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Figure 1. Flexible compute allocation with ELIT. Starting from a vanilla DiT, we add a variable-length set of latent tokens—the latent
interface—and two lightweight cross-attention layers, Read and Write. At inference, the number of latent tokens is a user-controlled knob
that yields a smooth quality–FLOPs trade-off across DiT, U-ViT, HDiT, and MM-DiT backbones.

Abstract

Diffusion transformers (DiTs) achieve high genera-
tive quality but lock FLOPs to image resolution, limiting
principled latency-quality trade-offs, and allocate compu-
tation uniformly across input spatial tokens, wasting re-
source allocation to unimportant regions. We introduce
Elastic Latent Interface Transformer (ELIT), a drop-in,
DiT-compatible mechanism that decouples input image size
from compute. Our approach inserts a latent interface, a
learnable variable-length token sequence on which stan-
dard transformer blocks can operate. Lightweight Read
and Write cross-attention layers move information between
spatial tokens and latents and prioritize important input re-
gions. By training with random dropping of tail latents,
ELIT learns to produce importance-ordered representations
with earlier latents capturing global structure while later
ones contain information to refine details. At inference,
the number of latents can be dynamically adjusted to match
compute constraints. ELIT is deliberately minimal, adding
two cross-attention layers while leaving the rectified flow

†Work partially done during an internship at Snap Inc.

objective and the DiT stack unchanged. Across datasets and
architectures (DiT, U-ViT, HDiT, MM-DiT), ELIT delivers
consistent gains. On ImageNet-1K 512px, ELIT delivers an
average gain of 35.3% and 39.6% in FID and FDD scores.

1. Introduction
Recent years have seen dramatic progress in image and
video generation. Owing to the simplicity of their de-
sign, architectures centered on Diffusion Transformers
(DiTs) [45] have scaled reliably and delivered state-of-the-
art fidelity [19, 54, 56]. Compute has been the primary de-
terminant of generation quality, but continued scaling has
inflated training and inference costs. This raises a central
question: do DiTs utilize available computation effectively?
We argue that such costs are amplified by the rigidity in
the DiT design. First, a DiT typically commits to a per-
step computational cost that is a fixed function of the in-
put resolution, without accounting for latency and compute
constraints. Second, we found that DiT allocates compu-
tation uniformly across image regions. In a controlled ex-
periment, we probe the ability of a DiT to use extra com-
pute to improve generation quality. As expected, quality
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improves on standard images when we increase the num-
ber of tokens by reducing the patchification size. However,
when we increase the number of tokens by padding encoded
image patches with zero-valued patches, we find that DiT
fails to leverage the extra computation to improve gener-
ation quality. These observations suggest that compute is
spent uniformly across image tokens. This is suboptimal
since visual information in images is uneven: some regions
are easy, others require more work. In this context, learning
how to allocate computation across tokens through a flexi-
ble architecture holds the potential to dynamically reduce
unnecessary computation.

Important previous work has sought forms of flexibility
to make generative models more efficient. Adaptive gener-
ators allow a single model to operate at different budgets,
but still spread computation uniformly across tokens [1, 62]
or suffer from high complexity [64]. Masking-based meth-
ods improve training speed by skipping tokens. Yet, drop-
ping is disabled for inference to avoid unrecoverable in-
formation loss [17, 33], making inference compute un-
changed. On the other hand, some training-free acceler-
ation approaches reduce the computation for the least in-
formative tokens during inference, leaving the training effi-
cacy the same [28, 41, 59]. A complementary thread moves
flexibility in the autoencoder by learning variable-length
representations but stops short of endowing a generative
model with an internal flexible representation [2, 36]. Fi-
nally, RINs [12, 26] learn to distribute computation non-
uniformly across input tokens through a set of latent to-
kens, but keep inference budget fixed and depart signifi-
cantly from the DiT architecture, hindering adoption.

Building on the previous observations, we propose Elas-
tic Latent Interface Transformer (ELIT) (see Figure 1),
a minimal, DiT-compatible mechanism for representation-
and-compute adaptivity. We introduce two lightweight
cross-attention layers, Read and Write, that equip DiT-like
architectures with a set of latent tokens we refer to as la-
tent interface. These latent tokens act as a variable-size sur-
face onto which to distribute input information in a flexible
and learnable manner based on the difficulty of each region.
Read pulls information from input tokens, which we will
refer to as spatial, into the latent interface, prioritizing chal-
lenging regions. Write broadcasts updated latents back to
the spatial tokens. Importantly, the number of latent tokens
is user-controlled, directly setting the per-step compute bud-
get. No changes to the training objective are necessary.

We provide a thorough analysis of ELIT, showing that
it successfully redistributes compute non-uniformly across
input tokens across varying base architectures. Our la-
tent interface consistently improves over a fixed-grid model
with ImageNet-1k 512px FDD (Fréchet Distance on DI-
NOv2 [44] features), improving 58.0% for DiT, 34.0% for
U-ViT, 37.4% for HDiT. ELIT also allows for graceful

compute-quality tradeoffs by selecting the number of latent
tokens at inference time, regularly achieving better trade-
offs than sampling steps reduction while being compatible
with training-free acceleration techniques [39]. Addition-
ally, variable compute enables autoguidance [30] out of
the box, which reduces inference cost by → 33% without
affecting the generation quality. In summary, this simple
addition yields a framework capable of: (I) Adaptive com-
putation. Compute is concentrated where it matters rather
than spread uniformly across input regions. (II) Variable
test-time compute. A single set of weights serves a spec-
trum of latency-quality points by selecting the number of
latent tokens. (III) Improved sampling. Variable compute
enables autoguidance [30] out of the box. (IV) Drop-in
training. We keep the design simple, retaining the vanilla
rectified-flow objective and showing our method’s applica-
bility to DiT, U-ViT, HDiT, and MMDiT. Implementation
amounts to only adding the Read and Write layers and la-
tent tokens sampling during training.

2. Related Work
Adaptive generators for inference budget control. Su-
pernetwork trains a single set of weights to support many
sub-networks, allowing test-time accuracy–efficiency trade-
offs [5, 62]. Other works train transformers with multiple
patchification sizes for variable compute budgets [1, 38].
[64] uses learnable routers to adjust network width and drop
tokens in MLPs. These methods differ in where adaptiv-
ity lives but share the goal of a single model that grace-
fully scales compute at inference time. Our method adopts
a simple variable-length latent interface, improving model
convergence and enabling control over the inference budget.
Token dropping for training speedup. Another di-
rection accelerates model training by skipping tokens.
MaskDiT [65] restructures DiTs as an encoder-decoder
model and randomly drops encoder input while using an
auxiliary reconstruction objective. MDTv2 [17] similarly
leverages masked latent modeling to train on partial inputs.
TREAD [33] randomly selects a set of tokens that skip com-
putation of all blocks from a predefined start to an end
DiT block index. However, due to the destructive nature
of token dropping, such methods typically rely on auxiliary
losses [65], full-token post-training [33, 65], and adopt full-
token inference [17, 33, 65], limiting acceleration during in-
ference. Our method speeds up convergence while enabling
control over inference budget by selecting variable amounts
of tokens, without applying auxiliary losses.
Latent interfaces. Latent tokens have been used as
compact representations in several architectures. Neu-
ral Turing Machines [18] employed them as memory,
while Perceiver [27] used cross-attention to condense high-
dimensional inputs. In generative models, RINs [26] and
FITs [12] introduced interleaved read/write operations for

4559



50 100 150 200 250 300

GFLOPs

25.0

27.5

30.0

32.5

35.0

37.5

40.0

42.5

45.0

F
D

D

ELIT-DiT

DiT

E
x
p
e
c
te

d
 Im

p
ro

v
e
m

e
n
t

M
a
t
c
h
in

g
P
e
r
fo

r
m

a
n
c
e

E
x
p
e
c
te

d
 Im

p
ro

v
e
m

e
n
t

P
e
r
fo

r
m

a
n
c
e
 G

a
p

Wasted Compute

Uniform

Compute
Allocation

Real

D
iT

A
ttention

D
ata

ELIT-D
iT

A
ttention

Synthetic ELIT-DiT Read Attention

Importance
Weighted

Read A
ttention

Input
Loss Value

Figure 2. Adaptive computation. We test whether DiT and ELIT-DiT can reallocate compute across image regions by training on
synthetic inputs formed by zero-padding real images, artificially increasing the token count (✁). We compare its performance to baselines
trained on real data using patch size 2→2 and patch size 1→1 (✂). Vanilla DiT does not improve: attention in zeroed regions targets
other zeroed regions (see “DiT Attention”), so extra tokens raise cost without benefits. In contrast, ELIT-DiT uses the Read layer to pull
informative spatial tokens into the latent interface (see “Read Attention”), effectively filtering out zeroed areas (see “ELIT-DiT Attention”).
Consequently, it leverages the larger token budget and matches the real-data baseline at equal FLOPs.

efficient high-dimensional synthesis, which was later scaled
to video generation [43]. Despite their efficiency, such de-
signs diverge from DiTs and often require specialized opti-
mizers (e.g., LAMB [61]). Similarly, TiTok [63] applied
latent tokens as bottlenecks in autoencoders, and recent
work extends this to variable-length token sets via tail drop-
ping [2, 32, 36, 58]. Our work brings variable-length latent
interfaces to generative models, integrating seamlessly into
DiTs with only lightweight Read and Write layers.

3. Method
We propose Elastic Latent Interface Transformer (ELIT)
(see Figure 3), a novel approach that enables flexible com-
pute allocation in DiT-like transformers. The core com-
ponent is a variable-length set of latent tokens—the latent
interface—where most transformer blocks operate. Two
lightweight cross-attention layers, Read and Write, pass in-
formation between domains: Read pulls content from spa-
tial tokens into the latent interface, prioritizing harder re-
gions, while Write broadcasts the updated latent state back
to the spatial domain. Unlike the spatial domain, where
model FLOPs are a fixed function of input resolution, the
latent interface is trained with random tail token dropping,
making it resizable. The length of this latent interface dur-
ing inference directly adjusts FLOPs for each model call.

Section 3.1 reviews Flow Matching, Section 3.2 presents
a motivating experiment, Section 3.3 details the architec-
ture, and Section 3.4 describes training and sampling.

3.1. Preliminaries: Flow Matching
We train our generators with the Rectified Flow (RF) vari-
ant of flow matching [37, 40], which learns a deterministic
velocity field connecting a noise distribution pn to the data

distribution pd. Let X1 ↑ pd and X0 ↑ pn = N (0, I). A
linear path is defined as Xt = (1↓t)X0+tX1, t ↔ [0, 1],
whose ground-truth velocity is constant along the path:
vt =

dXt
dt

=X1 ↓ X0. A neural network G(·) predicts the
velocity from a noised input and time and is optimized as:

LRF = Et→pt, X1→pd, X0→pn

∥∥G(Xt, t)↑ (X1 ↑X0)
∥∥2

2
, (1)

where pt is a logit-normal [15] training distribution over
t. At inference, samples are obtained by integrating the
learned ODE from X0 to X1 with a standard solver.

3.2. Uniform Spatial Computation in DiTs
Standard DiTs operate in the spatial domain where an input
Xt at time t is patchified by a linear projection layer into N
tokens and processed by B transformer blocks. Each block
output is connected to the previous block through a residual
connection at the same spatial location, maintaining a fixed
mapping between tokens s in intermediate blocks and cor-
responding spatial location of Xt. This results in a uniform
compute distribution across spatial locations in Xt.

We probe this behavior through an experiment presented
in Figure 2. We train DiT-B/2 (i.e., 2↗ 2 patchification)
and a corresponding DiT-B/1 (i.e., 1↗1 patchification) on
ImageNet-1k. As expected, performance improves in DiT-
B/1 due to the fourfold amount of tokens. We then introduce
a synthetic ImageNet-1k version by padding encoded im-
ages with zeros, yielding four times more tokens. We train
a DiT-B/2, named DiT-B/2-Synth, without loss on padded
regions. We also use absolute learnable positional encod-
ings to avoid bias toward zero patches. For evaluation, we
remove padded regions before decoding to recover real im-
age content. DiT-B/2-Synth matches the number of tokens
and FLOPs of DiT-B/1. Thus, if compute were used effec-
tively, it should match DiT-B/1 performance. Instead, as
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Figure 3. Architecture of ELIT. We extend a DiT-like generator with a variable-length set of latent tokens—the latent interface—and
lightweight Read/Write cross-attention layers. A short spatial DiT head processes patchified inputs; Read pulls information into the latent
domain where core blocks operate. Write broadcasts updated latents back to spatial tokens, and a small spatial tail produce output. Spatial
tokens and latents are partitioned into corresponding groups, with cross-attention operate only within groups. During training, we randomly
drop tail latents, yielding an importance-ordered interface. At inference, the number of latents serves as a user-controlled compute knob.

shown in Figure 2, DiT-B/2-Synth matches DiT-B/2 in FID,
indicating no benefit from the added compute.

Attention maps in Figure 2 reveal that in DiT-B/2-Synth,
zeroed tokens primarily attend to each other instead of im-
portant image regions, wasting compute. We conclude that
DiT cannot reallocate computation from easy to hard re-
gions. Such inefficiency likely also arises in natural images,
where spatial regions vary in difficulty (lower or higher
losses) and would benefit from compute redistribution.

3.3. Elastic Latent Interface Transformer
From spatial tokens to a variable latent interface. To
allow flexible distribution of computation in DiTs, we in-
troduce a minimal change that eliminates the fixed mapping
between tokens and image patches, as shown in Figure 3.
We create a latent domain by instantiating a latent interface
of K tokens. To map the original spatial domain to the new
latent domain, we use a lightweight Read cross-attention
layer, following [12], which enables the model to select the
number of latent tokens adaptively for each spatial region
of Xt, based on their difficulty. This forms a compact latent
domain on which most transformer blocks operate. Finally,
a lightweight Write cross-attention layer maps the latent up-
dates back to the spatial grid, allowing the model to write
predictions back to their locations and retain input details.
Architecture. Earlier work has shown that early and late
transformer blocks in diffusion models exhibit different spe-
cializations compared to the intermediate blocks [10, 11,
55]. Therefore, we split transformer blocks into three seg-
ments:

1. Short spatial head (Bin blocks). Processes input to-
kens s↔RN→d to produce a refined spatial represen-
tation which is transferred to the latent interface. This
avoids reading from raw noisy patches.

2. Latent core (Bcore blocks). Variable-length latent se-
quence l ↔ RK→d drives most computation. We insert
a Read layer R that pulls information from spatial to-

kens into l, then process l with standard transformer
blocks in the latent domain, and finally insert a Write
layer W that broadcasts updated latent information
back to the spatial domain.

3. Short spatial tail (Bout blocks). A few blocks com-
plete processing the written features and project them
to the output velocity. This head restores fine spatial
detail, noise information, and aligns features to the
prediction space of v̂.

Read and Write layers. Let s ↔ RN→d be the current spa-
tial tokens after the spatial head and l ↔ RK→d a learnable
set of initial latent tokens. The Read layer updates the latent
interface via cross-attention from spatial tokens, producing
output latents lO ↔ RK→d as follows:

lCA = l +CA
(
Queries = l; Keys,Values = s

)
,

lO = lCA +MLP(lCA).
(2)

Conversely, the Write layer updates the spatial representa-
tion with the results of latent computations, producing up-
dated spatial tokens sO ↔ RN→d and is fully symmetric.
We adopt pre-norm, and use adaLN-Zero [45] modulation
for Read to keep the interface timestep-aware. To improve
stability, we apply QK normalization inside cross-attention
operations. No hidden dimensionality expansion is applied
to the MLP blocks to reduce the computational overhead.
Grouped cross-attention. To reduce the cost of Read
and Write operations, we partition spatial tokens into G
non-overlapping groups (e.g., a regular 2D/3D grid for
images/videos), and latents are partitioned accordingly in
groups of J = K/G latent tokens each. Latents are initial-
ized from a set of learnable positional embeddings, which
is reused across groups and encodes positional informa-
tion within each group. This removes any dependency on
a fixed input resolution: increasing spatial resolution mod-
ifies G and N , but not the number of learnable latents
J . Cross attention operations attend within correspond-
ing groups only. This turns the cross-attention cost from

4561



Model Params
ImageNet 256→256 ImageNet 512→512

TF FID50K ↓ FDD50K ↓ IS↔ TF FID50K ↓ FDD50K ↓ IS↔
@256 –G +G –G +G –G +G @512 –G +G –G +G –G +G

DiT-XL 675M 182 13.0 5.7 346.3 232.9 66.2 115.3 806 18.8 9.5 339.2 233.6 53.0 86.4
↭ ELIT 698M 188 8.2 3.8 200.2 124.5 93.0 160.1 831 11.1 4.9 175.6 106.1 80.0 134.1
↭ MB 698M 190 7.8-40% 3.8-33% 203.7-41% 128.6-45% 99.0+50% 167.6+45% 804 10.1-46% 4.5-53% 164.1-52% 98.2-58% 88.8+68% 147.0+70%

UViT-XL 707M 196 8.3 3.8 220.2 138.0 84.4 145.1 861 11.6 5.3 202.7 125.9 72.5 117.2
↭ ELIT 730M 202 7.5 3.8 203.8 130.0 95.2 159.7 886 8.9 4.2 155.3 94.9 85.8 141.0
↭ MB 730M 204 7.1-14% 3.7-3% 203.2-8% 130.6-5% 100.3+19% 168.2+16% 858 7.7-34% 3.8-28% 135.8-33% 83.1-34% 98.0+35% 159.3+36%

HDiT-XL 1.4B 182 12.8 5.6 361.6 247.0 68.7 119.7 776 13.0 6.0 260.3 170.5 69.4 114.2
↭ ELIT 1.4B 188 9.4 4.6 272.2 184.4 89.5 150.2 801 10.1 4.6 164.1 112.0 88.8 141.0
↭ MB 1.4B 191 9.4-27% 4.6-18% 271.8-25% 185.0-25% 92.3+34% 155.7+30% 791 9.6-26% 4.6-23% 171.2-34% 106.8-37% 94.7+36% 154.6+35%

Table 1. Comparative performance on ImageNet-1K at 256px and 512px resolutions. We evaluate FID↓, FDD↓, and IS↔ without (–G)
and with 0.25 CFG (+G). TFLOPs (TF) indicate single training iteration TFLOPs. Superscripts show percentage of improvement of ELIT
MultiBudget (MB) relative to the baseline.

(I) ImageNet-1k 256px (II) ImageNet-1k 512px

Figure 4. Training convergence. ELIT-DiT significantly ac-
celerates convergence, achieving 3.3→ speedup on ImageNet-1K
256px and 4.0→ on ImageNet-1K 512px.

O(NK) into O(NK/G) [12].

3.4. Elastic Computation with ELIT
Spatial compute redistribution. When integrated with
DiT (ELIT-DiT), our architecture enables spatial compute
redistribution. In the synthetic dataset experiment described
in Section 3.2, ELIT-DiT-B/2-Synth repurposes the com-
pute from zeroed regions to enhance generation in real re-
gions, matching the quality of the baseline trained only on
the original ImageNet-1k with equivalent compute(ELIT-
DiT-B/1) (see Figure 2). Attention maps of the read opera-
tions averaged over all latent tokens confirm this behavior,
showing that ELIT-DiT builds its latent representation by
focusing on the most informative spatial regions with the
highest flow-matching loss.
Multi-budget elastic latent interface. We aim to build a
multi-budget model that supports variable inference bud-
gets. Since each latent token summarizes its group infor-
mation via the read operation, a subset of tokens can still
predict for the entire group, enabling budget-adaptive in-
ference. Thus, we train an importance-ordered latent inter-
face, where earlier tokens within each group capture glob-
ally useful information and later tokens refine details, so

that any prefix of J̃ <=J tokens of the group tokens yields
a valid interface associated with reduced computation (see
Appendix Section K). We enforce this with a simple ran-
dom prefix-keeping scheme as in [48]. At training time, we
randomly sample J̃ ↑Uniform{Jmin, . . . , Jmax} once per
training iteration, defining the training budget for the cur-
rent iteration. The same value of J̃ is used across all groups.
In every Read/Write and latent-core block, we keep only
the first J̃ latents of each group and drop the subsequent
tail. This process creates a consistent hierarchy where head
latents are seen (and trained on) more often, forcing the
model into storing the most important information in ear-
lier latents. The generator is trained end-to-end only with
the standard RF loss in Equation (1).

Asymmetric compute for improved guidance. Classifier-
free guidance (CFG) [22] is a cornerstone technique in dif-
fusion model sampling. Given a conditioning signal c and
guidance scale ω, CFG redefines the velocity prediction
v̂CFG = (ω+1)G(Xt | c)↓ωG(Xt | ↘). While improving
the quality, this comes at the cost of duplicating the number
of model invocations. Recently, AutoGuidance (AG) [30]
was proposed to improve guidance by replacing the uncon-
ditional model with a weak version of itself. While pro-
ducing consistent improvements, it relies on the availability
of a weaker model version, ideally producing artifacts that
are similar to the main model [9]. Weak models are sep-
arately trained or obtained through handcrafted model cor-
ruptions [9, 23, 25]. However, in our multi-budget frame-
work, such model is natively available by varying the infer-
ence budget defined by J̃ . Thus, we evaluate the main term
with budget J̃ and the guidance term with a smaller bud-
get J̃w ≃ J̃ . We find, however, that AG degrades metrics
that reward class alignment, such as Inception Score. We
thus opt to drop the class condition from the guidance term,
combining the power of AG and CFG, and name the re-
sulting guidance mechanism cheap classifier-free guidance
(CCFG). The guidance mechanisms are defined as:
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v̂AG = (ω+ 1)G
(
Xt | c; J̃

)
↑ ωG

(
Xt | c; J̃w

)
,

v̂CCFG = (ω+ 1)G
(
Xt | c; J̃

)
↑ ωG

(
Xt | ↗; J̃w

)
.

(3)

This results in both improved quality and a reduced cost
without any retraining or handcrafted model corruptions.

4. Experiments
4.1. Experimental setup
We demonstrate ELIT’s broad applicability by evaluating
it on several popular diffusion backbones: DiT [45], U-
ViT [3], and HDiT [13]. To ensure a fair comparison
and evaluate architectural advantages in isolation, all base-
lines are built with the same base transformer blocks, adopt
the same RF framework, and have similar train compute.
Furthermore, we integrate several improvements across all
baselines, including RoPE [51], and QK normalization [15].
Training details. We perform conditional image and video
generation on ImageNet-1k [14] and Kinetics-700 [6], re-
spectively. We train on 256px and 512px resolutions for
ImageNet-1k experiments and use 29 frames, at 24 fps and
256px resolution for Kinetics-700. We use the FLUX [34]
autoencoder for images and the CogVideo [60] autoencoder
for videos. Main experiments are based on DiT-XL/2, while
ablation studies use a DiT-B/2 model. Unless noted, we use
a batch size of 256, learning rate 1↗10

↑4 with 10k warmup
steps, gradient clipping at 1.0, Adam [31], and EMA with
ε = 0.9999. Image experiments are trained for 500k steps,
while video experiments are trained for 200k steps.
Evaluation metrics and protocol. We follow the evalu-
ation protocol of [20]. For images, we report FID [21],
FDD (Fréchet Distance on DINOv2 [44] features), and In-
ception Score (IS) [50]. For video, we report FID, FDD,
and FVD [52]. Statistics are computed over 50k samples
for main image experiments, while 10k samples are used
for all other experiments. We use an Euler sampler with 40
steps unless otherwise noted. We use FLOPs to measure the
amount of computation in all experiments and show in Ap-
pendix the relationship between FLOPs and forward time.

4.2. Comparison to baselines
Baseline selection and details. We use DiT [45] as a
base architecture for our experiments and consider two vari-
ants: U-ViT and HDiT. U-ViT [3] adds long skip connec-
tions akin to U-Net [49]. We add ELIT read/write oper-
ations while keeping the U-ViT design untouched to ob-
tain ELIT-U-ViT. HDiT [13] reduces tokens in intermedi-
ate blocks via PixelUnshuffle/PixelShuffle. We use a single
2↗2 down-/up-sampling operation at blocks 8 and 20, re-
spectively and double the bottleneck hidden dimensionality
to match vanilla DiT FLOPs at the cost of an increased pa-
rameter count. We apply ELIT read/write operations and

Figure 5. Guidance strategies. ELIT enables autoguidance out
of the box by providing a well-aligned weaker model that runs at
↘ 35% of the cost for the unconditional path. When paired with
classifier-free guidance (CFG), denoted as cheap CFG (CCFG), it
reduces overall generation cost by ↘ 33% while improving qual-
ity. Compared to DiT, ELIT-DiT achieves a 19% better best FID.

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

DiT ELIT-DiT
CCFGAGCFGCFG

1024 Tokens1024 Tokens 1024 Tokens 1024 Tokens 768 Tokens 512 Tokens 256 Tokens

Figure 6. Qualitative assessment of ELIT on ImageNet-1K
512px. We compare DiT against ELIT-DiT and ablate over dif-
ferent guidance settings and number of latent tokens. ELIT im-
proves structural details while allowing per-step selection of infer-
ence budget through token dropping and giving access to autoguid-
ance (AG) and cheap classifier free guidance (CFG) for improved
sampling quality and cost. See results in Appendix Section L.

apply group-wise downsampling in the latent space to ob-
tain ELIT-HDiT. More details are in Appendix Section B.
Image generation. To disentangle the effect of dynamic
compute redistribution from multi-budget training, we eval-
uate two variants for each baseline: ELIT, trained with a
single budget matching the baselines configurations, and
ELIT-MB, trained in a multi-budget setup following the
tail-token dropping strategy from Section 3.4. This yields
60 budgets at 512px and 16 budgets at 256px. To account
for the compute saved at shorter token lengths, we increase
the batch size to 384, keeping training FLOPs comparable.
We report per-iteration FLOPs for all baselines.

As shown in Table 1, ELIT, despite its simplicity, im-
proves over all baselines under similar training FLOPs. In
the multi-budget setting, ELIT-MB delivers further gains,
achieving sizable improvements over DiT, U-ViT, and
HDiT across all metrics, with FID reductions of 40%, 14%,
and 27%, respectively. We attribute these extra gains to the
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Figure 7. ELIT improves over DiT across model sizes.
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Figure 8. Compute-quality
tradeoff. Varying inference
budget in ELIT-DiT give bet-
ter quality–compute tradeoff
than reducing sampling steps.

Figure 9. TeaCache. ELIT
benefits from TeaCache simi-
larly to DiT, yielding compa-
rable improvements at differ-
ent inference FLOPs.

importance ordering, which leads to better token semantics
while benefiting from the larger effective batch size. The
improvements are even more pronounced at 512px, where
FID decreases by 53%, 28%, and 23% for DiT, U-ViT, and
HDiT, respectively, suggesting that our method scales fa-
vorably with higher resolution, where pixel redundancy is
greater and dynamic compute redistribution is more benefi-
cial. We report in Figure 4 the convergence speed of ELIT-
DiT relative to DiT at both resolutions, showing faster con-
vergence. Figure 5 compares performance across CFG val-
ues and confirms the advantage of our method under the op-
timal CFG scale. Finally, Figure 6 shows qualitatively the
improvements of our method over DiT. More qualitative ex-
amples are provided in Appendix Section L.
Video generation. We validate the performance of ELIT
in class-conditional video generation and report the results
in Table 2 where we apply grouping of spatial and latent
tokens in the frame and temporal dimension. ELIT-DiT
shows favorable results over DiT across all metrics.
Scaling across model sizes. We evaluate ELIT across
model sizes from DiT-S/4 to DiT-XL/2 in Figure 7. ELIT
outperforms DiT at every scale. Gains are larger for bigger
models, while the relative overhead decreases, suggesting
that ELIT is particularly well-suited for large-scale models.

4.3. Elastic Inference Capabilities
We analyze the ability of the model to perform inference at
varied budgets using the number of retained latent tokens

Baseline FDD10K ↓ FID10K ↓ FVD10K ↓

–G +G –G +G –G +G

DiT-XL 371.5 309.1 14.0 11.3 135.9 100.5
↭ ELIT 277.4 222.0 13.3 10.7 116.5 90.5

Table 2. Comparative performance on Kinetics-700 256px. We
report metrics without (–G) and with 0.25 CFG (+G).

Model Tokens FLOPs Entity Relation Attribute Other Global Avg.

Qwen-Image 1→ 90.51 92.21 91.03 91.34 91.70 91.27
ELIT-Qwen-Image:
↭100% Tokens 4096 0.688→ 90.30 92.18 88.97 90.34 89.18 90.45
↭50% Tokens 2048 0.494→ 90.15 89.94 89.05 90.09 89.06 89.81
↭25% Tokens 1024 0.409→ 89.31 91.87 89.71 88.28 84.79 89.79
↭12.5% Tokens 512 0.369→ 91.20 90.35 88.77 89.94 79.84 88.02

Table 3. Qwen-Image evaluation on DPG-Bench. Results are re-
ported with different inference budgets.

per group J̃ after dropping as a knob to control the budget.
Sampling steps trade-off. We compare our approach for
controlling inference compute against naively lowering the
sampling steps. As shown in Figure 8, our method deliv-
ers a superior compute–quality trade-off to varying the step
count. Notably, for each FLOP target, the optimal com-
bination of number of steps and tokens count varies, un-
derscoring the value of models that support a continuum of
inference budgets. We also demonstrate compatibility with
TeaCache [39] in Figure 9, where our method attains gains
comparable to the baseline when TeaCache is applied.
Efficient model guidance. In Figure 5, we compare
classifier-free guidance (CFG) with autoguidance (AG) and
cheap classifier-free guidance (CCFG). Figure 6 and Ap-
pendix Section L, show qualitative examples of such guid-
ance strategies. AG achieves comparable performance to
CFG while using → 33% fewer FLOPs. Combining AG
with CFG by dropping the class condition in the guidance
term (i.e. CCFG) gives the best results in all metrics and
delivers the same → 33% inference speedup.

4.4. Large Scale Multi-Budget Model
We evaluate the applicability of ELIT to large-scale gen-
erative models by applying it on top of Qwen-Image [56],
which is based on a 20B MM-DiT backbone. We insert the
Read and Write layers respectively after block 8 and 52.
Due to the asymmetric nature of MM-DiTs and small num-
ber of text tokens (→ 300 on average) versus 4096 image
tokens at 1024px, we apply ELIT to the large image tokens
stream only. Rather than outperforming the original model,
a task which would require access to large-scale curated
image datasets and post-training procedures matching the
original ones [56], the experiment aims to demonstrate that
ELIT enables stable training and multi-budget inference for
large-scale MM-DiT at high resolution. Therefore, we fine-
tune from Qwen-Image in a distillation setting. Specifically,
we fine-tune for 60k steps at 512px resolution, using a com-
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(a) Group Size Ablation

Group Size Groups FID10K↑ FDD10K↑ IS↓

ImageNet-1K 256px (16→16 tokens)
1→1 256 29.94 638.8 38.39
2→2 64 25.48 546.8 45.66
4→4 16 26.53 531.8 45.95
8→8 4 27.73 552.5 44.64

16→16 1 30.03 599.1 43.44

Group Size Groups FID10K↑ FDD10K↑ IS↓

ImageNet-1K 512px (32→32 tokens)
1→1 1024 41.67 701.6 27.23
2→2 256 34.50 604.0 33.99
4→4 64 31.60 540.1 37.85
8→8 16 30.86 524.6 39.48

16→16 4 31.93 545.7 38.24

(b) Blocks Allocation Ablation

Block Alloc. FID10K↑ FDD10K↑ IS↓

DiT-B/2
0-12-0 33.84 706.4 34.49
1-10-1 28.55 557.5 41.82
2-8-2 26.53 531.8 45.95
3-6-3 25.37 531.0 46.19
4-4-4 25.34 560.1 46.40
5-2-5 26.95 612.1 43.15

DiT-XL/2
0-28-0 13.53 333.2 76.07
2-24-2 12.33 239.9 86.87
4-20-4 11.14 229.6 93.20
6-16-6 10.84 234.8 93.59
8-12-8 10.44 237.3 95.16

10-8-10 10.80 250.1 90.11

(c) Variable Budget Strategy

Model FID10K↑ FDD10K↑ IS↓

DiT 39.0 779.3 29.2
↭ DiT + var. patch size 57.36 991.2 20.34
↭ 25% Tokens 85.25 1181.9 13.06

ELIT-DiT + rand. drop 27.0 540.1 46.3
↭ 25% Tokens 38.6 718.0 34.5

ELIT-DiT + tail drop 26.6 536.8 47.2
↭ 25% Tokens 36.3 682.1 36.4

(d) Batching Strategy

Model FID10K↑ FDD10K↑ IS↓

(i) variable batch size 26.15 537.07 48.45
(ii) constant batch size 26.65 536.83 47.18

Table 4. Ablations. (a) Read/Write group size. (b) Blocks allocation to head-latent core-tail blocks. (c) Strategies for achieving variable
budget inference. (d) Batching strategy for multibudget training.

bination of RF loss and a distillation loss scaled to a similar
magnitude. We then fine-tune for an additional 60k steps at
1024px. We train on real images and synthetic ones gener-
ated from FLUX.1-Schnell [34] and SDXL [47].

We perform inference using the Euler sampler with 40
steps and CFG of 5.0 for the original method, while we
use the faster CCFG with same weight for ELIT-Qwen-
Image. Additional details are reported in Appendix Sec-
tion L. Figure 1 and Appendix Figure 19 show qualitative re-
sults, where ELIT-Qwen-Image cuts sampling FLOPs by up
to 63%, achieving → 2.7↗ speedup while gracefully trad-
ing off speed for quality. On DPG-Bench [24], it maintains
strong performance across different inference budgets, with
the average score ranging from 90.45 to 88.02 at the lowest
budget. We include original Qwen-Image results using the
same sampling parameters for completeness. With respect
to the original Qwen-Image, we observe an initial score gap
of 0.82 average score points in our model.

4.5. Ablations
Group sizes. The latent group size controls how flexi-
bly the interface can attend over spatial tokens, with larger
groups enabling more opportunities for non-uniform com-
pute. As shown in Table 4 (a), dividing the image into 16
groups performs best across 256px and 512px resolutions.
Groups of 1↗1 force a rigid one-to-one, spatially aligned
mapping, while 16↗16 spans the full 256px image and un-
derperforms. We hypothesize that using > 1 groups pro-
vides useful coarse spatial regularization, while still permit-
ting intra-group compute redistribution.
Blocks allocation. We vary (Bin, Bcore, Bout) for DiT-B/2
and DiT-XL/2 in Table 4 (b) (i.e., the head, latent core, and
tail blocks count). Optimal results occur when → 67% and
→71% of blocks are in the latent core, respectively for DiT-
B and DiT-XL, with the rest split between head and tail. We
use 4↓20↓4 for main experiments on DiT-XL.

Alternative variable-budget strategies. We evaluate other
approaches for variable-budget inference in Table 4 (c).
Following Anagnostidis et al. [1], Liu et al. [38], we train
a DiT with two patchification layers (2↗2 and 4↗4) sam-
pled uniformly during training, and set the batch size to 48
to match the baseline’s training FLOPs. In our experiments,
this multi-patchification setup underperforms the standard
DiT. We also replace tail-dropping strategy with random to-
ken dropping and observe a consistent performance drop.
Training Strategy. At each training step, we sample a com-
pute budget by choosing the number of latent tokens per
group, yielding variable FLOPs, which is lower on average
than the baseline. To match baseline compute, we compare
two strategies: (i) variable batch size scaled with lower bud-
get, (ii) a constant batch size chosen to match baseline com-
pute in expectation. As shown in Table 4 (d), both behave
similarly, so we use the simpler constant batch size option.

5. Discussion

ELIT introduces a minimal framework that improves com-
pute allocation in DiTs via lightweight Read/Write lay-
ers, enabling flexible compute budgets. It consistently im-
proves image and video generation quality across architec-
tures (DiT, U-ViT, HDiT) and resolutions, while enabling
efficient compute–quality trade-offs. However, large-scale,
from-scratch training benefits remain unverified. Moreover,
the proposed CCFG tends to saturate images faster than
CFG. Future work can explore training and inference bud-
get schedulers that allocate different budgets across sam-
pling steps, following prior evidence that early sampling
steps require less compute [1, 29].
Acknowledgments. V.O. was partially funded by a gift
from Snap Research, funding from the Ken Kennedy Insti-
tute at Rice University and NSF Award #2201710.
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