries and Failure Cases
Our fusion mechanism G(ψ(w))F(c − ∅) operates within
the encoder’s linear regime through bounded sine-cosine
positional encodings (∥G(ψ(w))F(c − ∅)∥2 ≤ δ). How-
ever, failure cases arise when:
• Semantic vectors exhibit non-orthogonality (e.g., contra-

dictory phrases like “cold fire”)
• Contextual interference occurs in composite prompts

(e.g., “not a cat”)
These limitations are visualized in Figure 7.
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