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Figure 1. Sparse Guidance provides effective, efficient, structure-preserving guidance for sparsely trained diffusion models. (Left)
Unlike Classifier-free Guidance, SG stays closer to the conditional prediction, yielding higher-variance, non-collapsed samples. (Right, top)
On ImageNet-256, SG (Quality) attains an FID of /.58 without any previously required dense finetuning while also increasing throughput,
and SG (Speed) matches the baseline quality at substantially lower inference cost. (Right, bottom) Applied to our 2.5B text-to-image model,
Sparse Guidance raises its HPSv3 [47] performance enough to surpass a range of larger models, which it could not achieve without SG.

Abstract

Diffusion models deliver high quality in image synthesis
but remain expensive during training and inference. Re-
cent works have leveraged the inherent redundancy in visual
content to make training more affordable by training only
on a subset of visual information. While these methods
were successful in providing cheaper and more effective
training, sparsely trained diffusion models struggle in infer-
ence. This is due to their lacking response to Classifier-free
Guidance (CFG) leading to underwhelming performance
during inference. To overcome this, we propose Sparse Guid-
ance (SG). Instead of using conditional dropout as a signal
to guide diffusion models, SG uses token-level sparsity. As
a result, SG preserves the high-variance of the conditional
prediction better, achieving good quality and high variance

outputs. Leveraging token-level sparsity at inference, SG im-
proves fidelity at lower compute, achieving 1.58 FID on the
commonly used ImageNet-256 benchmark with 25% fewer
FLOPs, and yields up to 58% FLOP savings at matched
baseline quality. To demonstrate the effectiveness of Sparse
Guidance, we train a 2.5B text-to-image diffusion model us-
ing training time sparsity and leverage SG during inference.
SG achieves improvements in composition and human pref-
erence score while increasing throughput at the same time.
Project Page: https://compvis.github.io/
sparse—-qguidance

1. Introduction

In recent years, models developed by the machine learn-
ing community and industry have grown dramatically in
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Figure 2. Classifier-free Guidance (CFG) provides limited benefits for token-sparse diffusion models. While token-sparse training
produces stronger conditional diffusion models than standard dense training, their practical impact has been constrained by poor compatibility
with CFG, which limits inference quality and slows adoption in practice. Sparse Guidance (SG) overcomes this limitation, restoring
strong guidance gains for token-sparse models and enabling them to match or surpass the image quality of their dense baselines.

size, thereby demanding massive computational resources [6,
28, 36, 71]. Diffusion models [24, 39, 63] have become a
frequently used standard across modalities such as images
[16, 36, 55] and video [5, 6, 71], despite being among the
most compute-intensive approaches. Furthermore, Classifier-
free Guidance (CFG) is commonly used for high generation
quality. During CFG, an unconditional and a conditional pre-
diction are combined, which typically doubles the inference
costs of already very expensive diffusion models [23].

For the training of these models, methods like training-
time sparsity [18, 33, 75] have shown improvements in effi-
ciency as well as performance. These methods exploit the
underlying redundancy of visual data and train a diffusion
model only on a subset of available information at any given
time. Masking replaces the discarded information with learn-
able parameters while routing aims to first withdraw and later
reintroduce information. The reason the community has not
adopted these approaches fully is a breakdown of inference
capabilities: models trained with such training-time sparsity
show unreliable and often weak performance during genera-
tion due to their unresponsiveness to CFG [33, 75, 78].

We propose Sparse Guidance (SG) as a direct remedy to
the issue of costly inference and the practical usability of
sparsely trained diffusion models at the same time. SG steers
the generation process by leveraging a capacity gap induced
by inference-time sparsity (i.e., a controlled difference be-
tween two predictions created by two distinct token-level
sparsity rates). Unlike previous approaches [33, 61, 75], SG
requires no additional finetuning to recover the model’s ca-
pabilities under CFG while providing higher quality with
better throughput as Sparse Guidance embraces the train-
test gap of sparse training approaches instead of avoiding it.
We validate SG on the commonly used ImageNet-256 bench-
mark, where SG achieves an FID of 1.58. Furthermore, we
show predictable behavior and a smooth quality—throughput

trade-off, where increasing inference-time sparsity reduces
the number of processed tokens and lowers computational
cost. Then we demonstrate that SG holds up at scale: we
train a 2.5B text-to-image Diffusion Transformer using token
routing [33] and, applying SG, find reliable improvements
in image quality measured by human preference, alongside
reduced FLOPs and increased inference throughput.

Our main contributions can be summarized as:

* We introduce Sparse Guidance (SG), a finetune-free, post-
hoc scheduling mechanism for sparsely trained diffusion
models. SG computes two predictions and applies token-
level sparsity to them and then utilizes their capacity gap
to steer the generation towards higher quality. As tokens
are removed from the computational branch, the cost for
inference shrinks naturally.

» Sparse Guidance delivers strong results without additional
finetuning. SG achieves FID 1.58 with 25% fewer FLOPs,
and up to 58% savings at comparable quality to a dense
SiT on the commonly used ImageNet-256 benchmark.

* To demonstrate the viability of this pipeline, we train a
large scale text-to-image 2.5B Diffusion Transformer us-
ing token routing. We apply our proposed Sparse Guidance
method which improves image quality measured by hu-
man preference score and naturally increases throughput
during inference significantly by reducing the amount of
processed information.

2. Related Work

Diffusion and Flow Matching Models. Score-based dif-
fusion models, such as DDPM [24] and its improved vari-
ants [48, 64-66], as well as Latent Diffusion Models [LDM,
55], have become the cornerstone of high-fidelity synthesis
across images [53, 60], video [3, 25] and audio [27, 40, 49].
Complementarily, flow-matching methods [2, 39, 41, 44]
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recast generation as learning a continuous vector field within
an interpolant framework that unifies flow and diffusion,
enabling efficient ODE-based sampling. Early diffusion
frameworks relied on U-Net backbones [56], but recent work
has shifted toward token-based transformers like DiT [51],
which offer scalability at the cost of quadratic complexity in
the number of tokens [75]. To mitigate this, caching schemes
accelerate inference in both U-Nets [45] and DiTs [46], yet
still process every token at each layer. In contrast, we uti-
lize a test-time token-sparsity which allows us to reduce the
number of processed tokens per layer.

Diffusion Guidance. Guidance has become a standard tool
for improving the fidelity of diffusion model outputs. An
auxiliary model or signal steers the generative process [13].
Currently, the most dominant approach is classifier-free guid-
ance (CFG) [23], which combines the conditional and un-
conditional score to improve sample fidelity at the cost of
diversity. Recent advances such as Autoguidance (AG) [31]
use a smaller and less trained model to replace the previ-
ously used unconditional branch to achieve good guidance.
Sadat et al. [58] apply perturbations to the timestep embed-
dings, causing intentional misalignment in noise removal
to guide the generation process. Kaiser et al. [30] restrict
the receptive field in convolution-based backbones for guid-
ance. Beyond these classifier- and branch-based methods,
attention-based schemes such as self-attention guidance [26]
and perturbed-attention guidance [1] steer sampling by ma-
nipulating internal attention patterns. In contrast to previous
methods, we propose to apply train-time sparsity augmenta-
tions to inference by using two token-sparsity rates (number
of concurrently processed tokens) to create a capacity gap
which we effectively use to steer the sampling process to-
wards higher quality.

Token Sparsity. In parallel, efficiency-focused research
has enabled models like the Transformer [70] to skip pro-
cessing of less important tokens. Token masking has shown
that the entire token set is not required for a diffusion model
to approximate the data distribution [18, 75, 78]. The advan-
tage in these methods is that training throughput is increased
significantly, which reduces costs. As an alternative to mask-
ing, token routing reintroduces tokens instead of replacing
them with learnable embeddings [33]. In the domain of
diffusion models, such routing can preserve token informa-
tion, providing better convergence speed while retaining the
efficiency of similar masking methods. Relatedly, Mixture-
of-Depths [54] employs a fixed top-k token selection per
layer, which allows only & tokens to be processed by each
layer, reducing computational cost. Beyond train-time mask-
ing and routing, test-time token merging and pruning in
diffusion transformers reduce compute by compressing or
dropping tokens while preserving visual quality. Further-
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Figure 3. Masking and Routing as two types of token-level
sparsity. Masking replaces tokens with learnable mask token [75]
while routing preserves information by reintroducing tokens [33].

more, feature-caching approaches such as DeepCache and
Learning-to-Cache accelerate diffusion U-Nets and trans-
formers by reusing intermediate activations across timesteps
or layers [45, 46]. Our method builds on train-time sparsity
but introduces it to inference leveraging it as a guidance
signal to improve visual quality.

3. Method

3.1. Preliminaries

Flow Matching. Flow Matching (FM) formulates gener-
ation as learning a continuous-time vector field that deter-
ministically transports a simple prior distribution to the data
distribution [2, 39, 41]. Concretely, let z ~ N(0, I) denote
a latent sample from the prior and & ~ pg,, a corresponding
data sample. We adopt the widely used standard straight
(Gaussian) interpolation path [39]

xy = (1—t)z + tuz, t €10,1], (1)

whose oracle velocity is constant along the path,

da

v (x,t) = o

= xr—2z. 2)
A flow-matching model vy predicts v*, and sampling inte-
grates the ODE % = vg(a¢,t) fromt = 0tot = 1[39].

Classifer-free Guidance High-fidelity sampling often em-
ploys Classifier-free Guidance (CFG) to steer the condi-
tional prediction away from a weaker (unconditional) branch.
For brevity, we write vg(xy,t,c) as vg(c) and retain only
guidance-relevant terms. Given conditioning ¢ and guidance
scale w > 1, Classifier-free Guidance [23] is defined as:

V5§79 (c,w) = wogle) + (1 —w)vy(D). 3)
CFG doubles per-step compute for dense models. Our goal
is to retain its benefits while reducing the compute increase
under sparsity.
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Token Sparsity. Let Dy denote the denoiser network, com-
posed of B sequential layers Ly, ..., Lp_1. Token sparsity
reduces training cost by avoiding computation on the full set
of tokens in every layer: Masking drops a fixed fraction v of
tokens and optionally replaces them with learnable embed-
dings, never re-inserting the original activations. We then
define masking as follows:

Tk € Tm }’ @)

mask,

m

Dy _LB_lo“'o{Lko'uoLo, otherwise
where mask(7;) = emask replaces token 7, with a fixed or
learnable embedding that carries no instance-specific infor-
mation, permanently removing the original activation from
the forward path.

Routing selects a subset of tokens to process and re-inserts
them later, keeping all tokens within the computational graph.
This is then defined as:

N id, €T,
DZIHJ = Lpg_j0---0 ! Tk 7;:1—>J o- - 'OLO;
Ljo---0olL;, otherwise
&)

where id denotes the identity mapping applied to routed
tokens, ensuring they bypass intermediate layers while pre-
serving their information for later re-insertion. Figure 3
demonstrates this visually.

3.2. Sparse Guidance (SG)

Using Training Augmentation as a Guidance Signal.
Token-level sparsity has proven effective for accelerating
training [18, 33, 78]. However, at inference time, mod-
els employing standard classifier-free guidance (CFG) fre-
quently exhibit decreased response to the guidance signal or
degraded fidelity unless subjected to dense finetuning (see
Figure 2). We revisit sparsity not as a training-only device
but as a ftest-time control signal. Formally, let v € [0,1)
denote a sparsity rate that either masks tokens (replacement
by a fixed/learnable embedding) or routes tokens (bypassing
selected layers with identity and later reinsertion).

Controlling Capacity with Sparsity. Naively adapting a
token-level sparsity v > 0 during inference (w = 1.0) leads
to deteriorated outputs Figure 4. As + increases, the model’s
effective capacity shrinks, limiting its ability to realize the
learned distribution and producing visually disturbing arti-
facts. To overcome this, we utilize the capacity-controlling
sparsity knob ~ during inference only in a guided setting.
Guidance is most effective when a high-variance predictor
pushes a lower-variance one toward outputs with even less
variance (e.g., a specific conditioning) [23, 31, 35]. We find
that token-level sparsity provides a direct knob for realizing
this: increasing y lowers effective capacity and softens the
conditional distribution produced by Dy(z¢,t, c;y), while

09

Sparsity >

Figure 4. Without Sparse Guidance, image quality and compo-
sition worsens consistently with increased token-sparsity ratios.

decreasing -y yields a sharper, higher-capacity predictor. We
propose instantiating guidance by using a high-vy (weak)
branch to steer a low-vy (strong) branch during sampling.
The resulting capacity gap provides the guidance signal. In
this view, ~ is a single, continuous hyperparameter over
distributional sharpness, turning train-time sparsity into a
test-time guidance primitive.

Guidance Formulation. We evaluate the network Dy
under two test-time sparsity levels using the notation
Dg(x4,t, c;) to indicate token sparsity . Further, we will
define the two branches that are needed for a guided predic-
tion as D;™" and D}, no matter what Yyrong OF Vweak i
applied respectively.

Dzuong(c) = Dy (xt, t,c; ’Vslrong)7
Dgeak(c) i= Dg(4, 1, ¢; Yweak), ©

0 < “Vstrong < VYweak < 1.

In contrast to CFG, both predictions are conditional. Con-
sequently, the guidance signal is provided solely by the ca-
pacity gap induced by the difference in sparsity vs # Yweak-
Then we utilize the guidance formulation,

DEG (C7 “strong s Yweak » w) = w D;trong(c)

7
oDy

which uses the low-capacity, weak prediction D} (c) to
steer the high-capacity, strong prediction in the direction of
D" (c) — Dy (c) with magnitude w.

As SG makes no assumptions about the provided con-
ditioning, it can be combined naturally with other existing
guidance techniques. Applying the zero-condition & to our
weak branch leads to the combination of Classifier-free Guid-
ance and Sparse Guidance (CFG + SG):

DgFGJrSG (C, “strong s Yweak s W) =w D;trong<c)

+ (1 — w) Dy (@).

Similarly, SG can be combined with other guidance signals,
like AutoGuidance [31] where D};’e‘"‘k is represented by a
smaller model or undertrained checkpoint.

At test time, token subsets are sampled from binary
masks m € {0,1}7 with mj, ~ Bernoulli(1 — ) for

DES {’Yst.rong7 '7weak}-

®)
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Figure 5. Sparse Guidance improves both convergence and training-time sample quality for sparsely trained diffusion models. Left:
FID over training iterations comparing CFG, CFG with dense finetuning, and Sparse Guidance (SG). where SG achieves the lowest FID
using the best CFG scale w for each method. Right: Training-time sample progress using SG, showing that sparsely trained models already
produce high-fidelity samples without an additional dense finetuning stage, enabling direct visual evaluation during training.

Hyperparameter Usage. Prior works applying sparsity
during training often come with a variety of additional hyper-
parameters with their respective sparsity (or masking) rate
being one of them [18, 33, 75]. Furthermore, several other
guidance methods require affected layers to be handpicked
for effective guidance [, 29] while Sparse Guidance copies
the train-time settings and applies them during inference
leaving only + as additional hyperparameter.

4. Experiments

We test our proposed Sparse Guidance method to leverage
sparsely trained diffusion models during inference. To that
end, we evaluate on class-conditional ImageNet-256 genera-
tion across model scales and compare to relevant guidance
based baselines. Further, we provide evidence that Sparse
Guidance and thereby indirectly sparse training methods as
well, scale to billion parameter sized text-to-image models.

4.1. Experimental Setup

ImageNet. Our experimental setup follows standard evalu-
ation protocols, evaluating models in the class-conditional
latent ImageNet-2562 setting that the various methods [33,
51, 75] were developed for. To enable fair comparisons,
we reproduce both a masking [MaskDiT, 75] and rout-
ing [TREAD, 33] model with the settings proposed in the
respective works. We train using AdamW [42] at a learn-
ing rate of 1 x 10~% at a batch size of 256 with default
betas (01, 52) = (0.9,0.999). We train both models as
SiT-XL/2 [44, 51] models in the latent space of the Stable
Diffusion [55] VAE. During inference, we sample using a
simple euler sampler with 40 steps, unless noted otherwise.
We evaluate samples using the standard established evalu-
ation protocol, primarily relying on the Fréchet Inception
Distance [FID, 22] for evaluation of generated sample qual-
ity. We use the standard implementation from ADM [13] and,
unless noted otherwise, compute FID based on 50k random

samples. In addition to FID, we also report sFID [14], In-
ception Score [IS, 59], and Precision and Recall [34] for our
main results. We report further implementation details and
comprehensive descriptions and details for all shown results
achieved with Sparse Guidance in the Appendix (Section A).

Scaling Up to Text-to-Image (T2I). To test if Sparse Guid-
ance works beyond ImageNet with small to medium-sized
models, we train a 2.5B text-to-image diffusion transformer.
We utilize the internVL3-2b [77] model as text encoder and
apply a prompt prefix and insert a two layer transformer
network between the Vision Language Model (VLM) and
the Cross-Attention of our DiT as proposed by Ma et al.
[43]. We use TREAD [33] as our training time sparsity and
follow the proposed settings with a route from Lo — L3g
in a 34 layer network and 50% selection rate. We train our
model on a recaptioned subset of COYO-700M [7] which
sums up to 100M samples. We divide our training into two
stages. In the first, we train on all 100M samples while in the
second one, we filter our data according to aesthetics score
and add synthetic data from JourneyDB [50] and FLUX-6M
[17]. During inference, we use a 512x512 resolution with
50 euler sampling steps and apply bfloat16.

4.2. Sparse Guidance on ImageNet

Sparse Approaches We apply our Sparse Guidance to
models trained using state-of-the-art sparse training methods.
As dropping tokens is a shared process among token-sparse
methods, the differentiating factor becomes the replacement
dropped tokens. We decide on masking [75] and routing
[33] as they embody extremes cases (discard information vs.
reuse). SG shows improved generative quality for both of
these approaches which demonstrates broad applicability.

Comparison against Guidance Methods. We evaluate
Sparse Guidance against a broad suite of guidance tech-
niques for sparsely trained generators. Across all settings,
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Guidance Sparsity #Epoch FID| sFID|

CFG masking 160 5.82 13.00
SG (Ours) masking 160 573 11.99

CFG routing 160 295 484
SG (Ours) routing 160 2.07 3.98

ISt Prec.t Rec.t

227.8 0.80 0.45
2490 0.83 042

2333 082 056
2234 0.80 0.58

Table 1. SG improves upon CFG for diffusion models trained
with masking and routing as their train-time sparsity.

both SGgip and SGgrops consistently outperform alter-
native guidance methods on the same sparsely pretrained
backbone. Notably, SGgip achieves FID = 1.58 at 400
epochs, yielding a further 0.99 FID reduction over the next
best competitor (CFG), by combining SG with AutoGuid-
ance (AG). Beyond accuracy, SG reduces inference cost
by enforcing sparsity at test time: SGgropg attains lower
GFLOPs than the no-guidance baseline while surpassing the
baseline’s quality with guidance. Under matched compute,
SG also requires fewer operations than CFG, using 58 %
fewer GFLOPs (SGgp ops). Furthermore, we compare to In-
dependent Condition Guidance (ICG) [58] which introduces
a guidance method without requiring training interventions,
unlike CFG. We find that, SG achieves better performance
than ICG which underlines our claim that Sparse Guidance
minimizes the train-test gap by introducing test-time sparsity.

Method #Epoch FID| GFLOPS| AGFLOPS]|
SiT-XL/2 + routing 400 4.89 114.42 0 (baseline)
+CFG [23] 400 2.57 228.84 +114.42
+AG [31] 400 2.95 228.84 +114.42
+APG [57] 400 2.51 228.84 +114.42
+52 8] 400 3.12 228.84 +114.42
+ICG [58] 400 2.81 228.84 +114.42
+SGrLops (Ours) 400 2.14 97.67 -16.75
+SGgip (Ours) 400 1.58 173.16 +58.74

Table 2. SG outperforms other guidance methods by significant
margins in FID and GFLOPS.

No Finetuning Requirements. Prior works observe irreg-
ular behavior when applying classifier-free guidance (CFG)
to sparsity-augmented diffusion models have reported that an
additional dense finetuning stage can partially restore CFG
effectiveness [18, 33, 61, 75]. In Figure 5, we show that even
after an extensive dense finetuning phase, CFG still fails to
match the performance of our proposed Sparse Guidance
method. Figure 5 mirrors these metrics with visual results
on the right. Consequently, this supports our central claim
that SG is essential to fully realize the generative capacity
of sparsely trained diffusion models.

State-of-the-Art Comparison. Finally, we also compare
with state-of-the-art diffusion models in Table 3. Using
our high-quality configuration SGgp , we achieve an FID of
1.58, outperforming a multitude of baselines while simultane-
ously offering a significant 24.6% reduction in inference cost
compared to a dense guided SiT baselines (173.16 vs 228.84
GFLOPS). Aside from FID, SGgyp also provides larger recall
[34], indicating higher variance in sampled images.

4.3. Effect of Sparsity

At inference, we impose distinct sparsity rates on the two
branches: Ysyong 0n D" and Yyeax on D, To study the
behavior of these hyperparameters and their interaction with

the guidance scale w, we evaluate the triplet (Ysgrong, Yweaks W)

Method #Epoch FID| sFID| ISt Prec.t Rec.t
DiT-XL/2 [51] 1400 2.27 460 27824 0.83 0.57
SD-DIiT-XL/2 [78] 480 3.23 - - - -
FasterDiT-XL/2 [72] 400 2.03 4.63 26400 0.81 0.60
MaskDiT-XL/2 [75] 1600 2.28 5.67 27656  0.80 0.61
MDT-XL/2 [18] 1300 1.79 4.57 283.01 0381 0.61
SiT-XL/2 [44] 1400  2.06 450 27030 0.82 0.59
SiT-XL/2 + REPA [73] 800 1.80 450 284.00 0.81 0.61
SiT-XL/2 + routing [33]* 400 2.57 499 27526 0.82 0.57
+ SGgip (Ours) 400 1.58 445 24970  0.80 0.63

Table 3. SG achieves 1.58 FID on the ImageNet-256 benchmark.
* denotes our reproduced experiments.
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across a range of combinations. For greater coverage of the
configuration space, we report FID @5k, enabling a more
exhaustive analysis than standard evaluation settings.

Guidance Scale and Sparsity. Figures 6 and 8 vary
the guidance scale w alongside the sparsity controls
(Ystrongs Yweak). Across w € {1.3,1.5,1.7,1.9} the optimal
FID remains essentially unchanged, yet larger w consistently
tolerates higher total sparsity induced by (7Ystrong, Yweak)-
Consequently, jointly increasing w and (Vsiongs Yweak) im-
proves efficiency while maintaining image quality. Figure 8
visualizes this with FID heatmaps whose color range is
clipped to highlight the trend. The (%tmng,yweak) valley
shifts and steepens as w increases. The optimum becomes
more localized and flattens less while permitting higher spar-
sity. Intuitively, larger w pairs well with higher inference-
time sparsity because sparsity degrades the generated signal.
This pushes samples farther from the target image manifold
while stronger guidance scale w counteracts this drift.

Routing vs. Masking. Routing withholds tokens tem-
porarily and reinserts them unchanged, preserving instance-
specific information and stabilizing guidance. Accordingly,
the (Yswong, Yweak ) 1andscape is broader, supports higher total
sparsity, and is less sensitive to hyperparameters. Masking
entails irreversible token deletion but even in this regime SG
remains effective. As expected, the response surface over
(Ystrong> Yweak) is narrower than that found in routing but a
clear corridor achieves improved FID (see Figure 6). This
demonstrates that even sparsities which intuitively do not
align with the iterative refinement goal of diffusion, can still
be used to effectively guide the model towards better quality
using our proposed Sparse Guidance method.

Compounding Gains with AutoGuidance. We further
evaluate compatibility with external guidance by incorpo-
rating undertrained auxiliary models, following Karras et al.
[31], within our Sparse Guidance (SG) framework. A central
limitation of AutoGuidance is the requirement for an addi-
tional training run with dense checkpointing: only a narrow
window of auxiliary checkpoints yields high-quality results,

> SG (Ours) 10 AG +SG (Ours) /
%, CFG a AG "
3 Bl g
A o—"
0 T T T T T T T T
0.0 0.2 0.4 0.6 0.8 50k 100k 400k 800k
LPIPS Weak Checkpoint Training Step

Figure 7. (Left) SG demonstrates smaller LPIPS between the
output with guidance and the conditional prediction. (Right)
SG allows for better usage of other, less flexible guidance meth-
ods, like AutoGuidance by offering the capability to adjust net-
work capacities without training for fine-grained capacity gaps.
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Figure 8. Sparse Guidance combines well with other guidance
signals like AutoGuidance (AG) and demonstrates well behaved
trade-off between (7strong, Yweak and w) where larger w allows for
higher rates of sparsity and therefore also higher throughput.

and Karras et al. [31] recommend dedicating % of the to-
tal training iterations to the auxiliary model. This design
is inherently inflexible, as the checkpoint cadence must be
selected a priori. In contrast, SG markedly relaxes these
constraints. Instead of relying on a precise reference check-
point, (near-) optimal auxiliary models can be recovered
from a broad range of training steps by tuning the sparsity
controls Ysyong and Yweak- As shown in Figure 7, we eval-
uate auxiliary checkpoints at 50k, 100k, 400k, and 800k
steps—corresponding to 2.5%, 5%, 20%, and 40% of the
total training iterations of vy. For later checkpoints (800k
and 400k), the best FID is achieved with ~ygong = 0.0. As
we move to earlier checkpoints, the optimal ~syong for vg
increases to preserve the relative gap between the vy and v,
output distributions. Overall, SG broadens the set of usable
auxiliary checkpoints and compensates for their subopti-
mality through sparsity adaptation, delivering a favorable
balance between FID and inference efficiency without com-
mitting to rigid checkpoint schedules.

4.4. Sparse Guidance in Large-scale T2I Models

To provide insights into a more complex task at scale, we
train a 2.5B diffusion transformer with routing sparsity ac-
cording to Krause et al. [33]. We evaluate our model using
standard CFG and our proposed Sparse Guidance on com-
mon benchmarks like GenEval [19] and HPSv3 [47]. Instead
of FID, we utilize HPSv3 as our metric of choice to deter-
mine sparsity rates Ysrong and Yweak. For this we use 250 syn-
thetically generated prompts and the mean score over these.
Phenomena previously reported at small scale on ImageNet-
256 also persist in our billion-parameter text-to-image set-
ting: even without any guidance. TR-DIT-2.5B’s condi-
tional branch exhibits clear, prompt- and layout-aware struc-
ture, consistent with the analysis of Krause et al. [33]. Fur-
thermore, we confirm that Classifier-free Guidance (CFG)
pulls the conditional predictor toward more stereotypical
solutions. This aligns with the elevated Recall we measure
for SG in Table 3 and the qualitative trend in Figure 9.

Visual Variance. Aside from oversaturation, CFG is
known for variance-collapsing properties due to the fact that
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Model Rank | OverallT Characters Arts Design Architecture Animals Natural Scenery Transportation Products Others Plants Food Science
32
36
37
21
TR-DIT-2.5B + SG (Ours) 5 9.87 11.32 9.45 9.15 10.21 9.82 9.01 10.39 10.41 9.57 9.81 10.82 8.42
76
9 +5
20
TR-DIT-2.5B + CEFG 9 9.21 10.54 9.33 9.15 9.34 9.41 8.44 9.36 9.51 8.57 934 1042 8.60
52 +2
38
TR-DIT-2.5B (Unguided) 12 7.76 8.49 8.04 8.33 797 6.63 771 7.40 7.38 7.02 8.02 8.06 8.01

16
67

Table 4. HPSv3 scores [47] for our sparsely trained TR-DIT-2.5B. SG improves over CFG in all categories and enables our model to
beat three additional models (Gemini 2.0 Flash,PixArt-3 and CogView4). More precisely, our method improves sample quality
by 27% over the unguided model and 7% over CFG while increasing throughput from 0.32 to 0.49 images/s on an H200 GPU.

“Gem skull, shining eyes,..." "retro, car, city skyline, "A sailboat gliding through .. three cupcakes ...

the water

Conditional  Classifier-free
Prediction Guidance

Sparse
Guidance

Figure 9. Selected examples: Sparse Guidance keeps more of the
structure of the conditional prediction leading to higher variance
in sample distribution while staying truthful to the prompt.

one extrapolates away from the unconditional signal in the
direction of the conditional signal. While this is effective in
overall image-prompt alignment, CFG can quickly produce
similar looking images, especially with rare permutations
on otherwise common objects (see Figure 9). Since Sparse
Guidance utilizes token sparsity as a driving force for guid-
ance, instead of the text conditioning, we find that it retains
the high-variance, creative expressivity of the conditional
prediction better. This is shown in Figure | and Figure 9.

Performance Comparison. We evaluate TR-DIT-2.5B
on the GenEval benchmark [19], which assesses composi-
tional text—image alignment across six categories: single
object, two objects, counting, colors, relative position, and
color attribution. GenEval uses off-the-shelf detectors and
classifiers to verify prompt satisfaction. With a standard
Classifier-free Guidance (CFG) setting, TR-DI1T-2.5B at-
tains an overall score of 0.61. Incorporating our proposed
SG method yields a score of 0.62, indicating a consistent
improvement attributable to SG (see Table 5). SG improves
performance in every category, evidencing a robust guidance

Two
object

Color
attribution

Model Overall :;;‘:Elt Counting  Colors  Position

55
67
52

16

TR-DIT-2.5B (Unguided)
TR-DIT-2.5B + CFG
TR-DIT-2.5B + SG

0.48
0.61
0.62

0.93
0.98
0.99

0.50
0.73
0.73

0.36
0.55
0.55

0.77
0.86
0.87

0.13
0.19
0.20

0.20
0.36
0.39

Table 5. GenEval scores for our sparsely trained TR-DI1T-2.5B.
SG shows consistent improvements over CFG.

signal for compositional grounding. Notably, on GenEval’s
everyday-object prompts, where CFG already excels via
variance-collapsing, prompt-faithful generation, SG still
yields additional gains. We also show that our method can
not only generate more correct images, as shown in GenEval,
but also more visually appealing ones. In Table 4 we show
HPSv3 scores taken from Ma et al. [47] and find that the
addition of SG improves our model from matching Gemini
2.0 Flash to beating CogView4 in overall score. In
other words, SG allows our model to beat three additional
models that it was previously not able to outperform.

5. Conclusion

Sparse training approaches for diffusion models have shown
large improvements in recent years, but lacked adaption by
the community as their performance and behavior during
inference was unpredictable and weak. To overcome this, we
propose Sparse Guidance (SG) which erases this issue and
provides benefits like a higher variance in sampled outputs
as well as fine control over the capacity gap driving guid-
ance. With SG we achieve an FID of 1.58 while reducing
FLOPs by 25%, and can push to a 58 % FLOPs reduction at
performance on par with the dense SiT baseline. Then, we
scale sparse training to 2.5B for a text-to-image task and find
that SG holds up at scale, improving human preference score
and increasing throughput. We hope our work encourages
the community to explore token-sparse diffusion models for
substantial savings in time, compute, and COs.
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