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Abstract

Diffusion Transformers (DiTs) deliver state-of-the-art image quality, yet their
training remains notoriously slow. A recent remedy—representation alignment
(REPA) that matches DiT hidden features to those of a non-generative teacher
(e.g., DINO)—dramatically accelerates the early epochs but plateaus or even
degrades performance later. We trace this failure to the capacity mismatch: once
the generative student begins modeling the joint data distribution, the teacher’s
lower-dimensional embeddings and attention patterns become a straitjacket rather
than a guide. We then introduce HASTE (Holistic Alignment with Stage-wise
Termination for Efficient training), a two-phase schedule that keeps the help and
drops the hindrance. Phase I applies a holistic alignment loss that simultaneously
distills attention maps (relational priors) and feature projections (semantic anchors)
from the teacher into mid-level layers of the DiT, yielding rapid convergence.
Phase II then performs one-shot termination that deactivates the alignment loss,
once a simple trigger such as a fixed iteration is hit, freeing the DiT to focus on
denoising and exploit its generative capacity. HASTE speeds up training of diverse
DiTs without architecture changes. On ImageNet 256×256, it reaches the vanilla
SiT-XL/2 baseline FID in 50 epochs and matches REPA’s best FID in 500 epochs,
amounting to a 28× reduction in optimization steps. HASTE also improves text
-to-image DiTs on MS-COCO, proving to be a simple yet principled recipe for
efficient diffusion training across various tasks. Our code is available here.

1 Introduction

Diffusion Transformers (DiTs) are stunningly good—and stunningly slow. Recent variants such
as DiT [37] and SiT [34] achieve state-of-the-art visual fidelity across a growing list of generative
tasks [8, 29, 2, 9]. Unfortunately, their training incurs vast compute and wall-clock budgets because
each update must back-propagate through hundreds of noisy denoising steps. A first wave of
accelerators tackles this either by architectural surgery—linearized attention, masking or gating [56,
53, 12, 54, 26]—or by training heuristics, e.g. importance re-weighting of timesteps [49]. These
interventions help, but often at the cost of specialized kernels or fragile hyper-parameter tuning.

Representation alignment: early rocket, late parachute? Recent work has demonstrated the
effectiveness of leveraging external representations to accelerate diffusion model training—completely
sidestepping the need for architectural modifications [55, 53, 45, 30]. A representative method,
Representation Alignment (REPA) [55], projects an intermediate DiT feature map onto the embedding
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space of a powerful non-generative vision encoder such as DINOv2 [36], enforcing a cosine-
similarity loss that bootstraps useful semantics during training. The gain is immediate: the student
DiT latches onto global object structure and converges several times faster than a vanilla run. Yet
REPA’s help is not unconditional. Figure 1 removes the alignment loss after either 100K or 400K
iterations. Stopping late (400K) improves FID over the always-on baseline; stopping early (100K)
hurts—evidence that REPA works until it doesn’t. Why?
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Figure 1: Training SiT-XL/2 on ImageNet
256×256. Adding REPA slashes FID early
on, but its benefit fades and ultimately re-
verses; dropping the alignment loss mid-
training restores progress.

Our Conjecture: Capacity mismatch incurs the
hidden turning point. Diffusion models eventu-
ally model the joint data distribution, a harder ob-
jective than the marginal/conditional targets implicit
in a frozen, non-generative encoder. Consequently,
once the student has burned in, its own capacity over-
takes the teacher’s. Our gradient-angle analysis (Sec-
tion 2.2) shows alignment and denoising objectives
start aligned (acute angles), drift to orthogonality,
then turn obtuse—signalling that continued align-
ment may become a harmful constraint.

Simple Remedy: Holistic alignment, then release.
Two observations motivate our remedy. First, the
teacher’s attention maps encode relational priors that
are as valuable as its embeddings [31, 20]; guiding
only features leaves this structural knowledge untapped. Second, the alignment needs a stage-wise
schedule: thick guidance early, zero guidance once gradients diverge. We therefore introduce HASTE
(Holistic Alignment with Stage-wise Termination for Efficient training). During Phase I we distill
both projected features and mid-layer attention maps from DINOv2 into the DiT, giving the student
relational and semantic shortcuts. Once a simple trigger (e.g., fixed iteration) is hit, we enter Phase II:
the alignment loss is disabled and training proceeds with the vanilla denoising objective. The recipe
is two lines of code, no kernel changes.

Contribution Summary. Our findings refine the community’s understanding of external representa-
tion guidance: it is immensely helpful early, but must be let go for the generative model to focus on
specific tasks. We outline our contributions as follows.

• Diagnosis. We identify a capacity mismatch that flips REPA from accelerator to brake and
quantify it via gradient-direction similarity.

• Method. We propose holistic (attention + feature) alignment combined with a stage-wise
termination switch that deactivates alignment when it starts to impede learning.

• Results. On ImageNet 256×256 our schedule matches vanilla SiT-XL/2 in 50 epochs,
amounting to a 28× speed-up, and reaches REPA’s best score in 500 epochs. Gains replicate
on COCO text-to-image generation task.
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Figure 2: Overview of our framework. Phase
I (left) distills both feature embeddings and
attention maps from a frozen, non-generative
teacher (DINOv2) into mid-level layers of the
student DiT. When a simple trigger � fires, the
alignment loss is disabled; Phase II (right)
then continues training with pure denoising.

Our framework, HASTE, couples two ingredients
(see Figure 2): (i) Holistic alignment: a dual-
channel distillation that supervises both projected
features and attention maps; (ii) Stage-wise termi-
nation: a single switch that turns the alignment loss
off once it ceases to help. We first recap REPA and
attention alignment, then describe how we marry
them and when we shut them off.
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2.1 Preliminaries

Notation. Let x be a clean image,~x t its noised version at timestept, andh t the hidden state of a
Diffusion TransformerG� . A frozen, non-generative vision encoderE (DINOv2) produces patch
embeddings y = E(x) and self-attention matrices AE .

Representation alignment (REPA). A small MLPg� projectsh t into the encoder space. REPA [55]
then aligns the projected state g� (h t ) with y by maximizing token-wise cosine similarities:

L REPA(�; �) = �E x;�;t
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This regularization is jointly optimized with the original denoising objective, to guide the more
ef�cient training of diffusion transformers.

Attention alignment (ATTA). ATTA aims to transfer attention patterns from a pre-trained teacher
model to a student model to guide the latter's training process [31]. For selected layers/heads(i; j)
we minimize token-wise cross-entropy between teacher and student attention.

2.2 Early Stop of Representation Alignment

Gradient–based autopsy reveals state evolution. Figure 1 already hinted that REPA's bene�t peaks
early and tapers off. To pinpoint when the auxiliary loss �ips from help to hindrance, we inspect the
cosine similarity

� t = cos
�
r � L diff ; r � L REPA

�
2 [�1; 1];

computed on the8th block of SiT–XL/2 (the alignment depth used by REPA) over960ImageNet
images (see details in Appendix A.1). A positive� t means the teacher pushes the student in roughly
the same direction as denoising; negative one means the two losses actively �ght.

Taking t � 0:1 for example, Figure 3 shows three distinct regimes:

1. Ignition (0–200 K iterations):� t starts with a relatively high level — REPA adds power;
diffusion transformer pro�ts from the teacher's guidance on representation learning.

2. Plateau (200 K–400 K iterations):� t decreases to nearly orthogonal level — objectives
decouple; further REPA updates neither help nor hurt.

3. Con�ict (>400 K iterations):� t exhibits negative values — gradients oppose; REPA now
erases detail the student tries to learn.

Figure 3: Cosine similarity between REPA and de-
noising gradients. Acute! orthogonal! obtuse:
the auxiliary signal turns from booster to brake.

The cross–over coincides with the iteration
where Figure 1 shows FID curves diverging,
con�rming that gradient geometry is a faithful
early-warning signal.

Why does con�ict arise? Capacity–mismatch
view. Once the student starts modeling the joint
data distribution, it seeks high-frequency detail
absent from the teacher's embeddings. A frozen
encoder trained for invariant recognition discards such minutiae by design; forcing the student back
into that lower-dimensional manifold yields destructive gradients. We see the same mismatch at the
level of diffusion timesteps.

Figure 4: Gradient similarity as function of diffu-
sion timestept. At t=0:1 (high-detail phase) the
two losses already con�ict even early in training.

Figure 4 plots� t versus the diffusion time index.
For mid-noise steps (e.g.,t = 0:5 ) where the
image is still blurry, gradients align. For late
steps (t � 0:1 )—responsible for textures and
�ne grain [23]—they are near-orthogonal from
the start. This indicates that teacher guidance
is intrinsically global; when the denoiser must
polish pixels, the encoder has little to teach.
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We sharpen this claim by feeding the teacher low-frequency only versions of each image (Figure 5).
Early FID improves almost identically to vanilla REPA, proving that the speed-up stems from coarse
semantic scaffolding; high-frequency cues are less relevant to REPA's bene�t.

Figure 5: Replacing teacher inputs with low-pass
images leaves REPA's early gain intact: evidence that
the auxiliary loss transmits mainly global structure.
We train SiT-L/2 for 200K iterations.

Take-away. REPA supplies valuable global
context but obstructs local detail once the stu-
dent matures. Hence, alignment should be
transient for further improvement.

Fix: Stage-wise termination. Let� denote
the termination iteration around which� t ex-
hibits low similarity and the alignment pro-
vides limited bene�t. We then discard the
auxiliary alignment loss:

L(�; �) =

(
L diff + L R ; n < �;

L diff ; n � �;
(2)

whereL R may itself be the holistic combo
of feature (Section 2.1) and attention (Sec-
tion 2.3) losses. A �xed� works reliably well, but the gradient rule adds robustness (Appendix A.2).

(a) Visualization of attention maps from DINOv2-B
and SiT-XL/2+REPA at different training iterations.

(b) Attention alignment
progress with REPA alone.

(c) Feature alignment
progress with ATTA alone.

Figure 6: Evaluating cross-effects between feature and attention alignment. (a) Attention map
visualization of selected tokens for SiT-XL/2+REPA and DINOv2-B. (b) Alignment depth at 5, we
track attention map cross-entropy between the 12th-layer of DINOv2-B and the 5th-layer of SiT-B/2.
(c) Attention maps from 3rd–5th layers of SiT-B/2 are aligned with those from 8th, 10th, and 12th
layer of DINOv2-B. Since ATTA alone does not optimize the projector, we directly compute cosine
similarity between the DINOv2-B features and the 5th-layer hidden states of SiT (without projection).

2.3 Holistic Alignment by Integration Attention

Rationale: Why attending to attention? Compared with token embeddings, self–attention matrices
reveal where a transformer routes information at each layer—its “inference pathways” in the sense of
Hoang et al.[20]. These pathways encode rich relational priors: object–part grouping, long–range
symmetry, and background–foreground segregation emerge as distinct heads in DINOv2, even though
the model was trained without labels. Critically, such routing information is orthogonal to the static
content captured by features: two models can share identical patch embeddings but attend to them in
entirely different patterns, leading to divergent downstream behavior.

Recent evidence echoes: Li et al.[31] show that distilling only attention maps from a high-capacity
teacher to a randomly initialized ViT is more effective than transferring only embeddings, in recover-
ing the teacher's linear probe precision on ImageNet. The asymmetry suggests that attention acts as a
structural prior: once the model is taught how to look, it can relearn what to look at rapidly.

For diffusion transformers, they must integrate global spatial cues (layout, object boundaries) across
hundreds of tokens for effective representation construction. While feature alignment (REPA)
accelerates the learning process by injecting semantic anchors, the structural knowledge remains
underexploited. Attention alignment targets the complementary regime: it transfers the global routing
template to DiT, thereby enabling precise spatial and global information guidance.
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