
NAMI: Efficient Image Generation via Bridged Progressive Rectified Flow
Transformers

Yuhang Ma1* Bo Cheng1* Shanyuan Liu1* Hongyi Zhou2* Liebucha Wu1

Dawei Leng1† Yuhui Yin1

1360 AI Research 2Tsinghua University

Figure 1. High-quality image synthesis results from NAMI-2B demonstrate its capabilities in precise prompt following, spatial reasoning,
and aesthetic quality.

Abstract

Flow-based Transformer models have achieved state-of-
the-art image generation performance, but often suffer from
high inference latency and computational cost due to their
large parameter sizes. To improve inference efficiency with-
out compromising quality, we propose Bridged Progressive
Rectified Flow Transformers (NAMI), which decompose the
generation process across temporal, spatial, and architec-
tural demensions. We divide the rectified flow into different
stages according to resolution, and use a BridgeFlow mod-
ule to connect them. Fewer Transformer layers are used at
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low-resolution stages to generate image layouts and con-
cept contours, and more layers are progressively added as
the resolution increases. Experiments demonstrate that our
approach achieves fast convergence and reduces inference
time while ensuring generation quality. The main contribu-
tions of this paper are summarized as follows: (1) We intro-
duce Bridged Progressive Rectified Flow Transformers that
enable multi-resolution training, accelerating model con-
vergence; (2) NAMI leverages piecewise flow and spatial
cascading of Diffusion Transformer (DiT) to rapidly gener-
ate images, reducing inference time by 64% for generating
1024×1024 resolution images; (3) We propose a Bridge-
Flow module to align flows between different stages; (4) We
propose the NAMI-1K benchmark to evaluate human pref-
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erence performance, aiming to mitigate distributional bias
and comprehensively assess model effectiveness. The re-
sults show that our model is competitive with state-of-the-
art models.

1. Introduction
Over the past year, text-to-image (T2I) models based
on both diffusion [8, 16, 32, 38] and autoregressive ap-
proaches [6, 31] have achieved significant advancements
in image generation quality and inference efficiency. The
diffusion model approach, represented by SD3 [9] and
FLUX [20], leverages rectified flow [1, 22, 24] and MM-
DiT [9] architectures to achieve excellent performance.
However, the increased model parameters have significantly
raised training and inference costs, making commercializa-
tion more challenging. Concurrently, autoregressive (AR)
models generate images through next-token prediction [26].
These methods use vector quantization variational autoen-
coder (VQVAE) technology [40] to discretize image tokens,
and then predict the next component of the image based on
the previously generated tokens. The size of the codebook
plays a critical role in determining both the efficiency of im-
age generation and the image quality. Currently, AR models
such as LlamaGen [39] and Infinity [12] exhibit significant
advantages in inference speed, but their image generation
quality still falls short.

Figure 2. An overview of inference latency between the pro-
posed NAMI-2B and the corresponding FLUX-2B base model of
the same size without NAMI. With NAMI, inference performance
improvement becomes more significant as image resolution in-
creases. The measurements are conducted with a batch size of
1 on an A100 GPU.

Current research on optimizing the training and infer-
ence speed of diffusion models is primarily focused on areas
such as latent space downsampling, reducing the number of

tokens input into the DiT [27] block, and efficient attention
mechanisms [42]. Several approaches have been proposed
to reduce the number of input image tokens, one of which
involves decomposing the image generation process from
low resolution to high resolution. The matryoshka diffu-
sion model (MatryoshkaDM) [11] innovatively integrates
the low-resolution diffusion process as part of the high-
resolution generation, utilizing a nested UNet [33] archi-
tecture to accelerate model training. Another approach in-
volves simultaneous upsampling of the image and denoising
within the diffusion model, where the pyramid flow match-
ing [19] method breaks down the video generation process
into multiple resolution stages for independent denoising.
While these methods improve the efficiency of image train-
ing or generation, each still has its own limitations.

Figure 3. Overview of the image generation process for FLUX-
dev [20] and our NAMI-2B, with upscaling alignment applied dur-
ing the low-resolution stages of NAMI-2B.

We observe that in the image generation process of diffu-
sion models, rough conceptual placements and outline lay-
outs are performed in the early stages, while detail enhance-
ment occurs in the later stages. Currently, most methods
perform unified denoising across all sampling stages with-
out considering the underlying mechanics of the image gen-
eration process. The early layout generation process can not
only be quickly executed at low resolution but can also be
modeled using a subset of the model parameters. Therefore,
jointly considering temporal segmentation in the sampling
strategy and the rational allocation of the model space is
crucial to improving the efficiency of image generation.

In this paper, we propose a spatiotemporal separation
progressive framework, NAMI. We divide the rectified flow
into different stages based on resolution, connecting stages
with BridgeFlow. Fewer transformer layers are used at the
low-resolution stages to generate image layouts and con-
cept contours, while more layers are progressively added as
the resolution increases. As shown in the Fig. 3, we visu-
alize the image generation process of FLUX-dev [20] and
NAMI-2B under the same inference steps. Despite using a
lower resolution and fewer model parameters in the early
stages, NAMI-2B still effectively generates image layouts
and concepts. Furthermore, considering the overall process,
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NAMI-2B achieves a faster generation speed.
Current benchmarks such as GenEval [10], DPG-

Benchmark [18], and ImageReward [44], are primarily used
to evaluate a model’s performance. However, these bench-
marks suffer from issues such as limited caption quan-
tity, distribution biases. Therefore, a more comprehensive
benchmark is essential for accurately evaluating a model’s
capabilities. We combine open benchmarks, AI-generated,
and human-created test prompts to construct a multidimen-
sional evaluation dataset named NAMI-1K.

In summary, Our primary contributions are as follows:
1. Our method enables direct training on multi-resolution

images, facilitating rapid learning of semantics at low
resolutions and obtain details and quality at high resolu-
tions, thereby accelerating model convergence.

2. The NAMI-2B employs temporal separation and spatial
cascading within the model to efficiently generate im-
ages. As shown in Fig. 2, using the same model size,
our approach reduces the time required to generate 1024
resolution images by 64%, while still maintaining a high
level of image quality.

3. Furthermore, we propose a BridgeFlow module to align
flows between different stages.

4. We propose the NAMI-1K benchmark and evaluate our
model on both NAMI-1K and open-source benchmarks.
The results across multiple metrics consistently high-
light the effectiveness of the proposed method.

2. Related Work
Diffusion models [8, 16, 32, 38] have become a powerful
framework in image generation, with latent diffusion mod-
els further enhancing both quality and efficiency. DiT [27]
has introduced a transformative change by replacing the
conventional UNet [33] architecture used in models like
SDXL [29] with a transformer [41]-based framework. This
advancement has led to the development of models such
as PixArt-α [4], Hunyuan-DiT [21], LUMINA-Next [48],
SD3 [9], and FLUX [20], which efficiently integrate mul-
timodal information to improve text-to-image generation,
thereby demonstrating the effectiveness of transformer-
based approaches. Notably, SD3 and FLUX employ rec-
tified flow [1, 22, 24], which connects data and noise on
a straight line, improving both training and inference effi-
ciency. Additionally, the MM-DiT [9] block has been pro-
posed, achieving state-of-the-art generation performance.
Our work builds upon MM-DiT as the fundamental mod-
ule while adopting rectified flow as a specific forward path
selection strategy.

Some studies have focused on optimizing the per-
formance of diffusion models. SANA [43] utilizes a
higher downsampling rate for VAE [5] and replaces vanilla
quadratic attention modules with linear attention to en-
hance efficiency. MicroDiT [36] reduces training costs

by using masks to decrease the number of input tokens.
CLEAR [23] applies convolution-like local attention strate-
gies, constraining interactions to a local window around the
query token to achieve linear complexity. Although these
methods provide efficiency improvements, they inevitably
result in some degradation of image generation quality due
to the high compression ratio of VAE [5] or the reduc-
tion in token interactions. Our approach differs from these
methods by decomposing the generation process, reduc-
ing model redundancy while preserving generation quality.
Furthermore, our optimization strategy is orthogonal to the
aforementioned methods, allowing for parallel integration.

The denoising process [16] in diffusion models can be
viewed as an image generation process that progresses from
coarse-grained layouts to fine-grained details. Some stud-
ies have modeled this process in conjunction with multi-
scale image generation. For example, LAPGAN [7] gen-
erates images by first producing low-resolution images and
then feeding them into a high-resolution model. Pyrami-
dal denoising diffusion probabilistic models [34] have also
adopted a similar approach. Pyramid flow matching [19]
accelerates inference performance by implementing a pyra-
midal strategy over time steps. MatryoshkaDM [11] uses
different-sized models at different resolution scales, en-
abling the training of diffusion models in pixel space. These
methods have reduced training complexity and accelerated
inference by leveraging multiscale resolutions. However,
they have not fully addressed the issue of parameter redun-
dancy in DiT [27] models. Our work leverages models of
varying sizes across different scale stages to maximize per-
formance efficiency while maintaining generation quality.

3. Method
3.1. Preliminary Study
Flow-based [25, 45] generative models are similar to diffu-
sion models, where the objective is to learn a velocity field
vθ(xt, t) that maps random noise x0 ∼ N (0, I) to data sam-
ples x1 ∼ D, via an ordinary differential equation (ODE):

dxt

dt
= vθ(xt, t), x0 ∼ N (0, I) (1)

Subsequently, a simple simulation-free training objective
for flow generative models has been proposed. A represen-
tative method is rectified flow [1, 22, 24], which adopts lin-
ear interpolation between the noise distribution x0 and the
data distribution x1. It trains a neural network to approx-
imate the velocity field via the conditional flow matching
loss. The optimization procedure is termed reflow:

minθ Ex0∼N (0,I),x1∼D

[∫ 1

0
∥(x0 − x1)− vθ(xt, t)∥2 dt

]
(2)

where xt = tx1 + (1− t)x0.
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Figure 4. Overview of NAMI: The left figure shows the progressive flow transformers of NAMI, where the same color represents the same
module. The right figure depicts the integration of the BridgeFlow module, which establishes connections across adjacent time windows.
Specifically, we divide the image generation process into K resolution stages and the entire flow is divided into K time windows, where
adjacent stages are connected through upsampling and the BridgeFlow module. We use fewer transformer layers at the low-resolution
stages to generate image layouts and concept contours, progressively adding more layers as the resolution increases.

3.2. Progressive Rectified Flow Transformers
Our method treats the image generation process as a trans-
formation from a low-resolution image containing coarse-
grained concepts to a high-resolution image with rich de-
tails. At low resolution, we employ piecewise flow [47]
and partial modules to reduce computational costs. As
shown in Fig. 4 , we divide the image generation into K
resolution stages, where Up(., .) denotes the upsampling
function and Down(., .) denotes the downsampling func-
tion. For flow processing, we refer to pyramid flow match-
ing [19] and divide the entire flow into K time windows
{[tk−1, tk]}Kk=1, where 1 = tK > · · · > tk > tk−1 >
· · · > t0 = 0. Linear interpolation is also used between
noise and data distribution, that is, xtk = tkx1 + (1 −
tk)x0. The starting point for each time window is given by
x̂sk = BridgeF low(Up(Down(xtk−1

, 2k+1))), which is
obtained by upsampling the endpoint of the previous stage.
The end point is given by x̂ek = Down(xtk , 2

k), which is
obtained by downsampling x1 and adding noise. The flow
within the window is given by:

x̂t = t′x̂ek + (1− t′)x̂sk , t′ = (t− tk−1)/(tk − tk−1). (3)

Additionally, we divide the corresponding model into K
modules, where each module mk (k ∈ [1,K]) consists of
MM-DiT [9] blocks. For the k-th time window, the model
is denoted as θk = {m1 ⊕ · · · ⊕mk}Kk=1, where ⊕ repre-
sents the concatenation of the blocks. Finally, our overall
optimization process can be expressed as:

minθk
∑K

k=1 E(k,t,(x̂sk
,x̂ek

))

[∫ tk
tk−1
∥(x̂sk − x̂ek)− vθk(x̂t, t)∥2 dt

]
(4)

3.3. BridgeFlow Module
To ensure the continuity of probabilistic paths across dif-
ferent stages, Pyramid Flow [19] treats the jump points as

Gaussian distribution matches and derives the correspond-
ing transitions of the mean and covariance matrices. Dur-
ing inference, it performs rescaling and renoising to handle
these transitions. However, this process is non-parametric
and lacks learnable adaptation, which limits its robustness.
Moreover, the renoising step has a time complexity propor-
tional to the image token length, resulting in unsatisfactory
efficiency and performance.

To overcome these limitations, we propose the Bridge-
Flow module, which introduces a learnable linear transfor-
mation to align the probability distributions at stage bound-
aries in a data-driven manner. Specifically, for the end-
point of each stage, we first apply upsampling to match
the resolution, followed by a linear transformation x̂sk =
W · Up(x̂ek−1

) + B to match the distribution of the subse-
quent stage’s starting point. Further analysis is provided in
the Appendix C. In practice, every BridgeFlow module is
pretrained with a mean squared error (MSE) loss according
to the defined flow partitions. The detailed ablation results
are presented in Tab. 7.

3.4. Multi-Resolution Training
Considering knowledge sharing between modules and

efficient training, we propose a multi-resolution progressive
approach during the training process. Different resolutions
of data can be used at different stages, and the optimiza-
tion follows the approach in Eq. (4). The training process
is shown in Algorithm 1. Unlike the conventional method
of training at low resolutions first and then fine-tuning at
higher resolutions separately, our approach enables the joint
training of data with different resolutions simultaneously.
This facilitates knowledge sharing within the model and
helps prevent catastrophic forgetting during fine-tuning at
high resolutions. At each stage, we train using images with
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Algorithm 1 Multi-resolution Training with Progressive
Rectified Flow Transformers

1: Input: Number of windows K, Multi-resolution
Datasets D = {Dk}Kk=1

2: Create K time windows [tk−1, tk] for k = 1 to K with
tK = 1, t0 = 0

3: Initialize θk = {m1 ⊕ · · · ⊕mk}Kk=1

4: repeat
5: for each time window [tk−1, tk] do
6: Sample x′

1 ∼ D′{Dk, Dk+1, ..., DK}
7: do Down(D′, .) until x′

1 ∼ {Dk, Dk, ..., Dk}
8: Compute the start point
9: if k = 1 then

10: x̂sk ← x0

11: else
12: x̂sk ← BridgeFlow(Up(Down(x′

tk−1
, 2)))

13: end if
14: Compute the end point x̂ek = x′

tk
15: Sample t ∈ [tk−1, tk], compute x̂t = t′x̂ek +(1−

t′)x̂sk with t′ = (t− tk−1)/(tk − tk−1)
16: Compute the loss:

loss = ∥(x̂sk − x̂ek)− vθk(x̂t, t)∥2

17: end for
18: Weighting the losses for different time windows and

perform backpropagation
19: until convergence

resolutions greater than or equal to the current resolution.
The Down(., .) function is applied to downsample the im-
ages to the corresponding resolution, from which the start-
ing and ending points are computed to obtain the target and
loss for that stage. The loss of different stages is jointly op-
timized by dynamically adjusting their weights according
to the training process. Additionally, during training, we
also follow SD3 [9] and use logit-normal sampling for each
stage. To enable CFG [15], we apply a 0.1 probability for
random dropping of the prompt.

3.5. Inference
During inference, we sample a noise at the minimum resolu-
tion, start from stage k = 1 and proceed until k = K, where
at each stage, we use the Flow-Euler-discretization sampler.
For the jump points between stages, We use upsampling and
BridgeFlow to perform the transformation. Our approach
can reduce 64% time during inference.

4. Experiments
4.1. Model Details
In this paper, we use the MM-DiT block from FLUX [20]
to build our NAMI due to its state-of-the-art performance in

text-to-image generation. As shown in Tab. 1, our NAMI
consists of 22 layers, each with 2048 channels, and uses 16
attention heads, totaling 2B parameters. Additionally, we
perform ablation experiments by scaling the model down to
0.6B parameters. The layer distribution for different stages
of the two models is visible in the table under layers ratio.
For the text encoder, we use mT5 [46] and mCLIP [3] to
enable our model with multilingual capabilities.

Table 1. Architecture details of the proposed NAMI.

Model Width Depth Heads Layers Ratio

NAMI-0.6B 1536 12 12 5:4:3
NAMI-2B 2048 22 16 9:7:6

4.2. Inference Time Details
As shown in Tab. 2, we provide the inference time of the
NAMI-2B model at each resolution, using 10 inference
steps per stage. The ”Overall” time additionally includes
the upsampling and BridgeFlow modules at the connection
points between stages. Compared to the Flux-based 2B
model with the same total of 30 sampling steps, our infer-
ence time is significantly reduced 64%. The design of the
flow piece according to resolution reduces the computation
time by 53%, while the model partition further decreases
the time by an additional 11%. Refer to Fig. 9 for details.

Table 2. The inference time details of the NAMI architecture
(measured in seconds).

Method 256 512 1024 Overall Reduction

Baseline - - 8.47 8.47 -
NAMI-2B 0.27 0.45 2.21 2.98 64.82%

4.3. Experiments Details
We trained our NAMI-2B model on LAION [35], GRIT-
20M [28], further fine-tuned it with 100K high-quality in-
ternal data, applying semantic and aesthetic filtering to all
datasets. The total size of the training set is approximately
100 million. We set the generated image resolution to 1024
and the number of stages K to 3. The resolution for each
stage is set to 256, 512, and 1024, respectively, with the
corresponding time window division ratio being 1:1:1.

We first pretrain the BridgeFlow modules between stages
according to the time window division, using a learning rate
of 1e-3. Convergence is typically reached within 10k train-
ing steps. Subsequently, we trained the NAMI-2B model
using the multi-resolution simultaneous training strategy
described in Method. At the early stage of training, we
set the learning rate to 1e-4 and sampled three resolutions
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within each batch at a ratio of 4:2:1 (from low to high reso-
lution) for 120k steps. Subsequently, we adjusted the sam-
pling ratio to 2:4:1 and continued training for a further 80k
steps. Finally, we modified the ratio to 1:2:4, reduced the
learning rate to 5e-5, and trained for 50k steps to obtain the
final NAMI-2B model.

4.3.1. Quantitative Comparison

We conducted a quantitative evaluation of NAMI across
multiple open-source benchmarks, comparing our approach
with other open-source methods. Table 3 demonstrates
the text-image alignment capability for short prompts on
GenEval [10]. It can be observed that our approach achieves
a leading overall ranking when compared under comparable
model parameter scales. Table 4 shows the complex seman-
tic alignment and instruction-following capability for long
texts on DPG-Benchmarks [18]. Our model still demon-
strates exceptional performance in certain dimensions.

Table 3. Comparison of different methods on GenEval. With high-
light the best, second best entries. Ovr & Sgl & Two & Cnt & Col
& Pos & CA mean: Overall & Single & Two & Counting & Col-
ors & Position & Color Attribution.

Models(Params) Ovr Sgl Two Cnt Col Pos CA
FLUX-dev(12B) 0.67 0.99 0.81 0.79 0.74 0.20 0.47
FLUX-schnell(12B) 0.71 0.99 0.92 0.73 0.78 0.28 0.54
LUMINA-Next(2B) 0.46 0.92 0.46 0.48 0.70 0.09 0.13
SDXL(2.6B) 0.55 0.98 0.74 0.39 0.85 0.15 0.23
Hunyuan-DiT(1.5B) 0.63 0.97 0.77 0.71 0.88 0.13 0.30
SD3-medium(2B) 0.62 0.98 0.74 0.63 0.67 0.34 0.36
Sana(1.6B) 0.66 0.99 0.77 0.62 0.88 0.21 0.47
NAMI-2B(2B) 0.65 0.99 0.78 0.64 0.82 0.20 0.45

We found that GenEval [10] and DPG-Benchmark [18]
primarily focus on text-image alignment, with limited
prompt diversity.

Table 4. Comparison of different methods on DPG-Benchmark.
With highlight the best, second best entries. Ovr & Gbl & Ent &
Attr & Rel & Oth mean: Overall & Global & Entity & Attribute
& Relation & Other

Models(Params) Ovr Gbl Ent Attr Rel Oth
FLUX-dev(12B) 84.0 82.1 89.5 88.7 91.1 89.4
FLUX-schnell(12B) 84.8 91.2 91.3 89.7 86.5 87.0
LUMINA-Next(2B) 74.6 82.8 88.7 86.4 80.5 81.8
SDXL(2.6B) 74.7 83.3 82.4 80.9 86.8 80.4
Hunyuan-DiT(1.5B) 78.9 84.6 80.6 88.0 74.4 86.4
SD3-medium(2B) 84.1 87.9 91.0 88.8 80.7 88.7
Sana(1.6B) 84.8 86.0 91.5 88.9 91.9 90.7
NAMI-2B(2B) 83.8 90.3 89.4 88.3 88.0 90.6

4.3.2. Human Evaluation
To address the limited prompt diversity of open-source
benchmarks and to accurately evaluate the model’s perfor-
mance, We propose the NAMI-1K evaluation dataset from
the perspective of human preference performance.

Table 5. Human evaluation results on NAMI-1K dataset. Rele &
Cohe & Aes & Real mean: Relevance & Coherence & Aesthetic
& Realism. With highlight the best, second best entries.

Models(Params) Rele Cohe Aes Real Overall

Flux-dev(12B) 83.93 83.28 84.26 90.16 85.05
SD3-medium(2B) 75.74 65.90 61.64 75.74 69.97
Infinity(2B) 76.39 65.25 61.97 74.43 69.77
Hunyuan-DiT(1.5B) 74.43 69.51 63.93 64.92 68.95
SANA(1.6B) 75.41 62.30 60.00 72.46 67.80
NAMI-2B(2B) 76.07 66.89 62.30 76.72 70.69

Dataset Construction We developed a hierarchical
evaluation dataset, NAMI-1K, comprising 1,000 prompts
with diverse topic categories and varying length distribu-
tions. This dataset was constructed by integrating open
benchmarks, AI-generated prompts, and human-authored
prompts. Specifically, 360 short prompts were selected
from the open benchmarks GenEval [10] and Lumiere-
Set [2] to characterize the alignment capability of text to
image. While 320 human-created prompts were collected
from community contributions and user interactions to re-
flect the model’s performance in real-world user scenarios.
Additionally, 320 long prompts generated by Cogvlm2 [17],
were used to assess performance in complex semantic align-
ment and instruction-following capabilities.

As shown in Fig. 5, the prompt lengths in GenEval are
primarily concentrated within 10 words, while those in the
DPG-benchmark are mainly distributed between 50 and 80
words. In contrast, NAMI-1K exhibits a diverse distri-
bution across different lengths within 120 words. As de-
scribed in Appendix A, compared to GenEval and the DPG-
benchmark, the topic distribution of NAMI-1K is more
comprehensive and balanced.

Evaluation Process The evaluation was conducted by
five professional annotators through cross-assessment, con-
sidering four dimensions of relevance, coherence, aesthetic
quality, and realism. The numerical range of each dimen-
sion is from 0 to 100, with a higher score indicating better
performance. The final overall score was calculated through
a weighted aggregation of the scores across the different di-
mensions, with the following weights assigned: relevance
(0.3), coherence (0.3), aesthetic quality (0.2) and realism
(0.2).

Evaluation Results The evaluation metrics are pre-
sented in Tab. 5. Although our model still trails behind
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FLUX-dev [20], which have considerably larger parameter
sizes, it shows a clear advantage over SD3-medium [9], In-
finity [12], Hunyuan-DiT [21], and SANA [43], which have
comparable parameter sizes. As illustrated in Appendix F,
a comparison of the generation results is provided between
different methods.

Figure 5. The distribution of text lengths across GenEval, DPG-
Benchmark and NAMI-1K.

4.4. Ablation Study
We sampled 2 million training data for the ablation experi-
ment, and 1,000 for the test data. We used the NAMI-0.6B
model for the experiments.

Training Efficiency We compare the training efficiency
of NAMI with multi-resolution training against FLUX-
based training of the same size at a final resolution of 256.
The experiments are conducted using 8 A100 GPUs (80
GB memory each). As shown in Tab. 6 NAMI demon-
strates higher training efficiency compared to the FLUX-
based baseline.

Components Effectiveness We conducted ablation ex-
periments to separately verify the effectiveness of flow
piecewise and model partitioning. We conducted two sets of
experiments at 256 and 512 resolutions, with the following
configurations: (1) the conventional flow model of FLUX-
base, (2) the semi-NAMI structure with only flow piecewise
(W NAMI only flow), and (3) the full NAMI structure in-
corporating both flow piecewise and model spatial decom-
position.

As shown in Fig. 6, experiment (1) and (3) show that
NAMI converges faster, and achieves better FID [14] and
CLIP [30] scores at both resolutions. This advantage be-
comes more pronounced at the 512 resolution, further high-
lighting the effectiveness of the NAMI structure in acceler-
ating high-resolution image training and improving genera-
tion quality. Experiment (1) and (2) demonstrate the effec-
tiveness of piecewise flow and multi-resolution progressive

generation. Experiment (2) and (3) compare the impact of
model partitioning. We observe that although the full model
has a slight convergence speed advantage in the early stages,
the performance of both approaches is generally compara-
ble. However, using partitioning provides a clear advantage
in inference speed.

(a) FID-256 (b) CLIP Score-256

(c) FID-512 (d) CLIP Score-512

Figure 6. The effectiveness of the NAMI components at resolu-
tions of 256 and 512.

Model Layers Partitioning We conducted experiments
on the model’s layers ratio at a resolution of 512 to evaluate
the impact of layers partitioning on performance. We ad-
justed the layer distribution ratio across three stages, with
the total number of layers fixed at 12.

As shown in Fig. 7, it can be seen that too few layers in
the low-resolution stage lead to a decline in performance.
However, as the number of layers increases to a certain
point, the model’s performance tends to saturate, and adding
more layers results in redundancy in the model’s capacity.
In practical applications, this can be adjusted as a hyperpa-
rameter based on an equal distribution as a baseline.

(a) FID (b) CLIP Score

Figure 7. Ablation study on the distribution ratio of NAMI layers
at different stages.
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Table 6. Comparison of Training Efficiency between NAMI and FLUX-based Architectures.

Model Batch Size Throughput(img/s) 8xA100 GPU Hours Peak Memory FID CLIP Score

NAMI 768 274 156 55G 8.9293 25.57
FLUX-based 768 241 176 67.6G 9.76 25.20

Table 7. Comparison of different implementations at jump point
for 256 resolution. Our proposed BridgeFlow module achieves
the best overall performance, while more complex modules do not
lead to further improvements.

Module Infer Time (s) FID CLIP Score

BridgeFlow 0.05 8.9293 25.57
Upsample + MLP 0.16 9.0842 25.71
Pixel Shuffle + CNN 0.23 8.8975 25.46
Pyramid Flow 0.12 9.8231 24.21

Time Window Division Ratio We adjusted the flow
window distribution ratio across the three stages to observe
the impact of different stage assignments. As shown in
Fig. 8, it is evident that overly assigning the time windows
to either the low or high stages does not result in significant
improvements and may even lead to a decrease in accuracy
due to insufficient length in other stages. Therefore, a uni-
form distribution of time windows is sufficient.

(a) FID (b) CLIP Score

Figure 8. Ablation study on the flow piecewise ratio of NAMI at
different stages.

BridgeFlow module We conduct experiments at a res-
olution of 256 to compare different methods at the jump
point, including: (1) Upsampling with Renoising as in pyra-
mid flow matching [19], (2) Upsampling followed by a 3-
layer MLP, and (3) Pixel Shuffle [37] followed by a 3-layer
residual CNN [13]. As shown in Tab. 7, PyramidFlow ex-
hibits suboptimal performance, with its renoising process
causing further increases in inference time at higher reso-
lutions. Overall, our BridgeFlow module achieves a bet-
ter trade-off between quality and speed, while introducing
more complex structures does not yield further gains.

The inference time of NAMI Components We per-

formed 30 inference steps on an 80GB VRAM A100 GPU,
excluding the time spent on the VAE and text encoders.
We evaluated the inference time advantages brought by ad-
justing the flow and transformer components, respectively.
As shown in Fig. 9, NAMI method at a resolution of 1024
shows a 53.01% reduction in inference time when only flow
piecewise is applied. Additionally, with model partitioning,
the inference time further decreased by 11.81%.

Figure 9. The inference time of NAMI Components.

5. Conclusion
In this paper, we introduce a bridge-connected multi-stage
flow and spatially nested model architecture and employs a
multi-resolution joint training strategy to accelerate model
convergence while ensuring performance. By dividing the
rectified flow into multiple stages based on resolution and
progressively increasing the number of transformer layers
as the resolution grows, our method efficiently balances
computational cost and performance. The proposed NAMI
architecture reduces inference time by 64% at 1024 reso-
lution. Additionally, we have constructed the NAMI-1K
benchmark to address the distribution biases and limited
prompt diversity issues present in open-source benchmarks.
NAMI is also convenient and promising for applications in
other tasks. A simple training-free example of directly ap-
plying NAMI to image editing is provided in Appendix D.
In future work, we plan to further explore NAMI’s potential
in other tasks and its integration with other efficient meth-
ods.
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