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Figure 1: Fine-grained text-to-image samples from our FocusDiT, showcasing its capabilities in attention to fine details and
high image quality in various styles.

ABSTRACT

Diffusion transformer (DiT) has been widely adopted in the genera-
tive diffusion field, advancing the denoising of query tokens through
attention and Feed-Forward (FFN) layers. FFN actually acts as the
key-value vocabulary for decoding visual contents where the value
embeds the visual semantical knowledge. We present that focusing
on critical query tokens corresponding to more complex details
and encouraging the model to improve these tokens is essential
for fine-grained visual generation. To this end, we propose Focus-
DiT, which applies a Masking scheme to focus on critical query
tokens that are exclusively fed into FFN. The masked queries can
retrieve visual tokens from the FFN vocabularies, and use them to
decode their visual details. Extensive text-to-image experiments
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validate the effectiveness of token masking in enhancing generative
performance.
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1 INTRODUCTION

Diffusion transformers [33] have become the state-of-the-art ap-
proach in visual generation, showing impressive performance in
various tasks. An increasing amount of research has been devoted
into the design of diffusion transformer architectures. For instance,
DiG [48] introduces linear attention to address computational load
issues, while Stable Diffusion 3 [15] enhances text-visual alignment



by incorporating a multi-branch structure for text and visual inter-
action within the attention mechanism. Several studies also target
the FFN, such as EC-DiT [40], which introduces Mixture-of-Experts
(MoE) techniques into the DiT, scaling up the model by increasing
the number of FFNs to improve performance. However, there is still
a lack of comprehensive study and optimization of the FFN in DiT
that plays a key role in decoding visual content.

In large transformer models, the FFN has been shown to func-
tion as a key-value vocabulary, and the DiT leverages the FFN to
store visual tokens required for generating diverse visual semantics.
These visual tokens, representing the visual semantical knowledge
learned from the training data as presented in the left of Figure 2, are
embedded into the FFN’s weights and are subsequently accessed by
the query tokens from preceding attention layers. We argue that crit-
ical query tokens characterizing fine-grained visual details should
be selectively masked and fed into the FFN to retrieve more visual
tokens for visual content decoding. However, the critical tokens are
often overwhelmed by those corresponding to backgrounds or low-
frequency regions of few visual details, wasting the full utilization
of FFN’s visual vocabulary to refine less important query tokens.
This interference in utilization across FFN vocabulary hinders fur-
ther performance improvement. Additionally, the FFN vocabulary
is not fully leveraged as indicated in the right of Figure 2, with
certain elements in shallow and deep layers seldom being utilized
by the query tokens. This suggests that the decoding process in
different FFN layers requires vocabularies of varying sizes.

To address these challenges, we propose FocusDiT which ap-
plies Query Token Masking to boost the FEN vocabulary utilization
for critical tokens. The query mask distinguishes between tokens
with complex structures and those with simpler ones, masking out
the latter to avoid interference in decoding the visual content of
critical tokens. Besides, we adjust the vocabulary size for each FFN
layer to match the specific demands of the query token decoding
process, while maintaining the total FFN parameter count. In par-
ticular, we allocate smaller vocabulary to shallow and deep layers
handling simple content decoding and minimal details filling, real-
locating the reduced capacity to the intermediate layers that decode
both coarse and fine details. Further investigation shows that with
accurate query mask selection, FocusDiT enhances fine-grained
visual generation. Additionally, the query mask improves infer-
ence efficiency by skipping FFN layers where most mask values are
close to zero. Both quantitative and qualitative results from text-
to-image experiments show advantages over competing methods,
confirming the effectiveness of our approach. Our contributions
are summarized as follows:

We propose a Query Token Masking strategy that identi-
fies and prioritizes critical query tokens containing complex
structures, enhancing vocabulary utilization for these to-
kens to capture fine-grained details. Besides, the query mask
can be used to decrease inference cost, thereby enriching its
practical significance.

We propose a Vocabulary Redistribution (VR) scheme that
reallocates vocabulary capacity across network layers, en-
suring better alignment with the generation needs of query
tokens, thereby enabling more efficient use of the total vo-
cabulary.
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Figure 2: Top: Heatmaps indicating the number of entries
from certain vocabulary subset retrieved by query tokens
from different content, highlighting that certain vocabu-
lary tokens correspond to specific semantic (e.g., animals).
Bottom: Analysis of vocabulary utilization across layers
and query tokens, based on 100 samples from DiT-based
model [5].

Extensive experiments and analyses on visual generation
tasks demonstrate the superiority of FocusDiT in both visual
quality and quantitative evaluation.

2 RELATED WORK

2.1 Generative Diffusion Models

Diffusion models [9, 22, 24, 28, 31, 39, 46] have shown impressive
performance injgenerative tasks, trained with denoising objective

L = =Egye N M, Oc6o, 1 UnC > withn N,0T,
timestep (, dataset sample G, timestep-related hyperparameter Ug,
model parameters \. DiT replaces the U-Net [37] backbone with
transformer for a range of generative diffusion modeling tasks,
yielding notable improvements in both performance and scalability.
For instance, PixArt series [3-5] incorporates a cross-attention
module for the text-to-image task, while Sora [2] further extends
DiTs for text-to-video generation. Most improvements to DiTs have
focused on optimizing the attention module [15, 26, 27, 48], with
comparatively few studies exploring the enhancement of the FFN.
Earlier approaches [16, 40] explored employing MoE to integrate
multiple FFN expert modules, expanding the model without altering
the internal structure of the FFN. However, these methods have not
deeply analyzed how the internal mechanisms of the FFN affect the
generative process, which is the focus of our work.
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Figure 3: Framework of our proposed FocusDiT. Left: Overview of the main architecture, including multiple FocusDiT blocks.
Right: Architecture of our query mask prediction network (Q-MaskGen).

2.2 FFNin Large Transformer Model
Research on large transformer modéflf 12 17,18 23 30 43 45

has shown that FFNs serve as the knowledge base for storing in-

formation from training dataset, retained in a key-value memory
format during model training, enabling speci ¢ knowledge to be
activated by input and mapped to the nal generated output. In-
spired by this, we examine the role of the FFN in DiT, which shares
structural similarities to LLMs within the visual content genera-
tion process, nding that the FFN also acts as a vocabulary, storing
various types of semantic concepts.

2.3 Token Selection

/ ¥. FFN © calculation is denoted as:
18=1¢, FFN/ c°
:/C’>>51/(:, A10,+’:L-\\-1/41

where 5 is a non-linearity activation function such as GelLU.
Vocabulary utilization in FFN is insu cient and not distin-

guished for DIiT. As shown in the bottom left of Figure 2, vocabu-
lary utilization is insu cient, with many rarely activated during the
generation process. Although DiT can access relevant visual tokens
from the FFN for denoising, the allocation to query tokens shows
minimal variation as shown in the bottom right of Figure 2, failing

to distinguish between critical and non-critical tokens, which lim-

1)

Token selection mechanisms are common adopted in generative its the ability of critical tokens to access more vocabulary entries.

visual and language modeling, enabling models to selectively distin-

guish and leverage tokens based on their important@ R0 34 42.
For instance, DynamicViT3§ selectively prunes less informative
tokens to improve the model's e ciency. Di Rate §] employs a
token importance metric to identify and select the top-K tokens
through token pruning and merging. DyDiT47] dynamically se-

These limitations hinder the e ective utilization of vocabulary and
degrade generation quality.

4 METHODOLOGY

Based on the analyses above and with the aim of enhancing critical
query token decoding, we formulate hypothesis thaan o ering

lects well-denoised tokens and bypasses subsequent blocks, therebyidenti ed query tokens in FFN with a greater share of the

reducing the model's computational load. These works mainly aim
to improve the model's operational e ciency. In contrast, our query
masking strategy directs the model to prioritize the vocabulary al-
location to critical tokens, thereby improving visual generation
quality.

3 PRELIMINARY

FFN in DiT actually serves as key-value vocabulary which stores the
learned visual semanticdf, 1§. Speci cally, FFN consists of two
weight matrices 2 R® 3<,, , 2 R 3 and corresponding
biases 2 R3<,1, 2 R3.3< actually represents the vocabulary
size. The input query tokeh - 2 R3 interacts with the rst weight
matrix corresponding tdkeyand then aggregates vocabulary entries
saved in secongalueweight matrix, + to produce nal output

vocabulary improve generation outcomes? To explore this, we

design Query Mask (Section 4.1) to prioritize the critical query
token generation and Vocabulary Redistribution (Section 4.2) to
adjust the vocabulary size for more e ective query token decoding.

4.1 Query Mask for Token Focus

The query mask is designed to guide critical tokens to query richer
visual semantics from the FFN vocabulary to improve their decoded
representation. This ensures that the model can focus on decod-
ing query tokens for various visual details. To achieve this, the
query mask dynamically predicts which tokens are responsible for
complex details, marking them with a value close to 1.

The prediction of query mask considers the di usion timestep
since the query tokens need to focus on vary with di erent noise
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Figure 4: Qualitative comparison with PixArt- U, SD3 and OpenSoraPlan.

levels. At high noise levels, the information across query tokens The query mask enables the model to exclude non-critical query
is relatively uniform, so no special distinction is needed. However, tokens in the current timestep and block, ensuring that only critical
as the noise level decreases, critical query tokens that represent tokens make full use of the FFN to decode visual details. In particular,
complex details become harder to denoise, and should thus receive as illustrated in Figure 3, the input featurés. are passed through
more attention compared to non-critical tokens. We thus explic- the FFN to output updates, which are adaptively adjusted by the
itly incorporate the timestep into the query mask prediction using  query mask' g and added to the residual to produce the nal result
AdaLN-single p], enabling the network to better adapt to the de- (f:O The calculation is as follows:
noising stage. Additionally, given that query tokens are decoded

sequentially across FFN blocks, we integrate the mask from the pre- / (f;o =/¢c, " & FFEN/°
vious block into the query mask prediction of the current block. This
helps maintain consistency in identifying critical tokens, facilitat-
ing more comprehensive denoising and improving the generation In fact, the query mask reweighs the in uence of critical tokens
of complex details. Speci cally, as illustrated in Figure 3, query on FFN vocabulary weight updates during backpropagation, pre-
mask prediction network (Q-MaskGen) takes the times@pross- serving gradients from critical tokens to encourage the encoding
attention output/ ~ and previous query maskg 1 as the inputs, of visual tokens corresponding to more complex visual details in
allowing prompt to better in uence mask generation. Q-MaskGen the FFN vocabulary. The backpropagation is conducted as follows:
is composed of several MLP layers and can be expressed as follows:

@)

=lc,"g BYc, ,1°, 4, LY

B

nh o« . n nEFENY °
—_— & fo —_——

" g = Q-MaskGer/ C...g 14 ©e 8= 1o ,,,,,,.#..%: . @) m, m/c m, 4
nh o« . m. mFFN/ 0

where the# denotes the number of FocusDiT blocks. m, + m/gj m, 4
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Figure 5: Visualization of query masks across di erent FocusDiT blocks and denoising timesteps. From left to right, the grid
represents the progression from the rst Transformer block to the last, while from top to bottom, it corresponds to increasing
denoising timesteps. Lighter regions highlight critical query tokens that play a more signi cant role in decoding, whereas
darker regions indicate less in uential tokens.

4.2 Vocabulary Redistribution and ne-grained structure generation, demand a larger vocabulary
The FFN in DiT serves as vocabulary which provides query tokens 0 accommodate a wider range of semantic information.
with varying amounts of visual semantics embedded in visual to- 10 this end, redistributing the vocabulary capacity across di er-

kens during generation. Therefore, designing a vocabulary size €nt layers is reasonable. As shown in Figure 3, we design a vocab-
that aligns with token generation requirements can bene t the ulary redistribution strategy that rgduce_s the vocabulary size of
generation process. The FFN vocabularies in shallow and deep lay-Shallow and deep layers of FocusDiT, which corresponds tothe

ers require fewer capacity, as query tokens in these layers only N, + of FFN. Then the reduced FFN capacity from the shallow and
generate simple content or complement a small amount of visual deep layers are reallocated to the FFN vocabulary of middle-layers,
details. In contrast, the middle layers, which handle both coarse while maintaining the overall model parameter count.
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