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Fig. 1: Visual comparisons on Flux and SD3 with prior token reduction
methods. Under the equivalent FLOPs reduction, DiTo preserves superior visual fi-
delity and structural consistency with comparable latency, while others suffer from
severe structural distortion.

Abstract. Diffusion Transformers (DiTs) achieve superior image gener-
ation quality but suffer from quadratic computational complexity rela-
tive to token count. While various token reduction (TR) methods have
been proposed to mitigate this cost, they overlook the primary objective
of generative models: minimizing recovery error, which requires reflect-
ing output token similarity. Specifically, they rely solely on input token
similarity inherited from reduction-only ViT paradigms, leading to a fun-
damental misalignment with this objective.
To bridge this gap, we propose DiTo, a novel TR paradigm that shifts
the focus toward output-centric token reduction. Based on the observa-
tion that output token similarity is consistently preserved across adjacent
timesteps, DiTo utilizes prior-step similarities as an effective proxy to
establish token correspondences at a Matching timestep, and reuses the

https://orcid.org/0009-0004-1015-588X
https://orcid.org/0009-0004-0795-2044
https://orcid.org/0000-0003-1099-1496


2 H. Lee et al.

resulting correspondences across multiple subsequent Reduction steps.
To optimize this interleaved scheduling, we propose Pair Match Ra-
tio (PMR)-guided Interval Scheduling to determine the optimal match-
ing frequency. Furthermore, to mitigate localized approximation errors
and resulting blocking artifacts caused by repeated reuse, we propose
Frequency-aware Token Matching by incorporating a selection-frequency
penalty. Extensive experiments demonstrate that DiTo consistently out-
performs existing TR methods with 1.6–3.9 dB higher PSNR at compa-
rable speedups, achieving a superior Pareto frontier.

Keywords: Diffusion Model · Token Reduction Method

1 Introduction

(a) Comparison of recovery errors. (b) Quality vs. Efficiency trade-off.

Fig. 2: Analysis of recovery error and performance trade-offs. (a) All 500
randomly selected samples fall below the y = x line, indicating that output-based TR
methods consistently achieve lower recovery error than existing input-based methods.
(b) DiTo achieves a superior Pareto frontier in terms of generation quality (PSNR) and
efficiency compared to existing methods.

Diffusion Transformers (DiTs) [3,6,15,30] have emerged as a powerful paradigm
for high-fidelity image synthesis, primarily due to their scalable architecture com-
posed of transformer blocks. Despite their impressive performance, the attention
mechanism—the core component of transformers—exhibits quadratic complex-
ity relative to the number of tokens. This scaling property leads to prohibitive
computational overhead, establishing a significant bottleneck, particularly for
high-resolution generation where the token count is substantial.

While FlashAttention [5] and xFormers [17] have successfully accelerated
transformers through kernel-level optimization, they do not address the un-
derlying computational complexity. To mitigate this, token reduction (TR) ap-
proaches have emerged as a promising solution [1, 7, 27, 41], aiming to directly
reduce the token count by pruning or merging redundant tokens. For Vision
Transformers (ViTs), these methods are primarily designed for discriminative
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(a) Existing Token Reduction Method
(Input-based)
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(b) Proposed Token Reduction Method
(Output-based)

Fig. 3: Comparison of token reduction methods. (a) Existing input-based meth-
ods rely on current input token similarity. (b) The output-based method utilizes prior
output token similarity, minimizing recovery error and enhancing generation quality.

tasks, focusing only on redundancy removal [1,7,13,14,19,25,27,29,32,33,40,41].
In contrast, generative tasks like Diffusion Models (DMs) necessitate an addi-
tional recovery stage, making such reduction-only methods difficult to apply
directly.

In DMs, tokens correspond to specific spatial positions within the output;
thus, the original token count must be preserved through an explicit recovery
stage. Accordingly, the TR process begins with the token matching stage, which
establishes token correspondences that govern both the reduction and recovery
stages by specifying how tokens are to be reduced and subsequently restored.
Existing TR methods [2, 13, 23, 37, 44] inherit ViT-style paradigms that rely on
input token similarity for the matching stage. However, within this recovery-
inclusive TR framework, the primary objective shifts toward minimizing the
recovery error—the discrepancy between the restored output and the original
dense output. Since the recovery stage reconstructs reduced tokens by copying
the outputs of their matched tokens, the error is fundamentally determined by
how closely the matched tokens’ outputs represent the original outputs of the
reduced ones. Therefore, to ensure a high-fidelity reconstruction, TR must be
designed to reflect output token similarity rather than relying on input token
similarity, as existing TR methods do. Our empirical analysis in Fig. 2a supports
this necessity by evaluating the recovery errors. In this scatter plot, the x and
y axes represent the recovery errors when applying TR via input-based and
output-based matching, respectively. Notably, every evaluated sample falls below
the y = x line, demonstrating that output-based TR consistently achieves lower
recovery errors than conventional input-based TR, which fail to align with the
goal of error minimization.

To bridge this gap, we propose Diffusion-specific Token Reduction (DiTo),
which marks a paradigm shift towards output-centric token reduction, explic-
itly reflecting output token similarity to minimize recovery error. Since the
current output is not yet available during the token matching stage, DiTo ex-
ploits the temporal consistency inherent in DMs as an effective proxy. While
it is well-established that activations remain highly correlated across adjacent
timesteps [4, 43, 47], we further observe that token similarity is likewise consis-
tently preserved. Based on this insight, we leverage the output token similarity
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from the prior timestep to guide the matching stage for the current reduction-
recovery stages (Fig. 3b). This strategy partitions the diffusion timesteps into
an interleaved schedule of matching timesteps, where token correspondences
are established, and subsequent reduction timesteps that reuse these corre-
spondences across multiple steps to perform efficient reduction and recovery.
To effectively optimize the matching intervals, we introduce the Pair Match
Ratio (PMR), a new metric that quantifies the temporal alignment with the
current-step output’s matching results. Since DiTo relies on prior-step similari-
ties, PMR serves as a reliable indicator for determining how long a matching re-
sult remains valid before alignment degrades. Leveraging this metric, we propose
PMR-guided Interval Scheduling to find an optimal balance between computa-
tion efficiency and matching accuracy in an offline manner. While DiTo improves
efficiency through the reuse of matching results, repeated application can exacer-
bate token-selection imbalance for reduction, concentrating approximation errors
in localized regions and causing blocking artifacts. To mitigate this, we propose
Frequency-aware Token Matching, which incorporates a similarity penalty based
on token selection history to effectively suppress these artifacts.

With these designs, DiTo consistently outperforms existing input-based to-
ken reduction methods on representative DiT models, including Flux and SD3.
DiTo markedly outperforms existing methods in visual preservation (Fig. 1),
achieving 1.6–3.9 dB higher PSNR at similar or slightly higher speedups. These
results demonstrate that DiTo effectively breaks the quality-efficiency trade-off,
achieving a superior Pareto frontier (Fig. 2b).

2 Related Work

2.1 Acceleration for DMs

While diffusion models deliver exceptional generative performance, they incur
high computational costs due to the extensive number of sampling timesteps
and the heavy computational cost required per step. Accordingly, acceleration
methods primarily focus on either reducing the sampling steps T or lowering the
per-step cost. To reduce T , sampler-based approaches [21, 22, 38, 46, 48] employ
higher-order numerical solvers, while distillation-based approaches [24,26,36,42]
compress multi-step teacher models into few-step students. But these approaches
typically require additional training.

To reduce the per-step cost, various methods have been proposed: layer-
distillation methods [12,16] reduce the number of layers by training a shallower
student model, pruning methods [8,49] lower model complexity through param-
eter removal, and quantization methods [9, 18, 20] lower numerical precision to
reduce memory and computational cost. Orthogonal to the aforementioned ap-
proaches, token reduction methods [2,13,23,44] directly reduce the token length,
effectively mitigating the quadratic attention cost. However, existing methods
do not explicitly minimize recovery error, which can lead to noticeable quality
degradation.
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2.2 Token Reduction in ViTs

Token reduction (TR) has been extensively explored to enhance the efficiency
of Vision Transformers (ViTs). The core objective of these methods is to iden-
tify redundant tokens based on token similarity or importance scores, thereby
reducing the token count via pruning or merging. Importance-based methods
[7, 14, 19, 27, 29, 33, 41] reduce uninformative tokens using importance scores de-
rived from a trainable prediction module or the attention maps in self-attention
layers. In contrast, Similarity-based methods [1,13,25,32,40] aggregate spatially
redundant tokens by leveraging their token similarity. However, these methods
are primarily tailored for discriminative tasks, which focus solely on redundancy
removal. In contrast, since generative models such as Diffusion Models (DMs)
require an additional recovery stage, these reduction-only methods cannot be
directly applied.

2.3 Token Reduction in DMs

In DMs, tokens correspond to specific spatial positions within the final output;
thus, the original token count must be preserved through an explicit recovery
stage. Recently, several TR methods incorporating such recovery stages have
been proposed for DMs [2,13,23,44]. These approaches generally leverage input
token similarity to identify redundant tokens and their corresponding reference
tokens, forming matched token pairs to apply merging or pruning. For instance,
ToMeSD [2] utilizes a bipartite soft matching algorithm to efficiently find and
merge matched pairs, while ToFu [13] achieves higher performance by hybridiz-
ing merging and pruning strategies. Furthermore, SiTo [44] calculates per-token
similarity scores based on global token relationships to select effective reference
tokens, and ToMA [23] identifies optimal token pairs through a parallel greedy
search within local regions.

However, these methods primarily focus on optimizing the token pair se-
lection process by relying on input token similarity—a practice inherited from
ViTs—which is sub-optimal from the perspective of minimizing recovery error.
In contrast, DiTo explicitly minimizes recovery error by leveraging output token
similarity to guide the TR process, thereby achieving superior generation quality
compared to existing methods.

3 Preliminaries

3.1 Diffusion Transformers

Self-attention is the core computation in Diffusion Transformers (DiTs). For
clarity, we present the essential operations of self-attention as follows:

Attn(X) = softmax
(
QK⊤)V = softmax

(
(XWQ)(XWK)⊤

)
(XWV ), (1)

where WQ,WK ,WV ∈ Rd×d represent the projection matrices that produce the
query, key, and value, respectively, and X ∈ RN×d denotes the input tensor of
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attention. N represents the token length and d represents the hidden dimension.
As shown in Eq. (1), the computational complexity scales quadratically with
the token length, i.e., O(N2), leading to a rapid increase in computation and
making it a major bottleneck in Transformers. Accordingly, token reduction
(TR) methods effectively accelerate DiTs by directly reducing the token length,
thereby alleviating this bottleneck and lowering the overall computational cost.

3.2 Token Reduction Pipeline: Formulation and Objectives

Formulation. We summarize the TR process in DMs through a unified pipeline
that generalizes existing TR methods. The pipeline primarily consists of three
distinct stages: token matching, reduction, and recovery. First, the token match-
ing stage establishes token correspondences based on their similarity, providing
the essential mapping information required for the subsequent reduction and
recovery stages. This stage begins with token bipartitioning, where the total N
tokens are split into two disjoint sets: a destination (dst) set D and a source (src)
set S, such that N = |D|+ |S|. Subsequently, we perform dst–src pair matching
by constructing a similarity map A between these two sets. For each src token
s ∈ S, we determine the most similar dst token and its corresponding similarity
score as follows:

d⋆(s) = argmax
d∈D

Ad,s, ŝ(s) = max
d∈D

Ad,s, (2)

where d⋆(s) forms candidate token pairs and ŝ(s) represents the candidate sim-
ilarity scores. To determine the final matched token pairs, we select a subset of
source tokens, SK ⊂ S, consisting of the top-k tokens with the largest candidate
similarity scores, where k is determined by a predefined reduction ratio. This
results in the final set of matched pairs, P = {(d⋆(s), s) | s ∈ SK}. Finally,
the source tokens s ∈ SK defined in P are reduced to decrease the token count
for efficient computation during the reduction stage. Following the core opera-
tions, these reduced tokens are restored during the recovery stage by copying
the output of their corresponding d⋆(s) as specified in P, ultimately yielding the
restored output Ỹ.

Objectives. Unlike reduction-only TR in ViTs, DMs must include a recovery
stage to restore the original token count. While solely identifying redundant
tokens is sufficient in ViTs, DMs require this restoration to achieve high-fidelity
reconstruction. Consequently, the primary objective in DMs is to ensure that the
restored output Ỹ closely approximates the dense output Y computed without
TR. This goal is formally expressed as minimizing the recovery error (Lout):

minLout =
∥∥∥Y − Ỹ

∥∥∥2
F
, (3)

where ∥ · ∥2F denotes the squared Frobenius norm between Y and Ỹ .
To minimize the recovery error Lout, it is essential to focus on the underlying

mechanism of the recovery stage. Since this stage reconstructs reduced tokens by
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copying the outputs of their matched tokens, the resulting error is fundamentally
determined by how closely the matched tokens’ outputs represent the original
outputs of the reduced ones. Therefore, to effectively minimize this error, it is
imperative that token matching reflects the true similarities of Y, ensuring that
the reduction and recovery stages are aligned with the final reconstruction. How-
ever, existing methods directly inherit matching strategies from ViT-style TR,
which rely on input token similarity. This leads to a fundamental misalignment,
making these approaches sub-optimal for minimizing recovery error.

4 Method

4.1 Output-Similarity-Aware Token Reduction

Motivation. To minimize the recovery error Lout, the token matching must be
performed using the output token similarity. However, since the dense output Y
is only available after completing the full computation, we cannot directly per-
form token matching using Y . Therefore, a practical approach requires finding
a proxy that can predict the output token similarity as closely as possible. To
address this, we exploit the temporal consistency inherent in DMs: since activa-
tions remain similar across adjacent timesteps, we assume that the output token
similarity is likewise preserved between neighboring timesteps.

To verify this hypothesis, we first define Top-k Pair Match Rate (PMR)
as a metric that quantifies the alignment with the golden token matching results
derived from the current-step output Y . Specifically, PMR measures the propor-
tion of source tokens whose predicted Top-k destination set contains the single
golden destination token. Given the competitive similarity scores among top can-
didates, this Top-k criterion provides a reasonable margin for error compared to
a strict 1:1 match. The PMR definition is given as follows:

PMRTop-k(t, b,∆) =
1

|S|
∑
s∈S

I
[∣∣∣T (1)

t,b (s) ∩ T
(k)
t−∆,b(s)

∣∣∣ > 0
]
. (4)

Here, S is the set of source tokens s, while t ∈ {0, . . . , T−1} and b ∈ {0, . . . , B−1}
denote the timestep and block index, respectively. T (k)

t,b (s) represents the set of
Top-k destination candidates for token s at timestep t and block b, and I[·] is
the indicator function. The parameter ∆ determines the comparison target for
evaluating its alignment with the golden matching results:

◦ ∆ = 0: Matching results derived from the current-step input.
◦ ∆ ≥ 1: Matching results derived from the prior output at step t−∆.

Leveraging the PMR metric, Fig. 4a presents the timestep-wise average of
PMRTop-5 calculated over 50 prompts. The figure compares the matching con-
sistency of the current input (∆ = 0) and prior outputs (∆ ≥ 1) against the
golden matching results, with the shaded regions visualizing the distribution
across prompts. As shown in the figure, the PMR values of prior outputs are
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Fig. 4: Quantitative analysis of token alignment and DiTo pipeline. (a) PMR
of prior outputs (∆ >= 1) remains consistently higher than that of the input (∆ =
0), despite a gradual decline as ∆ increases. (b) Leveraging this observation, DiTo
performs token matching using the prior output in a single Matching step and reuses
the matching results across subsequent Reduction steps to maximize efficiency.

significantly higher than those of the current input across most timesteps, vali-
dating our assumption that golden matching results are highly correlated with
the results from prior steps rather than the current input. Based on these ob-
servations, we propose Output-Similarity-Aware Token Reduction , which
performs token matching using the prior output to exploit the high temporal
consistency of matching results across steps.

Proposed DiTo Pipeline. DiTo introduces a novel pipeline that decouples
token matching from the reduction/recovery stage, which are originally handled
within a single pipeline in conventional TR methods. Under this architecture,
the timesteps of the diffusion process are categorized into two distinct types
based on their roles. First, in the Matching step, the model performs full
computation and utilizes the outputs for token matching to establish the token
correspondences. Second, in the Reduction step, the model executes reduced
computation by performing the reduction and recovery stages using the corre-
spondences derived from the preceding Matching step. While DiTo maintains
matching results throughout the Reduction steps, the associated memory over-
head is negligible, as the stored information consists of compact index metadata
rather than high-dimensional token features.

Built upon this design, the overall pipeline of DiTo is illustrated in Fig. 4b.
The process consists of a single Matching step followed by a series of multiple
Reduction steps. The rationale for this interleaved structure is grounded in the
analysis presented in Fig. 4a; our results demonstrate that the PMR remains
robust even as the reuse interval increases, indicating that matching results
maintain a valid correlation over several subsequent timesteps. Consequently,
rather than requiring a dedicated Matching step for every Reduction step, we
leverage these high PMR values to reuse a single matching result across multiple
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Algorithm 1: Assign Matching/Reduction Steps from Max Intervals (∆max
t )

Input: Max intervals {∆max
t }T−1

t=0

Output: Lists Tmatch and Treduce
Tmatch ← [ ] ; // list of Matching steps
Treduce ← [ ] ; // list of Reduction steps
m← 0 ; // Index of latest Matching step
for t← 0 to T − 1 do

if t = 0 then
// Initialize for the timestep 0
Append 0 to Tmatch;
m← 0

else
∆t+1 = (t+ 1)−m ; // interval at t+ 1
if ∆t+1 > ∆max

t+1 then
Append t to Tmatch;
m← t;

else
Append t to Treduce;

// Keep only the last timestep in consecutive Matching steps
Tmatch ← CollapseConsecutive(Tmatch);
return Tmatch, Treduce;

subsequent Reduction steps. This strategy maximizes computational efficiency
while preserving high generation quality.

4.2 PMR-guided Interval Scheduling

While DiTo enhances efficiency through matching reuse, increasing the interval
∆ leads to a decline in PMR, which can degrade generation quality. Furthermore,
since PMR values fluctuate across different timesteps, determining the optimal
reuse interval for each timestep is critical.

To address this, we propose PMR-guided Interval Scheduling , which uti-
lizes the PMR metric as a guideline for determining the optimal matching sched-
ule in an offline manner. The primary objective of this strategy is to maintain the
PMR values above a predefined threshold τ throughout the generation process
while maximizing efficiency. To achieve this, the transition between Matching
and Reduction steps is dynamically determined by identifying the maximum in-
terval ∆max

t at each timestep that satisfies the PMR criterion. Specifically, we
first define the timestep-wise average PMR (PMR) as

PMRTop-k(t,∆) =
1

B

B−1∑
b=0

PMRTop-k(t, b,∆), (5)



10 H. Lee et al.

and then construct the valid interval set at each timestep t

Dt =
{
∆ ∈ {1, . . . , T − 1}

∣∣ PMRTop-k(t,∆) ≥ τ
}
. (6)

The maximum allowable interval (∆max
t ) at each timestep t is chosen as

∆max
t =

{
maxDt, if Dt ̸= ∅,
0, otherwise.

(7)

Given the max intervals ∆max
t , Algorithm 1 assigns each timestep to either a

Matching step or a Reduction step. The core scheduling rule follows a one-step
look-ahead strategy: to determine whether timestep t should be a Matching or
Reduction step, we evaluate the condition for the subsequent timestep t + 1.
Specifically, we calculate the expected interval at the next step as ∆t+1 = (t +
1) − m, where m denotes the index of the latest Matching Step. This value is
then compared against the allowable limit ∆max

t+1 to determine whether a new
Matching step is required. If ∆t+1 exceeds the ∆max

t+1 , timestep t is designated
as a Matching step to refresh the m; otherwise, it is assigned as a Reduction
step. Finally, to minimize redundant token matching operations, if Matching
steps occur consecutively, we retain only the final timestep within the sequence;
this is because matching results from preceding steps are overwritten by the
subsequent update, making earlier computations unnecessary.

Since PMR primarily reflects the temporal consistency of matching reliability
across denoising timesteps, we observe that it remains stable across different
prompt sets, CFG scales, and random seeds. Therefore, for a fixed number of
denoising timesteps T , the calibrated schedule can be successfully reused across
diverse conditions without requiring per-condition re-scheduling. We provide the
corresponding sensitivity analysis in the Appendix.

4.3 Frequency-aware Token Matching

Motivation. To improve efficiency, DiTo reuses the matching results in a single
Matching step across multiple Reduction steps, reducing the frequency of token
matching operations. However, as shown in the top-left heatmap of Fig. 5, this
repeated reuse amplifies the imbalance in token selection frequency for reduction.
Specifically, when a matching result is reused over d timesteps, the disparity
in selection counts between frequently and rarely selected tokens expands in
proportion to d. This causes reduction targets to persistently concentrate on a
small subset of tokens, leading to the accumulation of localized approximation
errors. These errors manifest as visible blocking artifacts, which, as illustrated in
Fig. 5a, emerge at the exact spatial locations corresponding to the high-intensity
regions in the heatmap.

To mitigate this issue, we propose Frequency-aware Token Matching,
which augments the original token matching stage with a frequency-based penalty
to alleviate the imbalance in the selection frequency. By penalizing tokens that
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Fig. 5: Impact of token selection frequency in TR on image quality. (a) In
naïve DiTo, repeated reuse of matching results makes reduction targets concentrate on
a small set of spatial tokens (top-left heatmap), leading to visible blocking artifacts. (b)
With our frequency-based penalty, the imbalance in selection frequency is alleviated
(bottom-left heatmap). This reduces the accumulation of localized recovery errors and
successfully mitigates blocking artifacts while maintaining the token reuse efficiency.

have been frequently selected as reduction targets, this method prevents exces-
sive error accumulation at specific spatial locations. Consequently, it effectively
mitigates blocking artifacts while maintaining the computational efficiency of
token reuse.

Formulation. To ensure a scale-invariant penalty for every matching, we nor-
malize the penalty magnitude using the similarity interval ∆s = max(ŝ)−min(ŝ)
from Eq. (2). This accounts for the fact that the absolute scale of similarity scores
varies across different matching instances, providing a consistent reference range
based on the distribution of candidate scores ŝ. Furthermore, considering that
only a fraction r of tokens are selected during the matching stage, we define the
baseline penalty scale as r · ∆s. The final penalty strength is controlled by a
hyperparameter λ. We maintain a token selection history vector C ∈ RN over
all N tokens, where Ci stores the cumulative number of times token i has been
selected as a reduction target. Since the source token indices vary across token
matching operations, we gather the history values for the current source set S as
C[S] ∈ RS . We then augment the original token matching process by subtracting
a frequency-based penalty p from the candidate similarity scores ŝ:

p = λ · r ·∆s ·C[S], ŝpen = ŝ− p. (8)

As a result, as shown in the bottom-left heatmap of Fig. 5, the proposed
penalty alleviates the imbalance in selection frequency. By reducing the accumu-
lation of localized errors, it effectively mitigates blocking artifacts, as illustrated
in Fig. 5b. Additional visualizations demonstrating this effect are provided in
the Appendix.
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Fig. 6: Visualization results of DiTo under varying reduction ratios. As the
token reduction ratio increases, DiTo consistently maintains high visual fidelity and
structural consistency.

5 Experiments

5.1 Experimental Settings

Models and Benchmarks. We evaluate DiTo on the text-to-image task using
two representative DiT models: FLUX.1-dev (Flux) [15] with 35 sampling steps
and stable-diffusion-3-medium (SD3) [6] with 50 sampling steps. All experi-
ments are conducted with the Diffusers framework [31], generating images at
1024×1024 resolution for evaluation, and FlashAttention2 [5] is applied to all
models for efficient attention computation. We use the 1,000 class names from
the ImageNet-1k dataset [35] as prompts, and generate a total of 3,000 images
using three random seeds for the main experiments. For the ablation study, we
randomly sample 100 images per seed, resulting in 300 images in total. Latency
is measured on an RTX 6000 Ada GPU [28], averaged over 100 generated images.
Evaluation Metrics. We use FID [11], CLIP [10], PSNR, SSIM [39], and
LPIPS [45] as evaluation metrics. FID (Fréchet Inception Distance) measures
the distance between the distributions of generated and real images in the In-
ception feature space, capturing overall distributional quality and diversity. We
compute FID using the ImageNet-1k ground-truth images as the reference set.
CLIP score measures text–image alignment based on the similarity between gen-
erated image and text embeddings. In addition, we evaluate perceptual recon-
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Table 1: Performance comparison of DiTo against prior methods for generating
1024×1024 images on FLUX (35 sampling steps). Best values are highlighted.

Ratio Method FID↓ PSNR↑ SSIM↑ LPIPS↓ CLIP↑ Latency↓ ∆ ↓

Baseline Flux 31.62 – – – 23.71 26.64 0%

0.25

DiTo 31.95 25.21 0.8552 0.2385 23.85 24.25 -9.0%

ToMeSD 33.76 21.59 0.7817 0.3395 23.93 24.53 -7.9%
ToFu 33.75 21.70 0.7851 0.3354 23.94 24.47 -8.1%
SiTo 32.30 22.39 0.7965 0.3462 23.93 25.25 -5.2%
ToMA 32.03 22.97 0.8112 0.2716 23.78 24.28 -8.9%

0.50

DiTo 33.47 22.04 0.7757 0.3329 24.01 21.69 -18.6%

ToMeSD 90.00 19.73 0.6172 0.5384 23.04 22.00 -17.4%
ToFu 83.79 19.81 0.6328 0.5302 23.05 22.02 -17.3%
SiTo 61.05 20.17 0.6503 0.5245 23.45 22.54 -15.4%
ToMA 43.71 20.49 0.6936 0.4386 23.90 21.62 -18.8%

struction fidelity using PSNR, SSIM, and LPIPS. PSNR (Peak Signal-to-Noise
Ratio) quantifies pixel-level reconstruction error, SSIM (Structural Similarity)
evaluates structural similarity, and LPIPS measures perceptual differences in a
pretrained deep feature space. For these three metrics, we use the generated
images from the vanilla model as the reference.
Baselines. We evaluate DiTo against an extensive set of representative TR
methods, including ToMeSD [2], ToFu [13], SiTo [44], and ToMA [23]. Although
ToMeSD, ToFu, and SiTo were originally proposed for U-Net models, they funda-
mentally operate by manipulating token similarity within a general TR pipeline
consisting of matching, reduction, and recovery. From this perspective, their core
mechanisms are not tied to a specific backbone architecture and can be natu-
rally applied to DiTs. Accordingly, we include them as baselines by adapting
their core components to the DiTs. Detailed implementations are provided in
the Appendix.

5.2 Experimental Results

Quantitative Results. Tab. 1 presents quantitative comparisons between DiTo
and existing TR methods (ToMeSD, ToFu, SiTo, and ToMA) on Flux. Over-
all, DiTo consistently outperforms all methods in terms of generation quality
across multiple metrics, including FID, PSNR, SSIM, and LPIPS. Notably,
DiTo demonstrates substantial improvements in perceptual reconstruction fi-
delity, achieving PSNR gains of 2.24–3.62 dB at a 0.25 ratio and 1.55–2.31 dB at
a 0.50 ratio. These gains are also reflected in other key metrics, including SSIM
and LPIPS. These results align with the design objective of DiTo, which explic-
itly aims to minimize recovery error by incorporating output token similarity
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Table 2: Performance comparison of DiTo against prior methods for generating
1024×1024 images on SD3 (50 sampling steps). Best values are highlighted.

Ratio Method FID↓ PSNR↑ SSIM↑ LPIPS↓ CLIP↑ Latency↓ ∆ ↓

Baseline SD3 27.67 – – – 24.67 9.32 0%

0.25

DiTo 27.83 26.83 0.9160 0.1492 24.77 8.63 -7.4%

ToMeSD 28.42 23.32 0.8697 0.2045 24.74 8.82 -5.3%
ToFu 27.99 23.83 0.8835 0.1922 24.72 8.87 -4.9%
SiTo 27.92 23.01 0.8682 0.2211 24.79 9.30 -0.2%
ToMA 28.47 22.93 0.8624 0.2029 24.63 9.08 -2.5%

0.50

DiTo 28.89 23.16 0.8510 0.2577 24.87 7.79 -16.4%

ToMeSD 31.45 21.22 0.8090 0.3139 24.80 8.00 -14.2%
ToFu 31.89 21.21 0.8112 0.3187 24.79 8.05 -13.6%
SiTo 33.13 21.23 0.8046 0.3170 24.82 8.42 -9.7%
ToMA 33.37 20.91 0.8049 0.3053 24.62 8.17 -12.3%

into the TR process. As these metrics directly measure perceptual fidelity with
respect to the vanilla model output, the consistent gains confirm that DiTo ef-
fectively achieves its intended objective. Furthermore, DiTo exhibits exceptional
robustness to the reduction ratio; while existing methods suffer from substantial
degradation in FID scores at a 0.50 ratio (ranging from 43.71 to 90.00), DiTo
maintains a significantly more stable FID of 33.47.

Regarding semantic alignment, DiTo achieves CLIP scores (23.85–24.01) com-
parable to or even slightly exceeding the vanilla model (23.71), indicating that
text-to-image consistency is well preserved. In terms of efficiency, by reusing
matching results, DiTo achieves up to an 18.6% latency reduction (21.69s), which
is comparable to the runtime of ToMA—the fastest among the compared TR
methods—while providing superior generation quality. Tab. 2 reports the results
on SD3, where similar trends are consistently observed. These results demon-
strate that DiTo generalizes well across different models and remains robust
even with fewer diffusion timesteps (e.g., 35 steps in Flux).

Qualitative Comparison. Fig. 1 presents qualitative comparisons between
DiTo and existing token reduction methods (ToMeSD, ToFu, SiTo, and ToMA)
on Flux and SD3. Under the equivalent FLOPs reduction, DiTo consistently
preserves higher visual fidelity and structural consistency across both models,
whereas prior methods exhibit noticeable degradation. Additional qualitative
comparisons are provided in the Appendix. Fig. 6 further presents visualization
results of DiTo across different reduction ratios on both models, demonstrating
that image quality remains stable even as the reduction ratio increases. Addi-
tional visualizations are provided in the Appendix.
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Ablation & Others. To validate our design decisions, we conduct comprehen-
sive ablation studies in the Appendix, evaluating the impact of the PMR thresh-
old τ and penalty strength λ to identify the optimal balance between efficiency
and quality. Furthermore, we examine the choice of reduction strategies (e.g.,
pruning/merging) and various similarity metrics. We also provide a comparative
analysis of FLOPs and memory consumption across different reduction methods.
Our profiling confirms that while DiTo maintains matching results throughout
the Reduction steps, the associated memory overhead is negligible, as the stored
information consists of compact index metadata rather than high-dimensional
token features.

Additionally, we provide further evaluations to demonstrate the robustness
and generalizability of DiTo, along with a comparison against a representative
caching-based acceleration method in the Appendix. First, we evaluate DiTo us-
ing additional LLM-based metrics from two complementary perspectives: text
alignment and image quality. The results show that DiTo consistently outper-
forms existing TR baselines in both metrics, further confirming that DiTo pre-
serves semantic alignment and perceptual quality. Second, we verify the archi-
tectural generalizability of DiTo by applying it beyond MM-DiT architectures
to both U-Net (SD1.5 [34]) and standard DiT (DiT [30]) architectures. Lastly,
we compare DiTo with ToCa [50], a representative caching-based acceleration
method. While ToCa slightly improves FID, DiTo achieves comparable latency
with substantially lower memory overhead, highlighting the scalability advantage
of metadata-based token reduction over feature caching.

6 Conclusion

In this work, we introduce DiTo, a novel paradigm that shifts toward output-
centric token reduction to explicitly minimize recovery error. To achieve this,
DiTo leverages the temporal consistency of DMs and establishes token correspon-
dences using prior-step similarities as a proxy at a Matching step, and reuses the
resulting correspondences across multiple subsequent Reduction steps. To opti-
mize this scheduling, we propose PMR-guided Interval Scheduling to determine
the optimal matching frequency. Additionally, to mitigate localized approxima-
tion errors and blocking artifacts from repeated reuse, we introduce Frequency-
aware Token Matching with a selection frequency penalty. Extensive experiments
demonstrate that DiTo effectively breaks the quality-efficiency trade-off, achiev-
ing a superior Pareto frontier compared to existing methods.
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