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Abstract

Diffusion models have emerged as the leading approach for
text-to-image generation. However, their iterative sampling
process, which gradually morphs random noise into coher-
ent images, introduces significant latency that limits their
applicability. While recent few-step diffusion models reduce
the number of sampling steps to as few as one to four steps,
they often compromise image quality and prompt alignment,
especially in one-step generation. Additionally, these mod-
els require computationally expensive training procedures.
To address these limitations, we propose ImageRAGTurbo,
a novel approach to efficiently finetune few-step diffusion
models via retrieval augmentation. Given a text prompt, we
retrieve relevant text-image pairs from a database and use
them to condition the generation process. We argue that
such retrieved examples provide rich contextual informa-
tion to the UNet denoiser that helps reduce the number of
denoising steps without compromising image quality. In-
deed, our initial investigations show that using the retrieved
content to edit the denoiser’s latent space (H-space) with-
out additional finetuning already improves prompt fidelity.
To further improve the quality of the generated images, we
augment the UNet denoiser with a trainable adapter in the
H-space, which efficiently blends the retrieved content with
the target prompt using a cross-attention mechanism. Ex-
perimental results on fast text-to-image generation demon-
strate that our approach produces high-fidelity images with-
out compromising latency compared to existing methods.

1. Introduction
Diffusion models [14, 39–41] have demonstrated remark-
able capabilities in generating high-quality images. How-
ever, their iterative sampling process introduces a signifi-
cant computational bottleneck that limits their practical ap-
plications. In particular, standard diffusion models typically
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Figure 1. Illustrative examples of ImageRAGTurbo, where the vi-
sual concepts are highlighted by colored boxes. ImageRAGTurbo
outperforms Stable Diffusion Turbo (adversarially distilled Stable
Diffusion without retrieval) in generating accurate visual concepts.
Even with a single step, ImageRAGTurbo performs comparably to
Stable Diffusion with 50 steps. Please zoom in for better quality.

require 25 − 50 denoising steps to generate a single im-
age, with each step involving an expensive network func-
tion evaluation of the denoiser. This sequential sampling
process leads to high latency, limiting the use of these dif-
fusion models in real-time and interactive applications.

Classical approaches to improving the efficiency of dif-
fusion models include (1) latent diffusion models that op-
erate in a lower-resolution latent space to gain efficiency in
the spatial dimension [40], and (2) fast ordinary differential
equation (ODE) samplers that directly reduce the number of
sampling steps [27, 28, 51, 59]. However, despite remark-



able progress in developing fast ODE samplers, they still
require more than 10 steps to generate images with satisfac-
tory quality.

Recent approaches to improving the efficiency of diffu-
sion models include model quantization [24, 25], cached
sampling [32, 62], and few-step distilled models [30, 43,
44, 53]. Although the first two families of methods acceler-
ate sampling, they still require a large number of steps. In
contrast, few-step models distill the full sampling trajectory
of the teacher diffusion models to a short trajectory with
just one to four steps. In the extreme one-step case, the dis-
tilled model learns to directly map noise to the target dis-
tribution. However, this poses the significant challenge of
achieving high image and prompt fidelity1 [43, 61]. For ex-
ample, given the prompt “A boat on the water with a light-
house in the background.”, the distilled few-step model may
fail to generate the visual concept of “boat” in the resulting
images (see illustration in Fig. 1). Additionally, distilling
these few-step models from teacher diffusion models typi-
cally requires substantial computational resources, making
them less accessible for easy adoption.

One potential solution to improve prompt fidelity is to
train preference models [21, 55]. However, this requires
human annotated preference datasets. Another potential so-
lution, drawing inspiration from retrieval-augmented gener-
ation (RAG) in large language models (LLMs) [5, 23, 38],
is to adapt RAG to enhance prompt fidelity in image gener-
ation [1, 3, 47, 48, 58]. These models first query a database
for relevant text-image pairs and then condition the diffu-
sion models on the retrieved pairs to enhance prompt fi-
delity. Although prior retrieval-augmented image genera-
tion (RAIG) models have investigated various conditioning
strategies [1, 3, 48] and fine-grained retrieval content using
LLMs [47, 58], RAIG with few-step diffusion models has
not yet been explored. In addition, most previous methods
do not focus on improving efficiency in both training and
inference [1, 3, 48, 58].

In this paper, we propose to use retrieval augmentation to
improve the generation quality of few-step diffusion models
while maintaining efficiency. The key intuition is that in-
jecting semantically relevant retrieved information into the
diffusion model can simplify the task of mapping random
noise to target distributions. Preliminary results on using
the retrieved content to directly edit the latent space of the
diffusion model’s denoiser (H-space) without any finetun-
ing already show improved image and prompt fidelity (see
Fig. 1). However, this simple approach requires an expen-
sive hyperparameter search at inference time to maximize
performance, compromising the latency benefits of few-step
image generation. To mitigate this challenge, we propose
to augment the denoiser’s H-space with a trainable adapter
that blends the retrieved content with the target prompt us-

1We use prompt fidelity and text-to-image alignment interchangeably.

ing a cross-attention mechanism (Sec. 3.3). Experiments
show that the proposed ImageRAGTurbo method produces
high-fidelity images without compromising efficiency.

Our main contributions can be summarized as follows:
• We introduce a novel retrieval-augmented framework for

few-step image generation with diffusion models, which
significantly improves prompt fidelity and image quality
while maintaining fast generation speeds.

• We develop an efficient finetuning approach using a
lightweight adapter network in the H-space, which re-
duces computational requirements compared to tradi-
tional few-step model training methods.

• We conduct extensive experiments demonstrating that
our method outperforms existing few-step approaches in
terms of both generation quality and prompt alignment,
while maintaining comparable inference speed.
The remainder of the paper is organized as follows:

Section 2 reviews relevant literature, Section 3 details our
method including our preliminary investigation in Sec-
tion 3.2 and the proposed H-adapter finetuning in Sec-
tion 3.3. Section 4 presents our experimental validation and
results, and Section 5 concludes the paper.

2. Related work

Few-step Text-to-Image Generation. Standard diffusion
models [13] generate images via an iterative denoising pro-
cess that aims to reverse the forward noising process step
by step. This iterative reverse sampling process occurs se-
quentially and cannot be parallelized to speed it up. Al-
though fast ODE samplers [27, 28, 51, 59] can skip some
steps by enabling a large sampling step size, these models
cannot directly map noise to images like GANs [7, 19]. To
address this challenge, consistency models [30, 53] enforce
the self-consistency of the denoising networks along the
sampling trajectory such that they can map any point in an
ODE trajectory to its starting point. This enables one-step
or few-step generation by directly mapping random noise
to images, or through intermediate steps. However, despite
being theoretically grounded, consistency models distilled
from pretrained diffusion models, such as latent consistency
models [30], typically result in low-quality samples when
using few steps [44]. In contrast, adversarial diffusion dis-
tillation [44] and its variant in latent space [43] show strong
empirical performance in few-step generation. There are
also hybrid methods that combine consistency models and
adversarial training [4, 60]. However, all these methods
share a common flaw: they often struggle to generate faith-
ful images that align well with the target prompts.

Retrieval-Augmented Image Generation. RAG has been
extensively explored in natural language processing [5, 23,
38], but has received comparatively less attention in the con-
text of image generation. An early example is the retrieval-
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Figure 2. Overview of the proposed ImageRAGTurbo framework for efficiently finetuning the few-step diffusion models with retrieval-
augmented generation. The framework involves two main branches: i) a standard denoising branch (highlighted by green), and ii) a
retrieval branch (highlighted by purple). For a target prompt ptgt, it will first be converted to embeddings with a pretrained text encoder
τϕ(·). Then we query a database based on the target text embeddings to obtain the retrieved text-latent embeddings (τϕ(pretr),zretr

t ),
which is then fed into the encoder of the denoiser to obtain the retrieved H-space feature hretr

t . Finally, the H-space feature hretr
t in the

retrieved branch is injected into the denoising branch by the proposed H-space adapter to guide the generation. See details in Sec. 3.

augmented diffusion model (RDM) [1], which conditions
the denoiser of a latent diffusion model [40] on CLIP em-
beddings [37] of image neighbors retrieved from an external
database. Similarly, Re-Imagen [3] and its variant [16] ex-
tend the pixel-space training method of Imagen [41] to con-
dition the denoiser on the retrieved text-image pairs. In ad-
dition, RealRAG [31] aims to enhance the retrieval branch
of retrieval-augmented image generation by training a re-
flective retriever that selects retrieved images to comple-
ment the model’s missing knowledge. However, all these
methods are not optimized for few-step image generation.
Recent approaches like ImageRAG [47] and FineRAG [58]
leverage Multimodal LLMs (MLLMs) for dynamic image
retrieval based on text prompts, and use these MLLMs
to assess and progressively improve the generated images
through iterative refinement. However, the repeated calls
to MLLMs in these methods introduce substantial compu-
tational overhead, which defeats the primary goal of fast
generation in this paper.

3. Method

In this work, we propose ImageRAGTurbo, a framework
for boosting the performance of few-step generation mod-
els. Specifically, given a target prompt, ptgt, we retrieve rel-
evant text-to-image pairs (pretr,xretr) from a database. The
retrieved information is then injected into the text-to-image
diffusion models to guide the generation process. Motivated

by the recent finding that the H-space of the UNET denoiser
already contains semantically meaningful representations,
our investigation starts from a training-free direct H-space
injection (Sec. 3.2) and then extends to the proposed effi-
cient H-space adapter tuning (Sec. 3.3). The overview of
the proposed framework is shown in Fig. 2.

3.1. Preliminary

Latent diffusion models. In this work we focus on la-
tent diffusion models (LDMs) [40] and their popular suc-
cessor stable diffusion models [6, 36], rather than pixel-
space alternatives like Imagen [41], due to their popularity
and state-of-the-art performance for text-to-image genera-
tion. Specifically, LDMs have two stages: first, a pretrained
VAE that transforms images x to their latent representations
z via the encoder E : x 7→ z and then back to the image
space via the decoder D : z 7→ x; second, a diffusion model
applied to the resulting latent space Z . LDMs for text-to-
image generation henceforth learn to progressively trans-
form a standard Gaussian distribution ϵ ∼ N (0, I) along
with a target prompt ptgt into the target latent z0 = E(x)
through a denoiser fθ:

ẑ0=fθ(zt, t, τϕ(p
tgt)), zt = αtz0 + σtϵ, t ∈ U(0, 1), (1)

where αt and σt control the noise scheduling, and τϕ(·) is a
text encoder (e.g., a pretrained CLIP text encoder [37]).



Although there are different parameterizations of the de-
noiser [20], we opt for the one that predicts ẑ0 in Eq. (1), as
it is widely used in few-step diffusion models [30, 43, 44,
53]. The denoiser can be trained by optimizing the scoring
matching objective [52, 54]:

min
θ

Ex∼p(x),ϵ∼N (0,I),t∼U(0,1)

[
λ(t)∥ẑ0 − z0∥22

]
, (2)

where p(x) is the data distribution, and λ(t) is a weighting
function. After training, we can generate the target latent
ẑ0 by solving an SDE/ODE using a variety of solvers [13,
27, 28, 51, 59], starting from a random Gaussian noise ϵ ∼
N (0, I). The resulting latent ẑ0 is then projected back to
the image space via the VAE decoder D to produce the final
generated image x̂ = D(ẑ0).
H-space of the UNet denoiser. We define the H-space of
the denoiser [22], which plays a crucial role in our method,
as the space of feature maps ht corresponding to the deepest
layer of the UNet denoiser (see Fig. 2). High-level concepts
of a generated image, such as image class or object presence
and attributes, are largely determined by H-space features,
which consequently impact the prompt fidelity [46]. In con-
trast, low-level features corresponding to earlier layers of
the denoiser determine the details of a generated image.

3.2. Retrieval-Augmented Direct H-space Injection
Recent explorations have revealed that the denoising UNet
already has a semantically meaningful H-space [22, 34].
In light of this, we first investigate a simple training-free
mechanism to directly inject the retrieved information into
the H-space of a UNet denoiser to demonstrate the effec-
tiveness of the retrieval augmented generation. Specifically,
we first project the retrieved text-image pairs (pretr,xretr)
to their corresponding embeddings (τϕ(p

retr), zretr
0 ), where

zretr
0 = E(xretr) (see illustration in Fig. 2). Subsequently, the

retrieved embeddings (τϕ(pretr), zretr
0 ) are fed to the encoder

of the UNet denoiser fenc
θ to extract the H-space features:

hretr
t = fenc

θ (τϕ(pretr), t,zretr
0 ). In practice, we set t = 0, as

the retrieved images are noise-free. Likewise, we can obtain
the target H-space features htgt

t = fenc
θ (τϕ(ptgt), t,zt). We

then enrich the target H-space features by blending it with
the retrieved H-space features via spherical normalized in-
terpolation:

hblend
t =

sin[(1− w)Ωt]

sinΩt
hretr
t +

sin[wΩt]

sinΩt
htgt
t , (3)

where Ωt = arccos(⟨htgt
t ,hretr

t ⟩), and w ∈ (0, 1) con-
trols the strength of the blending. We employ spherical
normalized interpolation rather than linear interpolation,
as geodesic interpolation paths provide smoother semantic
transitions [26], effectively preventing the abrupt changes
typically caused by phase transitions [46]. The blended H-
space features along with the target prompt embeddings are

Figure 3. Performance of direct H-space injection, shown as a
histogram of TIFA scores across various categories.

then fed to the decoder of the UNet denoiser fdec
θ to produce

the denoised latent

ẑt−1 = fdec
θ (τϕ(ptgt), t,hretr

t ).

Our initial investigation has revealed that the direct H-
space injection without any further tuning yields a modest
improvement in prompt fidelity (see Fig. 3), increasing the
TIFA score [17] from 0.779 to 0.781 with a fixed w = 0.8
for all prompts. Observing that different prompts require
different optimal blending strengths, we determine the op-
timal w∗ that maximizes the TIFA score for each prompt
within a set of predefined values {0.1, 0.2, . . . , 0.9} via
brute force search/exhaustive search. This further improves
the TIFA score to 0.816, even surpassing the 50-step sta-
ble diffusion model without retrieval augmentation. How-
ever, determining the optimal blending strength w∗ of each
prompt is an ill-posed problem, as the optimal blending de-
pends on latent factors such as retrieval relevance, prompt
semantics, generation difficulty, etc.

A more principled solution to this problem is to edit the
H-space representations along multiple directions and com-
pute the edit strength automatically. For example, recent
work for LLMs [29] constructs a large dictionary of latent
editing directions (e.g., 40,000) and uses sparse coding to
automatically select a small, relevant subset of directions
along with their corresponding strengths. However, solv-
ing a sparse coding problem during inference can largely
increase the inference time. Next, we propose an efficient
method based on training an adapter that blends retrieved
and target H-space features.

3.3. Retrieval-Augmented Efficient H-space Tuning
Although directly injecting content into H-space improves
prompt fidelity, it requires exhaustive search for the optimal



Figure 4. The architecture of the discriminator used for latent ad-
versarial training, which adds noise to the samples ẑ0 from the
student model and z0 from the teacher model, and differentiate
them.

blending strength, making it impractical for real-world ap-
plications. This motivates us to automatically learn the cor-
relations between the retrieved and target H-space features.
For this purpose, we introduce a trainable adapter gφ(·, ·) to
the H-space of the UNet denoiser while freezing the other
parts of the denoiser. The adapter gφ(·, ·) leverages a cross-
attention mechanism to automatically determine the corre-
lations between the retrieved and target H-space features:

gφ(h
tgt
t ,hretr

t ) = softmax

(
QK⊤
√
dk

)
V ,

Q = WQ · htgt
t ,K = WK · hretr

t ,V = WV · hretr
t .

(4)

The outputs from the adapter are then added to the raw tar-
get H-space features as follows:

hretr
t = htgt

t + λ gφ(h
tgt
t ,hretr

t )︸ ︷︷ ︸
∆ht

, (5)

where λ is a weighting parameter. We empirically find that
the results are not sensitive to the choice of λ, and set it
to be the cosine similarity between the retrieved and target
text CLIP embeddings. The intuition is that if the retrieved
content has a high correlation to the target prompt, it should
contribute more to the final generated content.

3.4. Training Procedure
Few-step diffusion models, trained through either self-
consistency [30, 53] or adversarial training [43, 44], op-
erate on a subset of n timesteps Tn = {t1, t2, · · · , tn}
drawn from the complete N timesteps in the teacher
model. For example, a 4-step student model uses Tn =
{1.0, 0.75, 0.5, 0.25}. The predicted ẑ0 at timestep ti, i ∈
{1, · · · , n} of the proposed denoiser reads

ẑ0 = fθ(zti , ti, τϕ(p
tgt),hretr

0 ).

In this work, we focus on latent adversarial train-
ing [43], as it empirically shows better performance than

self-consistency training, especially in the one-step sce-
nario. In addition, latent adversarial training, which op-
erates on the latent Z space, is more efficient than its
predecessor that performs adversarial training in the pixel
space [44].

Without loss of generality, we denote the teacher and
few-step student denoisers by fθ∗ and fθ, respectively, both
frozen in our training schema. The trainable module for the
few-step denoiser is the H-space adapter. To further help
translate the adapted features into the final generation, we
also finetune the decoder of the student denoiser using the
parameter-efficient low-rank adaption tuning [15].

In our latent adversarial training, the discriminator (de-
noted by D) consists of the frozen UNet encoder of the
teacher denoiser (fenc

θ∗ ), followed by a few trainable pro-
jection layers that project multi-stage encoder features to
output embeddings (see Fig. 4). Unlike standard adversar-
ial training, latent adversarial training leverages the idea
of DiffusionGAN [56] that differentiates a pair of noisy
latent variables (ẑs, zs), where ẑs = αsẑ0 + σsϵ and
zs = αsz0 + σsϵ, s ∼ {t1, · · · , ts, · · · , tN}. It is worth
noting that the timesteps used to train the discriminator are
sampled uniformly from the full set of N timesteps such
that it can learn to distinguish samples across different noise
levels throughout the entire diffusion process.

Following [42–44], the hinge loss is used as the adver-
sarial objective function. The objective function for training
the discriminator is given as:

LD
adv =

∑
k

Ez0

[
max(0, 1−Dk(zs, τϕ(P

tgt), ts))
]
+

Eẑ0
[max(0, 1 +Dk(ẑs, τϕ(P

tgt), ts))],

(6)

where D stands for discriminator including the frozen
teacher encoder and trainable projection layers, and k de-
notes the k-th stage features. Similarly, the objective func-
tion for training the few-step denoiser, denoted by G fol-
lowing the convention of adversarial training, reads:

LG
adv = −

∑
k

Ez0 [Dk(ẑs, τϕ(ptgt)]. (7)

To stabilize the adversarial training procedure, we apply
spectral normalization [33] to the convolutional layers in the
trainable projection heads of the discriminator (see Fig. 4).
Compared to the gradient penalty method used in [18, 44],
spectral normalization does not require double backpropa-
gation, and hence it saves computations.

In addition to the adversarial training objective, we use
two auxiliary objectives to stabilize training and improve
image quality: i) score distillation loss, and ii) latent LPIPS
loss [18]. The score distillation loss is computed as the
smoothed L1 loss between ẑ0 and z0:

Ldistill =

{
0.5 ∗ ∥ẑ0 − z0∥22, if |ẑ0 − z0| < 1

|ẑ0 − z0| − 0.5, otherwise.
(8)



Similar to the LPIPS loss, the latent LPIPS loss is computed
in the latent space between ẑ0 and z0:

Lelpips = ET
[
∥F (T (ẑ0))− F (T (z0)∥22

]
, (9)

where T (·) stands for a set of random differentiable aug-
mentations, including general geometric transformations
and cutoff, and F (·) denotes the embedding network (e.g.,
VGG16 [50]).

The final training objective is the weighted sum of the
aforementioned three objectives:

L = Ladv + αLdistill + βLlatentLPIPS, (10)

where α and β are weight-balance parameters. However,
the extensive search of these parameters is expensive in
practice. Following [18, 44], we empirically set α = 2.5
and β = 1.0 in this paper.

4. Experiments
4.1. Experimental Setup

Datasets. We finetune the proposed method using a mix
of synthetic and real text-image pairs, as prior studies have
shown that synthetic data can help improve prompt fi-
delity [43]. We generate synthetic data via the teacher
model (i.e., Stable Diffusion v2-1-base [40]) at a constant
classifier-free guidance [12] value of 7.5, using around 3
million prompts from LAION-Aesthetic 6.25+ dataset [45],
which is commonly used for few-step diffusion distilla-
tion [57]. For the real data, we select 500K images from the
LAION-Aesthetic 5.5+ dataset [45] after filtering out those
with resolutions smaller than 1024 × 1024. Both the real
and synthetic images are subsequently resized to 512× 512
and fed into the VAE encoder to obtain 64 × 64 latent em-
beddings.
Evaluation benchmarks. We evaluate our proposed
method on two widely used benchmarks for evaluating text-
to-image generation: i) MS-COCO [2] and ii) TIFA. Specif-
ically, the MS-COCO benchmark comprises 5, 000 text-
image pairs from the validation set of the MS-COCO 2017
dataset, while the TIFA benchmark consists of 4, 081 text
prompts that contain elements from 12 categories (e.g., ob-
ject, spatial, activity, counting).
Evaluation metrics. Our quantitative evaluation employs a
set of metrics to assess different aspects of the generated im-
ages, including photorealism and faithfulness. For measur-
ing the photorealism of the generated images, we consider
the widely-adopted FID score [11] on the COCO bench-
mark, which measures if the generated images follow the
same distribution of the real images. In contrast, due to
the absence of reference images, we use Aesthetics (AES)
score to measure the visual appeal on the TIFA bench-
mark. To assess the faithfulness of the generated images

to the prompts, we adapt the widely used CLIP score [10]
on the COCO benchmark. We compute CLIP score us-
ing the OpenCLIP-ViT-bigG-14 model. Although the
CLIP score provides an overall assessment of text-to-image
alignment, it may fail to provide an accurate evaluation of
specific object attributes, quantities, and spatial relation-
ships in the generated images. Therefore, we use the TIFA
score [17] to measure if the generated images can truthfully
reflect the target prompts by visual question answering.

Baselines. To ensure a fair comparison, we compare the
proposed method with several popular text-to-image LDM
baselines with similar model sizes. In particular, we con-
sider stable diffusion models [40], such as Stable Diffusion
v1-5 and Stable Diffusion v2-1-base. In addition, we com-
pare our model with few-step diffusion models, including
the Latent Consistency Model (LCM) [30] and Stable Dif-
fusion Turbo v2-1-base trained by latent adversarial distil-
lation [43] rather than pixel-space adversarial distillation as
in [44]. We also compare our method to RDM [1], which in-
tegrates retrieval augmentation into stable diffusion models.
To ensure a fair comparison, our method and all baselines
have almost the same model size. For the distilled few-step
models, the classifier-free guidance [12] is disabled, as it
will easily overshoot [43]. For the other baseline models,
we use a constant classifier-free guidance value of 7.5.

Implementation details. To obtain retrieved text-image
pairs we apply the ScaNN search algorithm [8] in the text
feature space of a pretrained CLIP text encoder [37]. Here,
we reuse the same CLIP text features used by the stable
diffusion model (i.e., OpenCLIP-ViT-H-14) without in-
troducing any additional computational burden during in-
ference. Other retrieval methods, such as the lexical prompt
retriever (e.g., BM25 retriever) can be applied in different
applications without introducing expensive computational
overhead. We use the 0.63M text-image pairs from the
OpenImage database as the retrieval database. Our finetun-
ing is performed on 64× NVIDIA L40S GPUs with a total
batch size of 2, 048. We finetune the 1-step stable diffusion
turbo model for 20K iterations using the AdamW optimizer
with a constant learning rate of 1× 10−5 for both few-step
student model and the discriminator. The overall finetuning
process takes approximately one week.

4.2. Results on the MS-COCO Benchmark
Our evaluation on the MS-COCO benchmark demonstrates
ImageRAGTurbo’s superior performance (see Table 1).
Compared to the baseline Stable Diffusion Turbo v2-1-base
without retrieval augmentation, our approach achieves bet-
ter text-image alignment with a CLIP score that is 1.37%
higher, and improved image quality as indicated by a lower
FID score. Our 1-step ImageRAGTurbo even surpasses
the 4-step latent consistency model by a large margin in
both CLIP and FID scores. Furthermore, our 1-step model



Table 1. Quantitative comparison of text-to-image generation
models on the MS-COCO benchmark measured by the FID and
CLIP scores, as well as the number of function evaluations (NFE)
in the denoising process.

Models NFE FID↓ CLIP↑
w/o Retrieval
Stable Diffusion v1-5 50 24.38 0.319
Stable Diffusion v2-1 50 25.33 0.330
Latent Consistency Model 4 36.52 0.307
Stable Diffusion Turbo v2-1 1 26.04 0.319
w/ Retrieval
RDM 50 27.60 0.293
ImageRAGTurbo (Ours) 1 25.59 0.323

Table 2. Quantitative comparison of text-to-image generation
models on the TIFA benchmark as measured by the TIFA and AES
scores, and the number of function evaluations (NFE) in denoising.

Models NFE AES↑ TIFA↑
w/o Retrieval
Stable Diffusion v1-5 50 5.79 0.768
Stable Diffusion v2-1 50 6.04 0.811
Latent Consistency Model 4 5.80 0.764
Stable Diffusion Turbo v2-1 1 5.85 0.779
w/ Retrieval
RDM 50 5.40 0.725
ImageRAGTurbo (Ours) 1 5.88 0.801

achieves comparable results to the 50-step teacher model
(i.e., Stable Diffusion v2-1-base), showing a drop of 1.03%
and 2.1% in FID and CLIP scores, respectively. These
improvements can be attributed to ImageRAGTurbo’s en-
hanced ability to retrieve and leverage fine-grained, high-
quality reference images for more precise image synthesis.
In comparison to other retrieval-augmented approaches, Im-
ageRAGTurbo shows substantial improvement over RDM
with a CLIP score that is 10% higher, which highlights the
effectiveness of the proposed H-space adapter tuning.

4.3. Results on the TIFA Benchmark
As shown in Table 2, ImageRAGTurbo also demonstrates
superior performance on the TIFA benchmark. Compared
to the baseline Stable Diffusion Turbo v2-1-base without
retrieval augmentation, our approach achieves better text-
image fidelity with a TIFA score that is 2.2% higher, and a
slightly better aesthetic quality as indicated by the aesthetic
score (5.88 vs 5.83). Additionally, our 1-step ImageRAG-
Turbo outperforms the 4-step latent consistency model by a
large margin, showing a 3.7% improvement in TIFA score.
Although our 1-step model shows an overall drop of 1.2%
in TIFA score compared to 50-step Stable Diffusion v2-
1-base model, it achieves a comparable or even slightly

Figure 5. Detailed histogram of TIFA scores across various cate-
gories. Despite still lagging behind 50-step Stable Diffusion v2-1-
base model, our 1-step ImageRAGTurbo achieves comparable or
even slightly higher TIFA score in certain categories such as ob-
ject, activity, and material.
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Figure 6. Comparison of inference time (ms/image). We report
the average inference time calculated over the same set of 100
prompts at 512× 512 resolution on a single NVIDIA L40S GPU.

higher TIFA score in certain categories such as object, loca-
tion, activity, and material (see Fig. 5). Compared to other
retrieval-augmented approaches, ImageRAGTurbo substan-
tially outperforms RDM with a TIFA score 7.6% higher,
and a better aesthetic quality (5.88 vs 5.40), while requiring
only a single inference step instead of 50 steps.

4.4. Efficiency Analysis
Fig. 6 shows the computational efficiency of our method
compared to baselines. The total inference time of our
method (116.7ms) is on par with that of the Stable Dif-
fusion (SD) Turbo (113.8ms). The inference time of our
method can be broken down into two components: retrieval
(1.9ms/image) and denoising (114.8ms/image). The 1 ms
increase in denoising latency compared to SD Turbo is at-
tributable to the H-space adapter, with 36M additional pa-
rameters, representing only 4% of the total model param-
eters. Our method introduces only a minimal overhead of
2.5% in latency compared to the SD Turbo, due to the added



(a) Representative samples generated by ImageRAGTurbo. (b) Qualitative comparison with baseline methods.

Figure 7. Qualitative results of ImageRAGTurbo. (a) ImageRAGTurbo produces high-quality samples across diverse prompts and visual
concepts with a single denoising step. (b) ImageRAGTurbo achieves better text-to-image alignment than other competing few-step methods
on a variety of scenes, objects, and compositions.

retrieval mechanism and adapter, while delivering a signif-
icant 3% improvement in TIFA score. Additionally, the
proposed method is approximately 25× faster than the SD
teacher model, with only a 1.2% drop in TIFA score. Com-
pared to the latent consistency model, our method demon-
strates a 3.7% higher TIFA score with around 47% more
latency (116.7ms vs 220.6ms).

4.5. Qualitative Analysis
To highlight the effectiveness of our proposed model and
its potential applications, we present qualitative examples in
Fig. 7. Specifically, our approach can generate high-quality
images in a single step (see Fig. 7a). Notably, our approach
outperforms other few-step baselines in text-to-image align-
ment (see Fig. 7b). In particular, our RAG-based proposed
method can generate accurate objects (demonstrated in ex-
amples/rows 2 and 3) and proper spatial relationship (shown
in examples/rows 1 and 4).

5. Conclusion and Future Work
In this paper, we have presented ImageRAGTurbo, a novel
retrieval-augmented framework designed to enhance few-
step diffusion models through an efficient H-space adapter

tuning. Our approach tackles a key challenge in few-step
diffusion models (insufficient text-to-image alignment) by
effectively leveraging relevant information from a large re-
trieval database. Through this efficient retrieval-augmented
mechanism, ImageRAGTurbo can improve the model’s
ability to generate images that faithfully reflect the input
prompts without compromising the inference latency. Ex-
perimental results show that our method significantly im-
proves text-to-image alignment without compromising im-
age quality.

While our framework opens up a new direction for
retrieval-augmented few-step diffusion models, several av-
enues remain for future investigation. First, our current
framework relies on CLIP-based retrieval, while incorpo-
rating more fine-grained strategies, such as compositional
retrieval, is a promising direction for future work. Second,
we evaluate the current framework only on UNet-based ar-
chitectures, and extending the proposed method to diffu-
sion transformers (DiTs) [35] is worth exploring. Similar
to the H-space in UNets, recent studies suggest that DiTs
also learn semantically structured latent representations in
deeper layers, where structured and disentangled features
emerge in latent patch spaces and attention maps [9, 49].
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