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Abstract

Diffusion models can be improved with additional guidance towards more effective
representations of input. Indeed, prior empirical work has already shown that
aligning internal representations of the diffusion model with those of pre-trained
models improves generation quality. In this paper, we present a systematic frame-
work for incorporating representation guidance into diffusion models. We provide
alternative decompositions of denoising models along with their associated training
criteria, where the decompositions determine when and how the auxiliary represen-
tations are incorporated. Guided by our theoretical insights, we introduce two new
strategies for enhancing representation alignment in diffusion models. First, we
pair examples with target representations either derived from themselves or arisen
from different synthetic modalities, and subsequently learn a joint model over the
multimodal pairs. Second, we design an optimal training curriculum that balances
representation learning and data generation. Our experiments across image, protein
sequence, and molecule generation tasks demonstrate superior performance as well
as accelerated training. In particular, on the class-conditional ImageNet 256× 256
benchmark, our guidance results in 23.3 times faster training than the original
SiT-XL as well as four times speedup over the state-of-the-art method REPA [61].

1 Introduction

Figure 1: REED achieves superior performance and accelerated train-
ing on image generation and protein inverse folding.

Diffusion models [20, 50]
have achieved significant
empirical success across im-
ages, videos, audio, and
biomolecules [46, 6, 44, 37,
1, 56]. While their pri-
mary objective is to model
the data distribution, recent
work [10, 32, 58] show that
diffusion models implicitly
learn some discriminative
features in their latent rep-
resentations. Nevertheless,
the learned representations still fall behind those of pretrained representation learning models, which
potentially limits the performance of generative modeling. Consequently, integrating high-quality
representations obtained from other pretraining tasks such as Self-supervised Learning (SSL) unlocks
additional possibilities to improve diffusion training. Representations can be integrated through
flexible designs, for example, via conditioning [34, 35] or alignment [61]. Specifically, RCG [34]
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trains a generative model to produce semantic representations from a self-supervised encoder and
conditions image generation on these representations, while REPA [61] aligns diffusion model hidden
states with clean representations from pretrained encoders. Despite the empirical effectiveness of
these methods, there is a lack of systematic understanding of the role of representation learning in
training diffusion models.

In this paper, we present a theoretical framework to analyze how high-quality, pretrained represen-
tations can enhance diffusion model training. Building on the DDPM [20] framework, we derive a
variational bound on the negative log-likelihood that incorporates the pretrained representations to
guide the generation through a probabilistic decomposition of the joint distribution and a weighted
aggregation process. This leads to two key components: representation modeling, which promotes ex-
tracting representations from noisy input, and data generation, which fuses representation-conditioned
and unconditional generation into a hybrid model governed by a weight schedule (Section 2.1). The
framework generalizes to multi-latent structures, enabling integration of diverse representations
(Section 2.2). Our unified perspective subsumes existing approaches like REPA [61] and RCG [34],
offering theoretical insight into representation-enhanced diffusion models. In particular, REPA
emerges as a special case with a linear weight aggregation schedule and a single latent, where the
output of the hybrid model is approximated by conditioning solely on representations extracted from
noisy inputs to mitigate the training-inference gap (Section 2.3). We also provide a TV distance error
bound for the sample distribution of representation-aligned diffusion models (Appendix C.2).

Built on the theoretical insights, our general framework allows for a much broader design space
for exploiting representation alignment [61] in diffusion models. In particular, we demonstrate the
effectiveness of two novel strategies, designated as REED (Representation-Enhanced Elucidation
of Diffusion). First, we argue that diffusion models can profit from diverse representation sources,
hence we incorporate multi-latent representations from different modalities to provide complementary
information. Our new multimodal alignment scheme uses synthetic paired data and multimodal
pretrained models trained on datasets from different corpora using discriminative or self-supervised
tasks to generate the target representations (Section 3.1). Second, we analyze optimal training
curricula for representation-aligned diffusion models, demonstrating that representation learning is
crucial in the early training stage to yield substantial advantages. Consequently, we introduce a novel
curriculum that applies the representation learning loss from the outset, while progressively increasing
the diffusion loss coefficient from zero to its maximum value as a phase-in protocol (Section 3.2).
Finally, we propose three practical instantiations of our framework that yield improvements in image,
protein, and molecule generation (Section 3.3).

We extensively evaluate our proposed REED across image generation, protein inverse folding, and
molecule generation tasks. For the class-conditional ImageNet 256 × 256 benchmark, aligning
SiT-XL/2 with DINOv2 [42] and Qwen2-VL [55] representations using our improved curriculum
significantly improves the generation quality measured by FID scores. REED achieves a 23.3×
training speedup over the original SiT-XL, reaching FID=8.2 in only 300K training iterations (without
classifier-free guidance [19]); and a 4× speedup over REPA [61], matching its classifier-free guidance
performance at 800 epochs with only 200 epochs of training (FID=1.80). For protein inverse folding,
aligning discrete diffusion models trained on the PDB dataset with AlphaFold3 [1] structure and
sequence representations accelerates training by 3.6× and yields significantly superior performance
across metrics such as sequence recovery rate, RMSD and pLDDT. For molecule generation, aligning
state-of-the-art geometric equivariant flow matching (SemlaFlow [25]) with pretrained Unimol [64]
representations improves metrics such as atom and molecule stability, validity, energy, and strain on
the challenging Geom-Drug [3] datasets.

We summarize our main contributions as follows:

• We conduct rigorous analysis for representation-enhanced diffusion model training, delivering
theoretical insights into prior empirical methods and informing the design of new strategies.

• We systematically investigate the design space for representation guidance in training diffusion
models, proposing a novel multimodal representation alignment scheme via synthesized paired
multimodal data, an effective training curriculum, and practical domain-specific instantiations.

• Extensive experiments demonstrate that our method consistently accelerates training and improves
performance across various diffusion model types and diverse tasks, including image, protein
sequence, and molecule generation tasks.
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2 Theoretical Characterizations

In this section, we introduce a general theoretical framework for representation-enhanced diffusion
models. Building on the DDPM framework [20], we explore how representations can offer additional
information and enhance the generation process. Notably, due to the known equivalence between
DDPM, score matching [50], stochastic interpolants [2], and flow matching [38], our insights are
applicable to a broad class of diffusion model variants. Proofs for this section are detailed in
Appendix C.

2.1 Variational Bound with Decomposed Probabilistic Framework

Problem Formulation. We consider a generative modeling setting involving discrete-time latent
variables x0:T and an auxiliary representation z, structured according to the Markov chain:

xT − xT−1 − ...− x1 − x0 − z (1)

The data distribution follows the factorization q(x0:T , z) = q(x0)q(x1:T |x0)q(z|x0), where q(x0)
denotes the empirical data distribution, q(x1:T |x0) corresponds to the forward diffusion process, and
q(z|x0) represents the mapping of the data to a semantic latent space through a pretrained encoder.

Our goal is to learn a generative model pθ(x0), defined implicitly through a joint model pθ(x0:T , z),
such that pθ(x0) :=

∫
pθ(x0:T , z)dx1:T dz. Following the variational framework used in diffusion-

based generative models [20, 48] (see Appendix B for details), we derive a variational bound on the
negative log-likelihood of pθ(x0) that incorporates the latent representation z to guide the generation
process. The bound LzVB is formalized in Equation (2):

Lz
VB := Eq(x0:T ,z)

[
log

q(z|x0) ·
∏T

t=1 q(xt−1|xt, x0) · q(xT |x0)

pθ(x0:T , z)

]
≥ −Eq(x0) log pθ(x0) (2)

Decomposition of Model Parameterization. The denominator of LzVB, pθ(x0:T , z), defines how
the latent variable model is parameterized for the reverse diffusion process. The way in which z is
integrated into the reverse diffusion steps–specifically the inference of xt−1 from a noisier state xt–is
crucial for representation-enhanced diffusion models. When z is introduced earlier in the process (at
larger values of t), the model benefits from more accurate estimation via pθ(xt−1|xt, z) rather than
pθ(xt−1|xt), since conditioning on z leads to a better approximation of the posterior q(xt−1|xt, x0).
However, this comes at the cost of a less accurate estimation with pθ(z|xt), as the dependency path
between xt and z becomes longer based on the Markov structure, making it harder to approximate the
true posterior q(z|x0). This is formally reflected in the decomposition of joint probability p(x0:T , z):

p(x0:T , z) = p(z|xt) ·
t∏

i=1

p(xi−1|xi, z) ·
T∏

i=t+1

p(xi−1|xi) · p(xT ) := pt(x0:T , z), ∀ t = 0, 1, ..., T 2 (3)

Remark 1. Each decomposition above is an exact equality for any t. The optimal components
p(xi−1|xi, z) and p(xi−1|xi) matching the forward process q(x0:T , z) are consistent across all ts.
Thus, identical components can be used in every decomposition without loss of accuracy.
Remark 2. At any timestep t, the marginal distribution of xt remains invariant across all decomposi-
tions. Consequently, z can be resampled at any step while preserving the same marginal distribution.

The above remarks indicate that representation-guided decompositions can be arbitrarily combined
without incurring additional loss. To control this combination, we introduce a novel timestep
weighting schedule {αt}Tt=1, where αt ≥ 0 are hyperparameters with

∑T
t=1 αt = 1. This produces an

equivalent formula of the joint distribution, i.e., pθ(x0:T , z) =
∑T

t=1 αtp
t
θ(x0:T , z), which allows us to

adjust when and how the representation z is injected into the generative process. Such formula results
in a hybrid conditional distribution p̃θ(xt−1|xt, z;At) (Equation (5)) governed by the cumulative
weights At :=

∑T
i=t αi. At decreases with t and serves as a schedule for gradually introducing

guidance from z by interpolating between guided and unguided reverse diffusion. By choosing αt,
and thus At, we can flexibly control the influence of z throughout the diffusion process. The formal
expression for the resulting LzVB is given below.

2When t = 0 or t = T , the corresponding products reduce to 1.
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Proposition 1 (Decomposition Structure of the Variational Bound). Let {αt ≥ 0}Tt=1 be a set of
weights summing to one, and define At ∈ [0, 1] :=

∑T
i=t αi. Then, the variational bound LzVB

in Equation (2) can be written as:

Lz
VB =

T∑
t=1

Eq(x0:T ,z)

[
log

q(xt−1|xt, x0)

p̃θ(xt−1|xt, z;At)

]
−

T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
+

T∑
t=1

αtEq(x0:T )

[
DKL(q(z|x0)||pθ(z|xt))

]
(4)

where p̃θ(xt−1|xt, z;At) and its normalization Zt(xt, z;At) are defined as:

p̃θ(xt−1|xt, z;At) =
1

Z(xt, z)
pAt
θ (xt−1|xt, z)p

1−At
θ (xt−1|xt) (5)

Zt(xt, z;At) =

∫
pAt
θ (xt−1|xt, z)p

1−At
θ (xt−1|xt)dxt−1 (6)

The first term in Equation (4) corresponds to a KL divergence between the data distribution
q(xt−1|xt, x0) and the hybrid model estimation p̃θ(xt−1|xt, z;At), serving as the primary data
generation objective. The second term, involving the expectation of log-normalization constants, can
be calculated as the discrepancy between conditional and unconditional model predictions, multiplied
by the coefficient At(1−At) (see Appendix C.1.4 for details). The third term is the KL divergence
between the predicted pθ(z|xt) and the reference distribution q(z|x0). Optimizing this term drives
pθ(z|xt) to better approximate the true (but intractable) q(z|xt), complementing the second term.
Together, these terms facilitate the representation learning procedure where the model uses xt to
recover meaningful semantic information about z.

2.2 Multi-Latent Representation Structure

The expressiveness of latent representations can be significantly enhanced through a multi-latent
structure, as shown in prior work such as NVAE [52]. Instead of modeling a single representation z,
we extend our formulation to a series of representations {zl}Ll=1, each indicating a different level of
abstraction. This leads to a similar Markov chain: xT − xT−1 − ...− x1 − x0 − zL, with zL = {zl}Ll=1

representing the collection of representations from pretrained models, zL ∼ q(zL|x0). Thus, the
variational bound Lz

VB extends naturally to LzL

VB , where all instances of z are replaced with zL. Notably,
the generation process of zL in the third KL divergence term of LzL

VB can be realized with a sequential
structure, where each representation level zl depends on both the noisy input xt and all previous
latents z<l3:

DKL(q(z
L|x0)||pθ(zL|xt)) =

L∑
l=1

Eq(z<l|x0)

[
DKL(q(zl|x0)||pθ(zl|xt, z<l))

]
(7)

This multi-latent formulation enables the model to leverage semantic features across different gran-
ularity. Previous hierarchical VAE literature [49, 52] found that deeper layers tend to encode
coarse-grained global structure while shallower layers capture local details. Our experimental results
(Table 4) confirm this pattern, showing that different hierarchical layers contribute complementary
information at varying resolutions, improving both expressiveness and controllability in generation.

2.3 Connecting Existing Approaches to Representation-Enhanced Generation

Our theoretical formulation provides a general and flexible framework for representation-enhanced
generation by introducing two key components: a customizable weighting schedule {αt}Tt=1 and a
hierarchical latent structure {zl}Ll=1. This framework recovers several existing approaches as special
cases, in particular RCG [34] and REPA [61].

When L = 1, and αt = δt,1, i.e. the representations come in fully at the beginning, we have
At = 1, ∀t as a constant. Thus, the hybrid distribution p̃constant

θ (xt−1|xt, z;At) = pθ(xt−1|xt, z),
3Equation (7) assumes conditional independence of zl’s given x0, i.e., q(zL|x0) =

∏
l ql(zl|x0), though pθ

must still account for their interactions when inferring from noisy xt. For dependent zl’s given x0, a similar
equation applies by replacing q(zl|x0) with an appropriate factorization of q(zL|x0) that reflects the specific
dependency structure.
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and the second log-normalization term in Equation (4) equal to zero. In this case, generation follows
a two-stage procedure: first, a latent representation z is sampled from the generative model pθ(z),
approximating the true marginal q(z); second, the sequence xT−1, ..., x0 is generated conditionally
on the sampled ẑ ∼ pθ(z). This formulation corresponds to the two-stage design in RCG [34],
where representation modeling and data generation are decoupled. However, such decoupling poses
challenges for learning pθ(z), particularly when z is high-dimensional or encodes rich semantic
information. Since z must be inferred independently of xt, the model is unable to leverage context
from the current diffusion state during inference, limiting its expressiveness and sample efficiency.

In contrast, when L = 1 and αt = 1/T, ∀ t, the cumulative weights decrease linearly over
time, yielding At = 1 − t/T . In this setting, the hybrid distribution p̃linear

θ (xt−1|xt, z;At) ∝
pθ(xt−1|xt, z)1−t/T pθ(xt−1|xt)t/T , reflecting that the influence of the representation on x-
generation gradually increases as the noise level decreases (i.e., as t becomes smaller). However, this
setup leads to a training-inference mismatch. During training, the conditional model pθ(xt−1|xt, z)
receives the ground truth representation z ∼ q(z|x0) as expectations in Equation (4) are taken over
the data distribution q(·), while during inference this representation is not available. Instead, the
model must rely on an estimate based on the current available xt, i.e., µ̂zt as the mean of pθ(z|xt).
Notably, this estimation becomes more accurate at smaller t, when xt contains less noise, which
naturally matches the increased reliance on z in the hybrid distribution p̃linear

θ as t decreases.

To address this mismatch, we approximate the hybrid distribution p̃linear
θ (xt−1|xt, z;At) using

pθ(xt−1|xt, µ̂zt ) throughout both training and inference. This allows the model to progressively
infer z from xt through pθ(z|xt), ensuring that the representation guidance becomes more prominent
as the process denoises, in line with the linear schedule (see Appendix C for details). The second
log-normalization term in the objective, which empirically is much smaller than the main denoising
loss as supported by our experiments (Appendix F.1), can be omitted from training–it also suffers from
training-inference discrepancies. Further, under the von Mises–Fisher distribution assumption, the KL
divergence in the third term simplifies to the cosine similarity between mean vectors of the respective
distributions (see Appendix C for details). Altogether, this results in the REPA framework [61],
which unifies representation extraction and data generation within a single coherent architecture via a
representation alignment loss, and different parts of the network specialize at different stages of the
generation process. Our experiments (Appendix F.1) validate the above-mentioned approximations,
showing that training with the exact Lz

VB (Equation (3)) achieves similar performance to REPA, while
the latter offers a concise objective, simpler architectures, and lower computational cost.

Our method in Section 3 builds upon the REPA setting, adopting the linear weighting schedule and
ensuring end-to-end coherence between training and inference. Importantly, we move beyond the
original L = 1 setting to the more general case of L > 1, enabling the novel use of richer multimodal
representations through synthetic data. Additionally, inspired by our theoretical framework, we
propose a better training curriculum that dynamically balances the data generation and representation
modeling objectives, further enhancing model performance and flexibility.

3 REED: Representation-Enhanced Elucidation of Diffusion

Building on the insights provided by our generic analytic framework, we present two novel strategies:
integrating multimodal representations with synthetic data, and designing an improved training
curriculum. We further showcase the versatility of our approach by introducing three practical
instantiations across diverse domains, spanning image, protein, and molecule generation.

3.1 Multimodal Representations with Synthetic Data

As discussed in Section 2.2, the effectiveness of representation-enhanced generation depends on both
the quality of pretrained representations and the interplay between hierarchical levels {zl}Ll=1. To
effectively harness the information from different sources, we propose integrating representation zy
in a secondary modality y alongside the representation zx of the primary modality x. Representations
zy that are both helpful for score estimation and complementary to zx yield the greatest improvement.

This cross-modal approach enhances generation quality by leveraging distinct yet related information
encoded in different perceptual channels. It also allows integration of different embedding spaces
(e.g., VAE space for latent diffusion and DINO embedding space for images), leading to an optimal
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Figure 2: We use synthetic auxiliary data modalities and multimodal representations to enhance
representation alignment in diffusion model training. Shown are examples from class-conditional
image generation (left), protein inverse folding (top tight), and molecule generation (bottom right).

shared solution space. Such advantage also aligns with the Platonic representation hypothesis [23],
which suggests that representations learned on different data and modalities tend to converge toward
a unified model of reality. Consequently, with finite available data, incorporating data from other
modalities should enhance generation or comprehension in the original modality of interest.

Utilizing the representations zx(x) and zy(y) of the data pair (x, y), the resulting representation
generation loss, corresponding to the third term in LzL

VB , is:

Lrepgen(θ, ψx, ψy) := −Ex,y,t,ϵ
[
λxsim(zx(x), projxψx

(hlxt )) + λysim(zy(y), projyψy
(h
ly
t ))
]

(8)

where hlx
t and h

ly
t represent the features extracted from the lx-th and ly-th layers of the diffusion

transformer encoder ht := fθ(xt) (xt denotes the noisy input4 to the diffusion model at time step t),
projxψx

and projyψy
are trainable projection heads parameterized by ψx and ψy , sim(·, ·) is a predefined

similarity function (we use cosine similarity in practice), and hyperparameters λx, λy > 0 controls
the relative importance of aligning each representation.

However, directly using multimodal data requires paired samples across modalities, which are often
scarce and costly to obtain. In the context of conditional generation, where the model generates
outputs based on a specific conditioning variable (e.g., class label or input sequence), it may also
introduce shortcuts between the conditioning variable and the representations. For instance, aligning
the representation of the input condition as an additional modality may cause the model to simply
replicate the condition, rather than extract meaningful features. To address this issue, we generate
synthetic multimodal data y := fϕ(x) using an auxiliary multimodal model fϕ that bridges modalities
x and y (see Figure 2). This introduces stochasticity and diversity into the data pairs, enabling efficient
data augmentation that fosters model generalization and mitigates shortcut risks.

In practice, we use multimodal models (between x and y) instead of single-modality models to obtain
the representations zy for other auxiliary modalities because their representations are inherently
aligned across modalities x and y. For images, we use text as an auxiliary modality, generate captions
with Vision Language Models (VLMs), and extract multimodal features from intermediate layers
of the VLMs. For protein inverse folding, we generate auxiliary structures with folding models and
use their single, pair, and structure embeddings as representations. For 3D molecules, we treat 2D
graph structure as an auxiliary modality, using external tookits like RDKit to extract atom and bond
features. We precompute and store these representations before diffusion training, so REED incurs
minimal additional computational overhead compared to REPA. Further analysis of computational
cost is provided in Appendix E.1.

3.2 Curriculum of Representation Learning and Diffusion Training

We analyze optimal curricula between the two components, representation modeling and data gen-
eration, as introduced in Section 2.1. We contend that in REPA [61] type of representation-aligned

4Noisy VAE features for images, or directly noisy data for proteins and molecules.
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diffusion model training, integrating pretrained representations is particularly useful in the early stage
of diffusion training. This is also supported by our experimental observation that decaying or dropping
REPA loss in the late plateau of training phase yields comparable or even superior performance. Our
theoretical analysis in Section 2 provides key insights into the phenomenon. Recall the training loss
bound in Equation (4), where the first term is for the approximate conditional distribution based on
estimated representations µ̂zt , and the last term forces the model to predict ground truth representa-
tions. Intuitively, better representation estimations µ̂zt naturally benefit representation-conditioned
distribution modeling in the first term.

To leverage these insights, we introduce a joint training curriculum for LzL

VLB with special emphasis on
representation generation in the initial training phase–rather than adopting a rigid two-stage approach
which may suffer from disjoint optimization dynamics and misaligned representation spaces (see
more discussions in Appendix D). Specifically, the resulting REED loss at epoch n is given by:

LnREED = α(n) · Ldiffusion + β(n) · Lrepgen (9)

Here, the diffusion loss weight α(n) progressively increases from zero following a phase-in protocol,
while the representation alignment weight β(n) remains fixed or decays. This curriculum enables a
coherent training flow. Moreover, by exposing the model to imperfect µ̂zt early on, we encourage it to
learn under noisy representation conditions, which can improve its generalization and robustness.
The reasonability of our arguments and the effectiveness of the proposed schedule are well supported
by experimental evidence.

3.3 Instantiations of the Framework for Domain Representations

In this section, we consider several application areas and incorporate additional inductive biases
into the design of representation learning techniques. Our designs demonstrate the effectiveness of
representation learning methods for Euclidean, sequential, and graph-structured/3D point-cloud data.
To the best of our knowledge, we are the first to apply representation alignment to diffusion models
in the context of protein inverse folding and molecule generation.

Images. As discussed in Section 3.1, we adopt multimodal representations–combining image and
text embeddings–to enhance single-modal diffusion model training. Image features are drawn from
pretrained self-supervised models to offer low-level details, while VLMs generate synthetic captions
and corresponding cross-modal embeddings for high-level semantic guidance. In particular, for better
alignment between different representation spaces, we use pooled image and text embeddings from
VLMs, rather than relying solely on pure text embeddings in single-modal LLMs.

Our analysis in Section 2.2 suggests that shallow latent layers capture fine details, whereas deeper
layers represent global semantics. Accordingly, we align shallow layers in the diffusion transformer
with SSL image patch embeddings, and deeper layers with pooled VLM embeddings. This aligns
with empirical observations: due to the discrepancy between the latent space of external models
and the diffusion output (VAE) space, local regularization should be performed in shallow layers as
observed in [61]; however, global alignment via pooled embeddings is relatively light and can be
applied to deeper layers for improved semantic control.

Proteins. We focus on protein sequence design conditioned on the protein 3D backbone structure –
protein inverse folding – which can be framed as a conditional generation task using discrete diffusion
models. To expand structural variability and avoid potential shortcuts mentioned in Section 3.1, we
employ a folding model, AlphaFold3 (AF3) [1], to generate auxiliary structures from target sequences.
Since diffusion sampling with AF3 introduces detailed variability into synthetic structures, using the
structure representation in the AF3 diffusion head can improve generalization and controllability of
our inverse folding model. We obtain sequence representations from both single token embeddings
and pair embeddings from AF3’s Pairformer, where the latter models residue interactions.

Since protein inverse folding can be regarded as the reverse of the folding process, we align layers
of our discrete diffusion model with those of folding models in the reverse order. Specifically, early
encoder layers in our discrete diffusion model align with representations from folding decoders
(guided by structure), while deeper decoder layers of our denoising network are trained to match
single and pair sequence encoder representations from folding models.

Molecules. Generative models for molecules must respect key symmetries, such as permutation
symmetry (S(N)) for 2D graphs and Euclidean symmetries (E(3) or SE(3)) for 3D structures.
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Table 1: FID comparisons with vanilla
SiTs and REPA of class-conditional gen-
eration on ImageNet 256 × 256. No
classifier-free guidance (CFG) is used.
Iter. denotes training iteration.

Model #Params Iter. FID↓
SiT-B/2 130M 400K 33.0
+ REPA 130M 400K 24.4
+ REED (ours) 130M 400K 19.5

SiT-L/2 458M 400K 18.8
+ REPA 458M 400K 9.7
+ REED (ours) 458M 400K 8.9

SiT-XL/2 675M 400K 17.2
+ REPA 675M 150K 13.6
+ REED (ours) 675M 150K 11.6

SiT-XL/2 675M 7M 8.3
+ REPA 675M 400K 7.9
+ REPA 675M 1M 6.4
+ REPA 675M 4M 5.9
+ REED (ours) 675M 300K 8.2
+ REED (ours) 675M 400K 7.3
+ REED (ours) 675M 1M 4.7

Table 2: System-level comparison on ImageNet 256×
256 with CFG. Models with additional CFG schedul-
ing [30] are marked with an asterisk (*).

Model Epochs FID↓ IS↑ Pre.↑ Rec.↑
Pixel diffusion
ADM-U 400 3.94 186.7 0.82 0.52
VDM++ 560 2.40 225.3 - -
Simple diffusion 800 2.77 211.8 - -
CDM 2160 4.88 158.7 - -

Latent diffusion, U-Net
LDM-4 200 3.60 247.7 0.87 0.48

Latent diffusion, Transformer + U-Net hybrid
U-ViT-H/2 240 2.29 263.9 0.82 0.57
DiffiT* - 1.73 276.5 0.80 0.62
MDTv2-XL/2* 1080 1.58 314.7 0.79 0.65

Latent diffusion, Transformer
MaskDiT 1600 2.28 276.6 0.80 0.61
SD-DiT 480 3.23 - - -
DiT-XL/2 1400 2.27 278.2 0.83 0.57
SiT-XL/2 1400 2.06 270.3 0.82 0.59

+ REPA 200 1.96 264.0 0.82 0.60
+ REPA 800 1.80 284.0 0.81 0.61
+ REED (ours) 200 1.80 267.5 0.81 0.61

Following [35], we use graph-level invariant representations from pretrained molecular representation
learning (MRL) model to improve generation quality with minimal computation overhead. We adopt
diffusion and flow matching models with equivariant GNN backbones to maintain these symmetries,
and incorporate lightweight graph-level invariant representations from pretrained SE(3)-invariant
molecular encoders. Instead of the strictly two-stage representation-conditioned generation in [35],
we show that directly aligning diffusion models with pretrained global representations significantly
accelerates training and enhances generation quality.

4 Experiments

We evaluate the effectiveness of our proposed REED through extensive experiments. The superior
performance across image, protein and molecule domains validates the universal benefit of our
framework for both continuous and discrete diffusion or flow-matching models.

4.1 Image Generation

Experimental Setup. For continuous diffusion on Euclidean data, we test REED on class-conditional
image generation following the setup in REPA [61]. We conduct experiments on ImageNet [12] at
256× 256 resolution, adopting ADM [13] data preprocessing and encoding each image into a latent
vector with the Stable Diffusion VAE [46]. We utilize the B/2, L/2, and XL/2 architectures from
SiT [40]. For sampling, consistent with SiT and REPA, we employ the SDE Euler-Maruyama sampler
and fix the diffusion timesteps to 250 for all runs. We report Fréchet inception distance (FID [18]),
inception score (IS [47]), precision (Pre.) and recall (Rec.) [29] using 50,000 samples for evaluation.

We use Qwen2-VL [55] 2B to generate a synthetic caption for each image and compute joint image-
text representations with Qwen2-VL 7B, using both the image and caption as input. We extract the
15th-layer representations from Qwen2-VL 7B, averaging across all tokens for a high-level joint
embedding, and align this with the averaged SiT image latents using a cosine similarity loss and MLP
projector. We choose the 15th layer for its strong semantic representation; an ablation of different
layers is provided in Appendix F.1. For training curriculum (Equation (9)), we keep β(n) constant
and linearly increase α(n) over the first 50K training iterations, after which it remains fixed for the
rest of training. Detailed experimental settings are provided in E.1.

Baselines. We compare against recent diffusion-based generation baselines with varying inputs and
architectures (details in Appendix E.1): (a) pixel diffusion models (ADM [13], VDM++ [27], Simple
diffusion [22], CDM [21]), (b) latent diffusion with U-Net (LDM [46]), (c) latent diffusion using
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transformer+U-Net hybrids (U-ViT-H/2 [4], DiffiT [16], MDTv2-XL/2 [15]), and (d) latent diffusion
with transformers (MaskDiT [63], SD-DiT [65], DiT [43], SiT [40], and SiT with REPA [61]).

Overall Results. We provide FID comparisons in Table 1. REED consistently outperforms vanilla
SiT and REPA at the same training iterations across all SiT model scales. In particular, REED
achieves FID=8.2 on SiT-XL/2 at 300K steps, surpassing vanilla SiT-XL at 7M steps, and reaches
FID=4.7 at 1M steps, outperforming REPA at 4M. Furthermore, we provide comparison between
REED and other recent diffusion model for images using classifier-free guidance (CFG [19]). As
shown in Table 2, REED matches REPA performance with 4× fewer epochs, achieving FID=1.80 at
just 200 epochs. Further details and additional metrics are provided in Appendix F.1.

Ablation Study on Each Algorithm Component. To examine the effect of each component of REED,
including leveraging multimodal representations and applying the curriculum training schedule, we
experiment on the SiT-B/2 architecture and report the results for models trained for 200K iterations
and not use classifier-free guidance for generation. As shown in Table 3, removing each component
leads to inferior performance than the full REED model, with FID increasing from 24.6 to 29.4
when removing the curriculum schedule and to 27.7 when removing multimodal representations.
This demonstrates the effectiveness of each component in our proposed REED. Further ablations on
different types of curriculum schedule and multimodal representation are provided in Appendix F.1.

Table 3: Ablation study on each component of REED. We report results on SiT-B/2 training for 200K
iterations. No classifier-free guidance is used.

Model (SiT-B/2, 200K Iter.) FID↓ IS↑ Prec.↑ Rec.↑
+ REPA 33.2 43.7 0.54 0.63
+ REED 24.6 62.2 0.58 0.64
+ REED w/o Multimodal Representations 27.7 55.5 0.56 0.64
+ REED w/o Curriculum Schedule 29.4 50.8 0.56 0.64

Table 4: FID comparison at differ-
ent alignment depth on SiT-B/2.

Iter. Dep.-I Dep.-VL FID↓
200K 4 2 25.9
200K 4 4 25.9
200K 4 6 24.8
200K 4 8 24.6
200K 4 10 26.4

200K - 4 45.5
200K - 8 45.6

Alignment Depth for Multimodal Representations. We in-
vestigate the optimal alignment depth for image (i.e., Dep.-I)
and VLM (i.e., Dep.-VL) representations in Table 4. Aligning
image features at a shallow layer (i.e., 4) and text at a deeper
layer (i.e., 8) yields the best results, consistent with our theo-
retical analysis (Section 2.2) that shallow layers capture fine
details while deeper layers encode high-level semantics. In
contrast, for VLM-only alignment, the best performance comes
from aligning at shallow layer 4, indicating the above effect is
specific to interactions between multi-latent representations.

4.2 Protein Sequence Generation

Experimental Setup. For discrete diffusion on sequence data, we experiment on protein inverse
folding–generating protein sequences conditioned on backbone 3D structure. Following [54], we train
an inverse folding model using the Multiflow [7] objective and the ProteinMPNN [11] architecture,
with the PDB training set from [11]. We filter for single-chain proteins with sequences under 256
residues, yielding 13,753 training and 811 test proteins.

We use AlphaFold3 [1] to generate auxiliary structures from target sequences, extracting latents
from its diffusion head as structure representations, as well as both single and pair embeddings
of Pairformer as amino acid representations. We align the ProteinMPNN encoder output with
the structure representation, and the decoder’s first-layer output with the single and pair token
representations, reflecting the reverse nature between inverse folding and folding. Regarding training
curriculum, β(n) is kept constant, while α(n) linearly increases over the first 50 epochs, then decays
with a cosine schedule.

Evaluations. We assess inverse folding performance using sequence recovery rate (Seq. Recovery),
self-consistency RMSD (scRMSD), and pLDDT from ESMFold [36] on generated sequences. For
each test structure, we generate a sequence and report the median scRMSD and pLDDT across
the test set. We also compute the proportion of cases with scRMSD below 2Å and pLDDT above
80, standard thresholds for successful inverse folding [7, 41]. Further details of the metrics are in
Appendix E.2.
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Table 5: Model performance on protein inverse folding. REED achieves high sequence recovery rate
and pLDDT and low scRMSD across various epochs and significantly accelerates training. We report
the mean across 3 random seeds, with standard deviations in parentheses.

Methods Epochs Seq. Recovery(%) ↑ scRMSD↓ %(scRMSD<2) ↑ pLDDT ↑ %(pLDDT>80)(%) ↑
ProteinMPNN [11] 200 41.73 (0.08) 1.801 (0.035) 54.45 (0.68) 82.68 (0.25) 65.66 (1.39)
DiscreteDiff 50 38.29 (0.03) 2.047 (0.018) 49.11 (0.29) 81.52 (0.13) 58.80 (0.21)

+ REED (ours) 50 41.06 (0.03) 1.788 (0.033) 54.37 (1.09) 82.74 (0.08) 67.41 (0.38)
DiscreteDiff 100 40.74 (0.04) 1.789 (0.015) 54.17 (0.61) 82.80 (0.08) 67.57 (0.62)

+ REED (ours) 100 41.91 (0.07) 1.780 (0.017) 56.23 (0.62) 83.09 (0.14) 68.41 (0.38)
DiscreteDiff 150 41.18 (0.08) 1.828 (0.046) 54.87 (1.02) 82.92 (0.08) 67.25 (1.02)

+ REED (ours) 150 42.26 (0.12) 1.799 (0.016) 54.66 (0.53) 83.17 (0.12) 69.07 (0.37)

Results. We compare REED against the de facto inverse folding method ProteinMPNN [11] and and
discrete diffusion models without REED (DiscreteDiff), with results in Table 5. REED consistently
outperform other methods in all metrics, demonstrating the effectiveness of incorporating powerful
representations in the protein domain. Meanwhile, REED accelerates training, reaching a 41.5%
sequence recovery rate in just 70 epochs, whereas DiscreteDiff requires 250 epochs. Ablation studies
on different combinations among single, pair and structure representations are in Appendix F.2.

4.3 Molecule Generation

Experimental Setup. For structured and geometric graph data, we choose the 3D molecule generation
task with equivariant point-cloud diffusion models. Leveraging symmetry-preserving representations
and equivariant backbones, our approach effectively models molecular graph distributions while
respecting their inherent symmetries. We adopt the challenging Geom-Drug [3] dataset, which
contains large drug-like molecules (average 44 atoms). Following SemlaFlow [25], we filter out
molecules with more than 72 atoms in the training set and use standard splits. Our base model is
SemlaFlow [25] with an E(3)-equivariant backbone and the ODE flow matching framework, and use
the Unimol [64] further finetuned on GEOM-DRUG as the pretrained encoder. All other training and
evaluation settings follow [25].

Evaluations. We adopt standard benchmark evaluation metrics: atom stability, molecule stability,
validity, as well as additional metrics energy, strain, and sampling efficiency (NFE). Full metric
details are in Appendix E.3. We compare against state-of-the-art 3D generators that jointly generate
atoms and bonds, including MiDi [53], EQGAT-diff [31], and SemlaFlow [25], since those approaches
only generating atoms fall short in producing high-quality molecules as is explained in [25]. Notably,
we train SemlaFlow+REED for just 200 epochs, compared to 800 epochs for EQGAT-diff.

Table 6: Performance of REED with SemlaFlow as the base model on GEOM-DRUG dataset. Atom
stability, molecule stability, and validity are reported as percentages, while energy and strain energy
are expressed in kcal·mol−1. Results marked with ∗ were reproduced in our own experiments. All
results are calculated based on 5k randomly sampled molecules.

Methods Atom Stab ↑ Mol Stab ↑ Valid ↑ Energy ↓ Strain ↓ NFE ↓
MiDi 99.8 91.6 77.8 - - 500
EQGAT-diff 99.8 93.4 94.6 148.8 140.2 500
SemlaFlow∗ 99.88 97.4 93.4 114.44 74.18 100

+ REED (ours) 99.93 98.1 94.5 105.63 65.33 100

Results. As shown in Table 6, SemlaFlow trained with our REED significantly improves almost all
metrics compared to the baseline and outperforms other state-of-the-art models. Remarkably, the
superior performance is achieved within much less training computation and sampling NFE compared
to EQGAT-diff, verifying the effectiveness of REED.

5 Conclusion

In this paper, we introduced a general theoretical framework for incorporating representation guidance
into diffusion model training. Our proposed design strategies consistently achieve superior perfor-
mance and accelerated training. across a range of domains. While we adopt a linear representation
weighting schedule in our experiments, exploring adaptive schedules remains an intriguing direction
for future research. Broader impacts include data efficiency in machine learning and biology.
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• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: All experimental details to reproduce the main results are provided in Section 4
and Appendix E.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We use public data in our experiments and have released our code.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We mention all experimental details and training protocols in Appendix E.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We run experiments on protein inverse folding over three random seeds and
report the mean and standard deviation. For other experiments, we run one seed due to
computation resource constraint and the stability of model performance.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Compute resources and requirements are mentioned in Appendix E.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We obey all aspects of the Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: This is a method oriented paper and is not related to societal impacts. However,
we still discuss potential social impacts.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: This paper does not involve such models.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We cite the authors for their models and datasets

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: This paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This paper does not involve research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: We used LLMs solely for minor writing edits.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

21

https://neurips.cc/Conferences/2025/LLM


Appendix

A Related Work

Enhancing Diffusion Models with Pretrained Representations. Recent empirical studies have
explored various strategies for incorporating pretrained representations into diffusion model training.
Representation-Conditioned Generation (RCG) [34] addresses unconditional image generation by
first training a diffusion model to generate semantic features based on a pretrained self-supervised
encoder, and subsequently conditioning a second image diffusion model on these features to achieve
high-quality outputs. Representation Alignment (REPA) [61] introduces a regularization technique
that aligns intermediate noisy states within the diffusion process to clean image representations
extracted from external pretrained visual encoders, thereby improving both representation learning
and generation performance. Despite their empirical effectiveness, there remains a gap in the
theoretical understanding of how pretrained representations can enhance diffusion model training.
Additionally, they focus primarily on image generation, leveraging visual encoder representations,
without considering a diverse array of modalities or a wide range of application domains.

Unifying Representation Learning and Diffusion Models. Many recent works seek to bridge
representation learning and diffusion-based generation. Several works leverage or refine represen-
tations obtained from diffusion models. For example, [60] proposes a hybrid framework capable
of performing both discriminative tasks and diffusion-based generation, while [58] uncovers the
discriminative nature of intermediate representations within diffusion models. Subsequent studies,
such as [59, 33], further distill these learned representations for various downstream applications. Ad-
ditionally, denoising objectives have been harnessed to enhance representation learning; for instance,
[10] deconstructs diffusion models to advance denoising-based representation learning. Diffusion
models have also benefited from auxiliary self-supervised learning signals–[65] demonstrates that
incorporating an auxiliary discriminative self-supervised loss can strengthen diffusion model training.
In contrast to these approaches, our focus is on improving diffusion model training by utilizing
high-quality pretrained representations from a variety of modalities.

Generative Models for Different Domains. Diffusion-based generative models have demonstrated
remarkable performance across a diverse range of data types and application areas. In image
generation–where data is continuous and resides in Euclidean space–denoising transformers such
as DiT [43] (Diffusion Transformer) and SiT [40] (which incorporates continuous stochastic inter-
polants [2] to enhance DiT) have been widely adopted. For protein sequence generation, which
involves discrete sequential data, discrete diffusion and flow models have been successfully applied,
as seen in works such as [7, 41, 54]. In the domain of molecular generation, where data is represented
as structured and geometric graphs, E(3)-equivariant generative approaches have been developed to
model 3D molecular structures. Notable examples include the MiDi model [53] for joint 2D and 3D
denoising diffusion, EQGAT-diff [31] for 3D diffusion, and SemlaFlow [25], an ODE flow matching
model for 3D molecule data. Despite their widespread use, training diffusion-based generative
models remains computationally intensive, often requiring significant resources and time. This poses
challenges for broader adoption, especially in domains with complex and high-dimensional data.

B Preliminaries

Our theoretical analysis in Appendix C.2 builds on the variational framework of denoising diffusion
probabilistic models (DDPM) [20, 48]. Below, we briefly summarize the key formulas and concepts;
for further details, we refer readers to the original papers.

Diffusion models can be formulated as latent variable models, pθ(x0) :=
∫
pθ(x0:T )dx1:T , where

latent variables x1:T are generated by a forward diffusion process q(x1:T |x0) that forms a Markov
chain xT − xT−1 − ...− x1 − x0, with a predefined variance schedule β1, ..., βT :

q(x1:T |x0) :=
T∏
t=1

q(xt|xt−1), q(xt|xt−1) := N (xt;
√

1− βtxt−1, βtI) (10)

A variational upper bound for −E[log pθ(x0)] is then given by
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−Eq(x0) log pθ(x0) ≤ Eq(x0:T ) log
q(x1:T |x0)
pθ(x0:T )

:= LVB (11)

where LVB can be decomposed as

LVB = Eq(x0:T )

[
log

q(xT |x0)
∏T
t=2 q(xt−1|xt, x0)

pθ(xT )
∏T
t=1 pθ(xt−1|xt)

]
(12)

= Eq(x0:T )

[
DKL(q(xT |x0)||pθ(xT )) +

T∑
t=2

DKL(q(xt−1|xt, x0)||pθ(xt−1|xt))− log pθ(x0|x1)
]

(13)

The reverse process pθ(xt−1|xt) is typically parameterized as a Gaussian N (xt−1;µθ(xt, t), σ
2
t I) as

in [20], enabling tractable computation of the KL divergences.

In Appendix C.2, we extend this framework by introducing an additional latent variable z, repre-
senting a high-quality pretrained representation of x0. We show how incorporating such semantic
representations can enhance diffusion model training.

Note that there are other variants of diffusion models from a different theoretical perspective, such as
score matching [50], stochastic interpolants [2], and flow matching [38]. Due to their equivalence
with the denoising diffusion models framework, our theoretical insights in Section 2 are broadly
applicable to these approaches. In our experiments, we adopt stochastic interpolants (as in SiT [40])
for image generation, discrete flow models (as in Multiflow [7]) for protein sequence generation, and
E(3)-equivariant flow matching (as in SemlaFlow [25]) for molecule generation.

C Additional Theoretical Results

C.1 Additional Theoretical Characterizations and Proofs for Section 2

C.1.1 Derivation of Equation (2)

Similar to the variational upper bound of DDPM, by incorporating additional latent variable z
following the Markov chain xT − xT−1 − ...− x1 − x0 − z, we have

− log pθ(x0) ≤ − log pθ(x0) +DKL(q(x1:T , z|x0)||pθ(x1:T , z|x0)) (14)

= − log pθ(x0) + Eq(x1:T ,z|x0)

[
log

q(x1:T , z|x0)
pθ(x0:T , z)

+ log pθ(x0)
]

(15)

= Eq(x1:T ,z|x0)

[
log

q(x1:T , z|x0)
pθ(x0:T , z)

]
(16)

Therefore,

−Eq(x0) log pθ(x0) ≤ Eq(x0:T ,z)

[
log

q(x1:T , z|x0)
pθ(x0:T , z)

]
:= LzVB (17)

Further decomposing the numerator of LzVB leads to:

LzVB = Eq(x0:T ,z)

[
log

q(z|x0)q(x1:T |x0)
pθ(x0:T , z)

]
(18)

= Eq(x0:T ,z)

[
log

q(z|x0) ·
∏T
t=1 q(xt−1|xt, x0) · q(xT |x0)

pθ(x0:T , z)

]
(19)

Note that when t = 1, q(xt−1|xt, x0) = q(x0|x1, x0) = 1.
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C.1.2 Derivation of Equation (3)

The marginal distribution p(x0:T , z) can be decomposed as

p(x0:T , z) = p(xT ) ·
T∏

i=t+1

p(xi−1|xi:T ) · p(z|xt:T ) ·
t∏
i=1

p(xi−1|xi:T , z) (20)

following the order xT , ..., xt, z, xt−1, ..., x0 for any t = 0, 1, ..., T .5

Based on the Markov chain xT −xT−1− ...−x1−x0− z, the following conditional independencies
hold: p(xi−1|xi:T ) = p(xi−1|xi), p(xi−1|xi:T , z) = p(xi−1|xi, z), and p(z|xt:T ) = p(z|xt). Thus,
for any t = 0, 1, ..., T , we can exactly decompose p(x0:T , z) as follows:

p(x0:T , z) = p(z|x0) · p(x0|x1) · p(x1|x2) · ... · p(xT−1|xT ) · p(xT ) (21)
= p(z|x1) · p(x0|x1, z) · p(x1|x2) · ... · p(xT−1|xT ) · p(xT ) (22)
= ...

= p(z|xt) ·
t∏
i=1

p(xi−1|xi, z) ·
T∏

i=t+1

p(xi−1|xi) · p(xT ) (23)

= ...

= p(z|xT−1) · p(x0|x1, z) · ... · p(xT−2|xT−1, z) · p(xT−1|xT ) · p(xT ) (24)
= p(z|xT ) · p(x0|x1, z) · p(x1|x2, z) · ... · p(xT−1|xT , z) · p(xT ) (25)

C.1.3 Proof for Proposition 1

Proposition 1 (Decomposition Structure of the Variational Bound). Let {αt ≥ 0}Tt=1 be a set of
weights summing to one, and define At ∈ [0, 1] :=

∑T
i=t αi. Then, the variational bound LzVB

in Equation (2) can be written as:

LzVB =

T∑
t=1

Eq(x0:T ,z)

[
log

q(xt−1|xt, x0)
p̃θ(xt−1|xt, z;At)

]
−

T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
+

T∑
t=1

αtEq(x0:T )

[
DKL(q(z|x0)||pθ(z|xt))

]
(26)

where p̃θ(xt−1|xt, z;At) and its normalization Zt(xt, z;At) are defined as:

p̃θ(xt−1|xt, z;At) =
1

Z(xt, z)
pAt

θ (xt−1|xt, z)p1−At

θ (xt−1|xt) (27)

Zt(xt, z;At) =

∫
pAt

θ (xt−1|xt, z)p1−At

θ (xt−1|xt)dxt−1 (28)

Proof. The marginal distribution pθ(x0:T , z), which appears in the denominator of LzVB (Equa-
tion (2)), can be decomposed as shown in Equation (3) for any t = 1, . . . , T . By aggregating these
decompositions according to the weight schedule {αt}Tt=1, we obtain an equivalent form of LzVB:

5When t = 0 or t = T , the corresponding products in Equation (20) reduce to 1.
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LzVB =

T∑
t=1

αtEq(x0:T ,z)

[
log

q(z|x0) ·
∏T
t=1 q(xt−1|xt, x0) · q(xT |x0)

p(z|xt) ·
∏t
i=1 p(xi−1|xi, z) ·

∏T
i=t+1 p(xi−1|xi) · p(xT )

]
(29)

=

T∑
t=1

αtEq(x0:T ,z)

[
log

q(z|x0)
pθ(z|xt)

+

t∑
i=1

log
q(xi−1|xi, x0)
pθ(xi−1|xi, z)

(30)

+

T∑
i=t+1

log
q(xi−1|xi, x0)
pθ(xi−1|xi)

+ log
q(xT |x0)
pθ(xT )

]
(31)

=

T∑
t=1

Eq(x0:T ,z)

[( T∑
i=t

αi

)
log

q(xt−1|xt, x0)
pθ(xt−1|xt, z)

+
( t−1∑
i=1

αi

)
log

q(xt−1|xt, x0)
pθ(xt−1|xt)

]
(32)

+

T∑
t=1

αtEq(x0:T ,z)

[
log

q(z|x0)
pθ(z|xt)

]
+ Eq(x0:T ,z)

[
log

q(xT |x0)
pθ(xT )

]
(33)

=

T∑
t=1

Eq(x0:T ,z)

[
At log

q(xt−1|xt, x0)
pθ(xt−1|xt, z)

+ (1−At) log
q(xt−1|xt, x0)
pθ(xt−1|xt)

]
(34)

+

T∑
t=1

αtEq(x0:T ,z)

[
log

q(z|x0)
pθ(z|xt)

]
+ Eq(x0:T ,z)

[
log

q(xT |x0)
pθ(xT )

]
(35)

=

T∑
t=1

Eq(x0:T ,z)

[
log

q(xt−1|xt, x0)
pAt

θ (xt−1|xt, z)p1−At

θ (xt−1|xt)

]
(36)

+

T∑
t=1

αtEq(x0:T ,z)

[
log

q(z|x0)
pθ(z|xt)

]
+ Eq(x0:T ,z)

[
log

q(xT |x0)
pθ(xT )

]
(37)

Since pθ(xT ) is a pre-specified fixed distribution (typically standard Gaussian) that is easy to sample
from, and q(xT |x0) converges to this Gaussian as T is large, the last term is approximately zero.
Additionally, it is not involved in the optimization of model parameters θ, thus it can be omitted from
LzVB. Following the definitions of p̃θ(xt−1|xt, z;At) and Zt(xt, z;At), the variational bound LzVB
can then be written as:

LzVB =

T∑
t=1

Eq(x0:T ,z)

[
log

q(xt−1|xt, x0)
1

Zt(xt,z;At)
pAt

θ (xt−1|xt, z)p1−At

θ (xt−1|xt)

]
(38)

−
T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
+ Eq(x0:T )Eq(z|x0)

[
log

q(z|x0)
pθ(z|xt)

]
(39)

=

T∑
t=1

Eq(x0:T ,z)

[
log

q(xt−1|xt, x0)
p̃θ(xt−1|xt, z;At)

]
−

T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
+

T∑
t=1

αtEq(x0:T )

[
DKL(q(z|x0)||pθ(z|xt))

]
(40)

C.1.4 Bounds on the Log-Normalization Term

To clarify the role of the second log-normalization term in the expression for LzVB (Equation (4)), we
present the following proposition, which provides both a bound and a closed-form solution under the
Gaussian assumption for the reverse process:
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Proposition 2 (Bounds on the Log-Normalization Term). The log-normalization term in Equation (4)
satisfies:

0 ≤ −
T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
≤ min

{
T∑
t=1

Eq(x0:T ,z)AtDKL(pθ(xt−1|xt)||pθ(xt−1|xt, z)),

T∑
t=1

Eq(x0:T ,z)(1−At)DKL(pθ(xt−1|xt, z)||pθ(xt−1|xt))

}
Specifically, under the common Gaussian assumption for the reverse process [20], i.e., pθ(xt−1|xt) ∼
N (µuθ (xt, t), σ

2
t ) and pθ(xt−1|xt, z) ∼ N (µcθ(xt, z, t), σ

2
t ), the term has the following closed-form

expression:

−
T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
=

T∑
t=1

At(1−At)

2σ2
t

Eq(x0:T ,z)|µ
c
θ(xt, z, t)− µuθ (xt, t)|2 (41)

Proof. First, we consider the lower bound of the log-normalization term. Utilizing Hölder’s inequality
with exponents 1/At and 1/(1−At), we have

Zt(xt, z;At) =

∫
pAt

θ (xt−1|xt, z)p1−At

θ (xt−1|xt)dxt−1 (42)

≤
(∫

pθ(xt−1|xt, z)dxt−1
)At

(∫
pθ(xt−1|xt)dxt−1

)1−At

= 1At · 11−At = 1

(43)

Thus, this establishes the lower bound:

−
T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
≥ −

T∑
t=1

Eq(x0:T ,z)

[
log 1

]
= 0 (44)

Second, we investigate its upper bound. Note that Zt(xt, z;At) can be written as:

Zt(xt, z;At) =

∫
pθ(xt−1|xt)

(
pθ(xt−1|xt, z)
pθ(xt−1|xt)

)At

dxt−1 = Epθ(xt−1|xt)

[(
pθ(xt−1|xt, z)
pθ(xt−1|xt)

)At
]

(45)

Leveraging the concavity of the logarithm and Jensen’s inequality, we have

logZt(xt, z;At) ≥ Epθ(xt−1|xt)

[
log

(
pθ(xt−1|xt, z)
pθ(xt−1|xt)

)At
]

(46)

= AtEpθ(xt−1|xt)

[
log

pθ(xt−1|xt, z)
pθ(xt−1|xt)

]
= −AtDKL(pθ(xt−1|xt)||pθ(xt−1|xt, z)) (47)

Therefore,

−
T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
≤

T∑
t=1

Eq(x0:T ,z)AtDKL(pθ(xt−1|xt)||pθ(xt−1|xt, z)) (48)

Similarly, using the alternative expression of Zt(xt, z;At) as follows:

Zt(xt, z;At) =

∫
pθ(xt−1|xt, z)

(
pθ(xt−1|xt)
pθ(xt−1|xt, z)

)1−At

dxt−1 (49)

= Epθ(xt−1|xt,z)

[(
pθ(xt−1|xt)
pθ(xt−1|xt, z)

)1−At
]

(50)
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we have

logZt(xt, z;At) ≥ Epθ(xt−1|xt,z)

[
log

(
pθ(xt−1|xt)
pθ(xt−1|xt, z)

)1−At
]

(51)

= (1−At)Epθ(xt−1|xt,z)

[
log

pθ(xt−1|xt)
pθ(xt−1|xt, z)

]
= −(1−At)DKL(pθ(xt−1|xt, z)||pθ(xt−1|xt))

(52)

and subsequently

−
T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
≤

T∑
t=1

Eq(x0:T ,z)(1−At)DKL(pθ(xt−1|xt, z)||pθ(xt−1|xt))

(53)

Putting both together, we derive the upper bound of the log-normalization term as

min

{
T∑
t=1

Eq(x0:T ,z)AtDKL(pθ(xt−1|xt)||pθ(xt−1|xt, z)), (54)

T∑
t=1

Eq(x0:T ,z)(1−At)DKL(pθ(xt−1|xt, z)||pθ(xt−1|xt))

}
(55)

Finally, we calculate the closed-form expression under the Gaussian assumption for the reverse
process pθ(xt−1|xt) and pθ(xt−1|xt, z) and denoting d as the dimensionality of xt, i.e.,

pθ(xt−1|xt, z) =
1

(2πσ2
t )
d/2

exp

(
−|xt−1 − µcθ(xt, z, t)|2

2σ2
t

)
(56)

pθ(xt−1|xt) =
1

(2πσ2
t )
d/2

exp

(
−|xt−1 − µuθ (xt, t)|2

2σ2
t

)
(57)

Multiplying them together yields:

pAt

θ (xt−1|xt, z)p1−At

θ (xt−1|xt) =
1

(2πσ2
t )
d/2

exp

(
−fθ(xt−1;xt, z, At)

2σ2
t

)
(58)

where fθ(xt−1;xt, z, At) := At|xt−1−µcθ(xt, z, t)|2+(1−At)|xt−1−µuθ (xt, t)|2 is the exponent
term. For simplicity of notation, use µc to represent µcθ(xt, z, t) and µu to represent µuθ (xt, t). The
exponent term fθ(xt−1;xt, z, At) can be expanded as:

fθ(xt−1;xt, z, At) = At|xt−1 − µc|2 + (1−At)|xt−1 − µu|2 (59)

= At(xt−1 − µc)
T (xt−1 − µc) + (1−At)(xt−1 − µu)

T (xt−1 − µu) (60)

= At(x
T
t−1xt−1 − 2µTc xt−1 + µTc µc) + (1−At)(x

T
t−1xt−1 − 2µTuxt−1 + µTuµu) (61)

= xTt−1xt−1 − 2(Atµc + (1−At)µu)
Txt−1 +Atµ

T
c µc + (1−At)µ

T
uµu (62)

= |xt−1 − µweighted|2 +Atµ
T
c µc + (1−At)µ

T
uµu − µTweightedµweighted (63)

where µweighted = Atµc + (1−At)µu. Denote

C := Atµ
T
c µc + (1−At)µ

T
uµu − µTweightedµweighted (64)

Then,

pAt

θ (xt−1|xt, z)p1−At

θ (xt−1|xt) =
1

(2πσ2
t )
d/2

exp

(
−
|xt−1 − µweighted|2

2σ2
t

)
exp

(
− C

2σ2
t

)
(65)

By integrating over xt−1 and using the fact that the integral of a normalized Gaussian density is 1,
we obtain the expression for Zt(xt, z;At):

Zt(xt, z;At) = exp

(
− C

2σ2
t

)∫
1

(2πσ2
t )
d/2

exp

(
−
|xt−1 − µweighted|2

2σ2
t

)
dxt−1 = exp

(
− C

2σ2
t

)
(66)
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Further, C can be simplified as

C = Atµ
T
c µc + (1−At)µ

T
uµu − (Atµc + (1−At)µu)

T (Atµc + (1−At)µu) (67)

= At(1−At)µ
T
c µc +At(1−At)µ

T
uµu − 2At(1−At)µ

T
c µu (68)

= At(1−At)|µc − µu|2 (69)

This gives us the final closed-form expression:

−
T∑
t=1

Eq(x0:T ,z)

[
logZt(xt, z;At)

]
=

T∑
t=1

Eq(x0:T ,z)
At(1−At)

2σ2
t

|µc − µu|2 (70)

=

T∑
t=1

At(1−At)

2σ2
t

Eq(x0:T ,z)|µ
c
θ(xt, z, t)− µuθ (xt, t)|2 (71)

According to Equation (41), the log-normalization term quantifies the discrepancy between the
conditional and unconditional model predictions, scaled by the variance and the product of At and
(1−At). Since the first KL divergence term already encourages extracting useful information from
z to aid estimation, we can interpret the log-normalization term as a stop-gradient applied to the
first conditional term µcθ(xt, z, t). As such, it acts as an inherent regularization mechanism that
encourages alignment between the two. This implicitly promotes the model to extract from xt the
aspects most informative about z, thereby improving the unconditional estimation.

C.1.5 Derivation of Equation (7)

In the multi-latent representation setting, the single latent variable z in Proposition 1 and Equation (4)
can be replaced by the collection of latent variables zL. In particular, the third KL divergence
term—which corresponds to the generation of zL—can be structured sequentially in the order
1, 2, . . . , L. Formally, this is expressed as:

DKL(q(z
L|x0)||pθ(zL|xt)) = Eq(zL|x0)

[
log

q(zL|x0)
pθ(zL|xt)

]
(72)

= Eq(zL|x0)

[
log

∏L
l=1 q(zl|x0)∏L

l=1 pθ(zl|xt, z<l)

]
(73)

= Eq(zL|x0)

[
L∑
l=1

log
q(zl|x0)

pθ(zl|xt, z<l)

]
(74)

=

L∑
l=1

Eq(z<l|x0)Eq(zl|x0)

[
log

q(zl|x0)
pθ(zl|xt, z<l)

]
(75)

=

L∑
l=1

Eq(z<l|x0)

[
DKL(q(zl|x0)||pθ(zl|xt, z<l))

]
(76)

C.1.6 Further Justifications of Section 2.3

Justification of the Distribution Approximation. In Section 2.3, we address the training-inference
discrepancy arising from the lack of ground-truth representation z during inference by approximat-
ing the hybrid distribution p̃linear

θ (xt−1|xt, z;At)—associated with linear cumulative weights—with
pθ(xt−1|xt, µ̂zt ) for both training and inference. Here, µ̂zt denotes the mean of the current best esti-
mate pθ(z|xt). We contend that this approximation enhances representation guidance as the process
denoises, which is consistent with the linear weight schedule. We provide addition justifications to
such approximation in this subsection.

We first examine the behavior of the hybrid model as described in Proposition 3.
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Proposition 3 (Score Function of the Hybrid Distribution). The score function of the marginal
distribution p̃θ(xt−1|z;At) implied by the hybrid reverse process p̃θ(xt−1|xt, z;At) defined in
Equation (5) satisfies:

∇xt−1
log p̃θ(xt−1|z;At) = At∇xt−1

log pθ(xt−1|z) + (1−At)∇xt−1
log pθ(xt−1) (77)

where pθ(xt−1|z) and pθ(xt−1) are the marginal distributions implied by the conditional and
unconditional reverse processes, pθ(xt−1|xt, z) and pθ(xt−1|xt), respectively.

Proof. For any reverse process p(xt−1|xt) and its implied marginal p(xt−1), the following relation
holds under the fixed forward process q(xt|xt−1) based on the Bayes’ rule:

p(xt−1|xt) = q(xt|xt−1)p(xt−1)/p(xt) (78)

By taking the logarithm and the gradient with respect to xt−1 and rearranging, we have:

∇xt−1 log p(xt−1) = −∇xt−1 log q(xt|xt−1) +∇xt−1 log p(xt−1|xt) (79)

Applying this to different reverse processes, including the unconditional (i.e., pθ(xt−1|xt)), condi-
tional (i.e., pθ(xt−1|xt, z)), and the hybrid (i.e., p̃θ(xt−1|xt, z;At)) ones, we have

∇xt−1 log pθ(xt−1) = −∇xt−1 log q(xt|xt−1) +∇xt−1 log pθ(xt−1|xt) (80)
∇xt−1

log pθ(xt−1|z) = −∇xt−1
log q(xt|xt−1) +∇xt−1

log pθ(xt−1|xt, z) (81)
∇xt−1

log p̃θ(xt−1|z;At) = −∇xt−1
log q(xt|xt−1) +∇xt−1

log p̃θ(xt−1|xt, z;At) (82)

Further, the gradient of the log-hybrid reverse process can be written as

∇xt−1
log p̃θ(xt−1|xt, z;At) = ∇xt−1

log

(
1

Zt(xt, z)
pAt

θ (xt−1|xt, z)p1−At

θ (xt−1|xt)

)
(83)

= At∇xt−1 log pθ(xt−1|xt, z) + (1−At)∇xt−1 log pθ(xt−1|xt)
(84)

Therefore,

∇xt−1
log p̃θ(xt−1|z;At) = At(−∇xt−1

log q(xt|xt−1) +∇xt−1
log pθ(xt−1|xt, z)) (85)

+ (1−At)(−∇xt−1 log q(xt|xt−1) +∇xt−1 log pθ(xt−1|xt)) (86)
= At∇xt−1

log pθ(xt−1|z) + (1−At)∇xt−1
log pθ(xt−1) (87)

Proposition 3 shows that the hybrid distribution’s score function interpolates between those of
the conditional and unconditional models according to the weight At, which decreases over time.
Intuitively, at earlier (less noisy) timesteps, the model places more emphasis on the conditional path
(leveraging z), while at later timesteps, it increasingly relies on the unconditional model. In practice,
by leveraging pθ(xt−1|xt, µ̂zt ), we approximate the hybrid score ∇xt−1

log p̃θ(xt−1|z;At) using the
tractable score ∇xt−1

log pθ(xt−1|µ̂zt ), where µ̂zt is predicted during inference.

Observe that, by Bayes’ theorem, the marginal distributions admit the following factorizations:

pAt

θ (xt−1|z)p1−At

θ (xt−1) = pθ(xt−1)p
At

θ (z|xt−1)/pAt

θ (z) (88)
pθ(xt−1|µ̂zt ) = pθ(xt−1)pθ(µ̂

z
t |xt−1)/pθ(µ̂zt ) (89)

Taking the gradients of their logarithms, we obtain the following decompositions:

∇xt−1
log p̃θ(xt−1|z;At) = ∇xt−1

log pθ(xt−1) +At∇xt−1
log pθ(z|xt−1) (90)

∇xt−1
log pθ(xt−1|µ̂zt ) = ∇xt−1

log pθ(xt−1) +∇xt−1
log pθ(µ̂

z
t |xt−1) (91)

These expressions highlight that ∇xt−1
log pθ(µ̂

z
t |xt−1) serves as a practical surrogate for the in-

tractable term At∇xt−1
log pθ(z|xt−1). Note that the property of the approximation naturally varies
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with t. With a smaller t, the estimation µ̂zt = Epθ(z|xt)[z] ≈ Eq(z|xt)[z] is closer to the true la-
tent z ∼ q(z|x0), since less noise has been injected into the input following the Markov structure
z − x0 − xt. As a result, the information content in µ̂zt is more aligned with z when t is small, which
matches the increasing influence of the conditional component via At.

This time-dependent behavior facilitates a smooth interpolation between conditional and unconditional
estimation, closely resembling the mechanism of classifier-free guidance [19]. Instead of explicitly
sampling from both modes, our approach achieves this interpolation implicitly, using the predicted
latent representation µ̂zt . This built-in mechanism ensures coherence between the training objective
and the inference procedure.

KL Divergence under the von Mises-Fisher (vMF) Distribution. The third term in LzVB (Equa-
tion (4)) represents the KL divergence between the predicted distribution pθ(z|xt) and the reference
distribution q(z|x0). This measure of discrepancy can be expressed in a tractable form by making
suitable assumptions about the distributions. In particular, if both pθ(z|xt) and q(z|x0) follow von
Mises-Fisher (vMF) distributions–i.e., pθ(z|xt) ∼ vMF(µ̂zt , κ) and q(z|x0) ∼ vMF(µz, κ), where
κ is a concentration parameter controlling uncertainty–the KL divergence between these distributions
is:

DKL(q(z|x0)||pθ(z|xt)) = κAp(κ)− κAp(κ)µ
T
z µ̂

z
t (92)

where Ap(κ) := Ip/2(κ)/Ip/2−1(κ), and Iv denotes the modified Bessel function of the first kind at
order v.

Thus, minimizing the KL divergence amounts to maximizing the cosine similarity between the model’s
predicted mean direction µ̂zt and the ground truth mean µz , up to a scaling factor determined by κ.
In practice, this objective is modulated by the representation alignment weight β(n) (Equation (9)),
which controls the relative emphasis placed on the representation generation component.

C.2 Provable Distribution Approximation with Representation Aligned Diffusion Models

In this subsection, we quantitatively analyze how representation alignment can help to improve the
sampling quality of diffusion models. We provide the result for representation-aligned DDPM in
Theorem 1.

Theorem 1. Consider the random variable x ∈ Rd with ground truth distribution x ∼ q(x) := q(x0).
Assume that the second moment m of x is bounded as m2 := Eq(x)[∥x − x̄∥2] < ∞, where
x̄ := Eq(x)[x], and that the score ∇ log q(xt) is L-Lipschitz for all t. For a practically trained
diffusion model parameterized by θ, the score estimation error at timestep t is bounded by ϵt,θ, i.e.,
Eqt(xt)[∥sθ(xt, t, ẑt,θ)−∇ log qt(xt)∥2] ≤ ϵ2t,θ. Denote the step size as h := T/N , where T is the
total diffusion time and N is the number of discretization steps, and assume that h ⪯ 1/L. Denote
k-dim isotropic Gaussian distribution as γk. Then the following holds,

TV(pθ, q) ⪯
√
KL(q||γd) exp(−T )︸ ︷︷ ︸

convergence of forward process

+(L
√
dh+ Lmh)

√
T︸ ︷︷ ︸

discretization error

+

N∑
k=1

ϵkh,θ
√
h︸ ︷︷ ︸

score estimation error

(93)

Proof. Recall the notation that pθ(x) := p0 is the distribution predicted by the denoising network
θ starting from Gaussian noise γd. Consider the two measures over the path space: (i) Q←T , where
(Xt)t∈[0,T ] follows the law of the reverse process; (ii) P qTT , under which (Xt)t∈[0,T ] has the law
of the score matching generative model algorithm initialized at qT instead of γd, where qT is the
distribution at timestep T in the forward process starting from q0 := q. Denote the end distribution of
P qTT as pqT0 , we have the following inequality:

TV(p0, q) ≤ TV(p0, p
qT
0 ) + TV(pqT0 , q0) (94)

The convergence of the OU process in KL divergence [8] bounds the first term,

TV(p0, p
qT
0 ) ≤ TV(γd, qT ) ≤

√
KL(q||γd) exp(−T ) (95)
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The second term essentially consists of score estimation error and discretization error. We next show
the following holds,

TV(pqT0 , q0)
2 ≤ KL(q0||pqT0 ) ⪯ h(

T/h∑
k=1

ϵ2kh,θ) + (L2dh+ L2m2h2)T (96)

We start proving Equation (96) by proving
N∑
k=1

EQ←T

∫ kh

(k−1)h
||s(kh)θ (xkh, kh, ẑt,θ)−∇ ln qt(xt)||2dt ⪯ (

N∑
k=1

ϵ2kh,θ)h+ (L2dh+ L2m2h2)T

(97)

For t ∈ [(k − 1)h, kh], we decompose

EQ←T [||s(kh)θ (xkh, kh, ẑkh,θ)−∇ ln qt(xt)||2] (98)

⪯EQ←T [||s(kh)θ (xkh, kh, ẑkh,θ)−∇qkh(xkh)||2] + EQ←T [||∇qkh(xkh)−∇qt(xkh)||2] (99)

+ EQ←T [||∇qt(xkh)−∇qt(xt)||2] (100)

⪯ϵ2kh,θ + EQ←T
[∣∣∣∣∇ ln

qkh
qt

(xkh)
∣∣∣∣2]+ L2EQ←T [||xkh − xt||2] (101)

Utilizing Lemma 16 from [8], we bound the second term as follows,∣∣∣∣∇ ln
qkh
qt

(xkh)
∣∣∣∣2 ⪯ L2dh+ L2h2||xkh||2 + (L2 + 1)h2||∇ ln qt(xkh)||2 (102)

where

||∇ ln qt(xkh)||2 ⪯ ||∇ ln qt(xt)||2 + ||∇ ln qt(xkh)−∇ ln qt(xt)||2 (103)

⪯ ||∇ ln qt(xt)||2 + L2||xkh − xt||2 (104)

Combining all the terms, we obtain

EQ←T [||s(kh)θ (xkh, kh, ẑkh,θ)−∇ ln qt(xt)||2] (105)

⪯ϵ2kh,θ + L2dh+ L2h2Eq0 [||xkh||2] + L2h2Eq0 [||∇ ln qt(xt)||2] + L2Eq0 [||xkh − xt||2] (106)

⪯ϵ2kh,θ + L2dh+ L2h2(d+m2) + L3dh2 + L2(m2h2 + dh) (107)

⪯ϵ2kh,θ + L2dh+ L2h2m2 (108)

Similarly to [8], we can apply the Girsanov theorem and complete stochastic integration using the
properties of Brownian motions and local martingales. Note that q0 is the end of the reverse SDE, by
the lower semicontinuity of the KL divergence and the data-processing inequality [5], we take the
limit and obtain

KL(q0||pqT0 ) ⪯ (

N∑
k=1

ϵ2kh,θ)
T

N
+ (L2dh+ L2h2m2)T (109)

where we recall that N := T
h . We finally conclude with Pinsker’s inequality (TV2 ≤ KL) and

Cauchy-Schwarz inequality.

Theorem 1 is the first theoretical result that gives a strict TV distance bound between the distribution
generated by representation-aligned diffusion models and the ground truth. This is a tighter bound
compared to [9] thanks to the benefit of external representations in improving the score estimation. In
particular, a common bound of the score estimation error ϵ2score assumed at all timesteps t in [9]. In
our case, however, since the model latents ẑt,θ is a good estimation of the ground truth representation
z, it provides nonzero information about the score, resulting in a smaller error. To interpret this, note
that the score ∇ log q(xt)|xt=x̃ is not a function only of the individual sample x̃, but a function of the
entire distribution q(xt) that is related to other samples. External representations, taking advantage of
their pretraining tasks and additional training corpus, are able to capture part of the distributional infor-
mation. Therefore, we can express the score function as ∇ log q(xt)|xt=x̃ = ψ

(
x̃, ẑt(x̃), r(xt)|xt=x̃

)
,

31



where ẑt(x̃) is the estimated representation of x̃ and r(xt)|xt=x̃ denotes the remaining information
not captured by either x̃ or ẑt(x̃). When training a DDPM, the diffusion loss only helps in predicting x̃
(due to the equivalence between x-parameterization and ϵ-parameterization), while incorporating the
representation alignment loss additionally facilitates predicting ẑt(x̃), which is crucial in improving
score estimation. Therefore, by choosing suitable representations, a representation-aligned diffusion
model is capable of predicting more accurate scores with the help of estimated representations ẑt,θ,
i.e., Eq(xt)[∥sθ(xt, t, ẑt,θ) − ∇ log q(xt)∥2] ≤ ϵ2t,θ ≤ ϵ2score. Since predicting representations at
smaller t is easier, we can arguably expect that the improvement is even larger at small timesteps t.

Another advantage of pretrained representations is their rich and easy-to-obtained information
for downstream predictions, which is particularly beneficial in conditional generation. In class-
conditioned image generation, for example, class labels can be easily inferred from the DINO
representations (e.g., through linear probing), thus aligning diffusion models with these representa-
tions provides strong guidance towards the conditions.

D Additional Method Details

D.1 Further Justifications for the Joint Training Curriculum

As discussed in Section 3.2, improved estimates of the representations µ̂zt naturally enhance the
modeling of the representation-conditioned distribution in the first term of LzVB. One simple and
natural way to fulfill this goal is a two-stage training paradigm, where we first initialize the model by
aligning with pretrained representations, and then optimize through the original diffusion loss. This
approach is equivalent to optimizing the first and the last term in Equation (4) independently, offering
the model better initializations.

However, we argue that two-staged training is suboptimal for the following reasons: (i) the sudden
change in loss paradigm leads to gradient direction discontinuities in the optimization dynamics,
causing the learned representations to collapse (as observed in our experiments); (ii) the representation
spaces of the pretrained encoder and the diffusion model (particularly, the VAE space for latent
diffusion) are disjoint, while for diffusion models both representation learning and distribution
generation are coherent tasks learned by a single neural network, requiring coherent training flow.
Therefore, only conducting representation learning may extract the non-informative features for
downstream generation while neglecting the informative part. In other words, simply optimizing
the third term in Equation (4) can result in a suboptimal starting point to optimize the first term,
suggesting that diffusion and representation generation loss cannot be fully decoupled.

The above reasoning highlights the criticality of joint training all loss terms in Equation (4) with
the special emphasis on representation learning in the early training period. Hence, as described
in Equation (9), we propose a single-stage training curriculum where the diffusion loss weight
progressively increases from zero, with a fixed or decaying representation alignment loss.

D.2 Additional Information for Molecule Representations

Generative models over molecules should respect permutational and geometric symmetries, such as
S(N) symmetry group for 2D graphs and (special) Euclidean group E(3) or SE(3) for 3D point
clouds. To preserve symmetries, the denoising network should be equivariant with respect to the
group transformations. Equivariance ensures that the resulting diffusion process produces invariant
distributions. Analogously, molecule representations can be constructed to be either equivariant or
invariant. For example, node (atom) level and edge (bond) level features can be made S(N)×E(3)-
or S(N)× SE(3)-equivariant, while graph or molecular level features remain invariant.

To ensure these properties, we follow [35] where graph-level invariant representations were shown
to improve generation quality with minimal additional computational cost. In our work, we adopt
diffusion and flow matching models with equivariant GNN backbones to maintain permutation and
geometric equivariances. Additionally, we incorporate lightweight, semantic graph-level invariant
representations derived from pretrained SE(3) invariant molecular graph encoders. While equivariant
node and edge level representations can also be incorporated as guidance for diffusion model training,
we leave this as future directions.
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E Experimental Details

E.1 Image Generation

For continuous diffusion on Euclidean data, we experiment on class-conditional image generation
using the ImageNet [12] dataset at a resolution of 256× 256, following the experimental setup in
REPA [61].

Evaluation Metrics. We generate 50,000 samples for evaluation, using the SDE Euler-Maruyama
sampler with the number of diffusion timesteps fixed at 250 for all experiments. Consistent with
SiT [40] and REPA [61], we set the last step of the SDE sampler to 0.04. We adopt the evaluation
protocol and reference batches of ADM [13], utilizing their official implementation6. For evaluation,
we use NVIDIA A100 80GB or A6000 50GB GPUs, and enable tf32 precision to accelerate generation
as in REPA. We use the following metrics to measure the generation performance:

• Fréchet Inception Distance (FID) [18]. FID is a standard metric for evaluating image generation,
measuring the similarity between the distributions of real and generated images. It does so
by calculating the distance between their feature embeddings obtained from the Inception-v3
network[51], assuming that both sets of features follow multivariate Gaussian distributions.

• Inception Score (IS) [47]. Also leveraging the Inception-v3 network, IS evaluates the quality
and diversity of generated samples by measuring the KL-divergence between the original label
distribution and the distribution of logits after softmax normalization.

• Precision and Recall [29]. These metrics follow classic definitions, with precision indicating the
proportion of realistic images, and recall reflecting the fraction of training data manifold covered
by generated data.

Baselines. We compare REED with recent diffusion-based generation baselines that utilize different
inputs and architectural designs:

• Pixel diffusion models. ADM [13] enhances U-Net-based diffusion models and introduces classifier-
guided sampling to balance quality and diversity. VDM++ [27] presents an adaptive noise schedule
to improve training efficiency. Simple diffusion [22] focuses on high-resolution image synthesis
by simplifying both noise schedules and architectures. CDM [21] proposes a cascaded approach,
training several diffusion models at increasing resolutions, similar to progressiveGAN [26], to
generate high-fidelity images via successive super-resolution stages.

• Latent diffusion with U-Net. LDM [46] proposes latent diffusion models that model image distribu-
tions in a compressed latent space, significantly improving training efficiency while maintaining
generation quality.

• Latent diffusion using transformer and U-Net hybrids. U-ViT-H/2 [4] introduces a ViT-based
latent diffusion model with U-Net-style skip connections. DiffiT [16] improves transformer-based
diffusion with a time-dependent multi-head self-attention mechanism. MDTv2-XL/2 [15] proposes
an asymmetric encoder-decoder framework, utilizing U-Net-like long shortcuts in the encoder and
dense input shortcuts in the decoder for efficient diffusion transformer training.

• Latent diffusion with transformers. MaskDiT [63] employs an asymmetric encoder-decoder for
efficient transformer-based diffusion, training the model using an auxiliary mask reconstruction task
similar to MAE [17]. SD-DiT [65] builds on MaskDiT by adding a self-supervised discrimination
objective with a momentum encoder. DiT [43] introduces a pure transformer architecture for
diffusion models, utilizing AdaIN-zero modules. SiT [40] systematically investigates training
efficiency by shifting from diffusion to continuous flow-based modeling. SiT with REPA [61]
further accelerates training by enforcing representation alignment between intermediate layers and
DINOv2 [42] patch representations.

Image Captioning. For each ImageNet image, we generate a synthetic caption using Qwen2-
VL [55] 2B, using the prompt “Describe this image.” and the raw image as the input. We adopt the
official conversation template of Qwen2-VL-2B to arrange the text and image information. We set
the number of maximum new tokens to be 200, which leads to concise and informative captions. We

6https://github.com/openai/guided-diffusion/tree/main/evaluations.
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provide a few examples of the generated captions and the corresponding image and class labels in
Figure 3.

Class: Flamingo
Caption: The image depicts a flamingo with its head turned slightly to the
side. The flamingo has a long, curved neck and a pinkish-orange plumage.
Its beak is black with a white tip, and it appears to be holding something in
its beak, possibly a small object or food. The background is a dark green,
possibly indicating a water body or a forested area. The flamingo’s posture
suggests it might be in the midst of a feeding or grooming behavior.

Class: Scabbard
Caption: The image shows a knife with a brown leather sheath. The knife
has a blade that appears to be made of a polished metal, possibly stainless
steel, and it has a handle that is also made of a similar material, likely wood.
The sheath is made of brown leather and has a decorative design on it. The
knife and sheath are placed on a flat surface, possibly a table or a desk.

Class: Goldfish
Caption: The image shows two goldfish in an aquarium. The goldfish on
the left is facing the camera, with its body oriented towards the viewer. The
goldfish on the right is facing away from the camera, with its body oriented
towards the other goldfish. Both goldfish have a shiny, reflective surface,
indicating they are likely well-maintained. The aquarium has a gravel bottom
with some small rocks and a few large green plants. The lighting in the
aquarium creates a warm, inviting atmosphere.

Figure 3: Examples of images with their ground-truth class labels and the generated captions.

VLM Embeddings. Both the generated caption and the image are then provided as input to the
Qwen2-VL 7B model, which contains 28 joint vision-language transformer layers. We extract
representations from the 15th layer of Qwen2-VL 7B and average across all image and text tokens
to obtain a unified vision-language embedding of dimension 3584. We then align the averaged SiT
image patch latents from an intermediate SiT layer, after passing through an MLP projector, with this
joint VLM embedding, using a cosine similarity loss (Equation (8)). We choose VLM embeddings
over unimodal pretrained text embeddings because VLMs offer a shared embedding space that is
already partially aligned between modalities, facilitating better transfer and alignment across image
and text representations.

It is noteworthy that we utilize VLMs with different sizes for captioning and representation generation.
In particular, we use the smaller Qwen2-VL 2B model to generate the synthetic caption since it is
already capable of generating captions with high quality and contains sufficiently useful information
of the given image. Yet it is much faster than the 7B model in the generation speed. In contrast,
during representation generation, the representations can be obtained in one forward pass for a given
image-caption pair, which is much less time-consuming than the sequential inference in the captioning
step. Therefore, we opt to use the embeddings of the 7B model, which has stronger capability to
understand the input content and is thus able to generate more powerful multimodal representations
that accelerate diffusion model training. This is also validated empirically in Table 12.

Model Architecture and Further Implementation Details. We adopt the same SiT architectures
as REPA and SiT, specifically SiT-B/2, SiT-L/2, and SiT-XL/2, which have 12, 24, and 28 layers,
hidden dimensions of 768, 1024, and 1152, and 12, 16, and 16 attention heads, respectively. Latent
vectors are pre-computed from raw images using the stable diffusion VAE [46], resulting in 32×32×4
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latent vectors that serve as input to SiT. For decoding, we use the stabilityai/sd-vae-ft-ema
decoder to reconstruct images from latent vectors.

For image SSL embeddings, we use DINOv2-B and set the alignment coefficient λx in Equation (8)
to 1.0. For VLM embeddings, we use the aforementioned VLM representation with the coefficient
λy set to 0.5. Alignment depth is as follows: for SiT-B, the 4th layer is aligned with the image
embedding and the 8th layer with the VLM embedding; for SiT-L and SiT-XL, the 8th layer is aligned
with the image embedding and the 16th layer with the VLM embedding. The projection heads for
alignment are implemented as 3-layer MLPs with SiLU activations [14]. Regarding the training
curriculum (Equation (9)), we keep β(n) fixed at 0.5 and increase α(n) linearly during the first 50K
iterations, after which it remains at 1.0 for the remainder of training.

For optimization, we use AdamW [39] with a constant learning rate of 1 × 10−4, parameters
(β1, β2) = (0.9, 0.999), and no weight decay. The batch size is set to 256. To accelerate training, we
use mixed-precision (fp16) and apply gradient clipping with a threshold of 1.0.

Computing Resources. Our experiments are conducted using 8 NVIDIA A100 80GB GPUs.

Analysis on Computational Cost. We pre-calculate and store all VLM representations before
diffusion model training. As a result, the additional computational overhead during REED training
compared to REPA is minimal, limited only to a lightweight MLP projection head applied to the
cached VLM representations. This overhead is negligible in practice, thus the actual training time for
both REPA and REED is essentially the same. For example, training SiT-XL/2 for 1M iterations (i.e.
200 epochs) on 8×A100 GPUs takes approximately 180 hours, and 4M iterations (i.e. 800 epochs)
takes about 720 hours for both methods.

In contrast, the one-time computational cost for generating captions and VLM representations is minor
relative to the overall diffusion training cost: on 8×A100 GPUs, captioning requires about 7.5 hours,
and VLM representation extraction about 1.3 hours. Therefore, 1M iterations (200 epochs) of REED,
togther with captioning and representation generation, takes 188.8 hours in total, much smaller than
4M iterations (800 epochs) of REPA (720 hours). Furthermore, the pre-calculated representations
can be reused across all experimental settings and training runs and the time cost is fixed, irrelevant
to the number of training iterations. Therefore, the computational overhead introduced by REED is
negligible compared to the total training cost.

On the other hand, following REPA, the DINOv2 representations are calculated during diffusion train-
ing and not precomputed, which introduces additional computational cost to both REED and REPA in
comparison to the vanilla SiT training. However, the specific DINOv2 variant we use, DINOv2-B/14,
has only 86M parameters, significantly smaller than the diffusion backbones used in our experiments,
from SiT-B/2 (130M params) to SiT-XL/2 (675M params). Also, the representation calculation does
not require gradient backpropagation. Therefore, the additional overhead of calculating DINOv2
representations per training step is minimal compared to the overall training cost. For SiT-XL/2, it
takes about only 1.05× training time per step compared with the vanilla SiT training, which is far
outweighed by the 23.3× acceleration in training steps enabled by our method. Overall, the FLOPS
and memory consumption of REED is almost the same as training a vanilla diffusion model.

E.2 Protein Sequence Generation

For sequence data, we investigate discrete flow models in the context of protein inverse folding,
where the goal is to generate protein sequences conditioned on a given 3D backbone structure.

Dataset and Evaluation Metrics. We train the inverse folding models on the PDB training set
from [11] and evaluate on the corresponding PDB test set, using the same data splitting. We focus
on single-chain proteins with fewer than 256 residues, resulting in 13,753 training proteins and 811
test proteins after filtering. For each test structure, each model generates one protein sequence. Both
ProteinMPNN [11] and the discrete flow model use a temperature of 0.1, while the discrete flow
model uses 500 diffusion timesteps.

We assess inverse folding performance sequence recovery rate, self-consistency RMSD (scRMSD),
and pLDDT from ESMFold [36]. Details for each metric are provided below:
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• Sequence Recovery Rate. This metric measures the proportion of residues in the generated
sequence that match the ground truth. The average is computed at the token level, dividing the
number of correctly predicted residues by the total number of residues across all test sequences.

• scRMSD. Self-consistency RMSD evaluates how closely the generated sequence, when folded by
ESMFold [36], matches the target backbone structure. We report the median scRMSD across all
test proteins in Table 5. Since an scRMSD below 2Å is typically considered indicative of successful
inverse folding [7, 41], we also report the fraction of test cases with scRMSD less than 2Å.

• pLDDT. To further assess sequence quality, we use pLDDT scores from ESMFold predictions on
generated sequences. pLDDT reflects the confidence of structure predictions, providing insight
into the plausibility of the generated protein sequences. We report the median pLDDT across all
test proteins, as well as the percentage of predictions with pLDDT above 80, following standard
practice [57].

Baselines. We benchmark REED against ProteinMPNN [11], the de facto approach for inverse
folding, as well as discrete flow models trained without REED. Following [41, 54], the discrete
flow baselines use the Multiflow [7] objective and the ProteinMPNN [11] architecture. All models
are trained on our curated dataset as described above, employing a backbone noise of 0.1 and
constructing the graph using the 30 nearest neighbors. All other hyperparameters are kept consistent
with ProteinMPNN (using 3 encoder and 3 decoder layers). In the original ProteinMPNN, edge
representations are fixed and node embeddings are not learnable. To enable better representation
alignment with REED, we modify the architecture to allow edge representations to be updated and
node features to be learnable. For ablation, we also report the performance of discrete flow models
with these architectural adaptations but without REED in Table 13.

Protein Folding and AF3 Representations. We utilize AlphaFold3 [1] to generate auxiliary
structural information from target protein sequences. For faster inference, we omit the use of Multiple
Sequence Alignment (MSA). Structural representations from the penultimate layer of AlphaFold3’s
diffusion head are extracted as latents, while amino acid representations are obtained from the
single and pair embeddings of the last Pairformer layer (corresponding to node and edge features,
respectively). When sampling through the diffusion module, we use 10 rounds of recycles and 200
diffusion steps. Given that protein inverse folding is conceptually the reverse of protein folding, we
align the layers of our discrete diffusion model with those of the folding model in reverse order.
Specifically, the output of the ProteinMPNN encoder, which captures the protein backbone structure,
is aligned with the structure representation from AF3. Additionally, after passing through an MLP
projector, the output of the decoder’s first layer is aligned with the single and pair token embeddings
from Pairformer: decoder node embeddings are aligned to single embeddings, and edge embeddings
are aligned to pair embeddings.

Further Implementation Details. For the training curriculum, we keep β(n) fixed at 0.2, while
α(n) is linearly increased to 1.0 over the first 50 epochs and then decayed using a cosine schedule.
The alignment coefficients λs are set to 0.5 for single representations, 2.0 for pair representations,
and 1.0 for structure representations. The projection heads for alignment are implemented as 2-layer
MLPs with SiLU activations. Optimization is performed using Adam [28] with a constant learning
rate of 1× 10−3.

Computing Resources. AlphaFold3 representation generation is performed on 8 NVIDIA A100
80GB GPUs, with the extracted embeddings stored for subsequent use. All other experiments are
conducted on a single NVIDIA A100 80GB GPU.

E.3 Molecule Generation

For structured and geometric graph data, we tackle the 3D molecule generation task using equivariant
diffusion models, ensuring molecular data symmetries are preserved throughout the process.

Datasets and Evaluation Metrics. QM9 [45] and GEOM-DRUG [3] are commonly used benchmarks
for unconditional molecule generation. Compared with QM9 where molecule contain approximately
18 atoms on average and up to 9 heavy atoms, GEOM-DRUG is a more challenging and useful dataset
of larger, drug-like molecules with an average size of around 44 atoms, which is used to assess our
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method. Following SemlaFlow [25], we use the same data splits and discard molecules with more
than 72 atoms in the training set (corresponds to about 1% of training data), while keeping validation
and test sets unchanged.

We adopt standard benchmark evaluation metrics: atom stability, molecule stability, validity, as well
as additional metrics energy and strain. We also include the number of function evaluations (NFE)
to sample one batch of molecules for fair comparison, taking sampling efficiency into account. A
thorough description of these metrics is provided as below:

• Atom Stability. Fraction of atoms with correct valency.
• Molecule Stability. Fraction of molecules in which all atoms are stable.
• Validity. Fraction of molecules convertible to valid SMILES strings using RDKit.
• Energy. The energy U(x) of a conformation x, computed with MMFF94 in RDKit, a commonly

used molecular modeling framework [24], where lower values indicate greater physical plausibility.
• Strain. Energy difference U(x)− U(x̃) between the generated conformation x and the MMFF94-

optimized conformation x̃, with lower values indicating less distortion.

Baselines. Recent 3D molecular generators consist of two main types depending on the approaches
they obtain bonds: generate atoms only and infer bonds based on coordinates with external rules,
or directly generate bonds jointly with atoms. As explained in [25], the latter methods can produce
higher-quality samples, including MiDi [53], EQGAT-diff [31], SemlaFlow [25], which we consider
as the current state-of-the-art. We only take these advanced 2D&3D methods that directly learn to
generate bonds as baselines. In our experiments, we choose SemlaFlow, an E(3)-equivariant ODE
flow matching, as our base model.

For further context, modeling molecular graph distributions requires careful treatment of both
permutational and geometric symmetries. For 2D molecular graphs, the relevant symmetry group
is S(N), capturing all permutations of atom indices. For 3D molecular structures, symmetries
are governed by the special Euclidean group SE(3) = SO(3) ⋊ R3, where SO(3) represents
rotations and R3 represents translations. In some cases, the full Euclidean group E(3) = O(3) ⋊
R3, which also includes reflections, may be considered, but SE(3) is often more practical as it
preserves molecular handedness. To maintain these symmetries, the denoising network must be
equivariant to the appropriate groups, and the diffusion process must model distributions invariant
to these transformations. Accordingly, node-level (atom) and edge-level (bond) features should
be permutation equivariant, while graph-level (molecule) features should be permutation invariant.
For 3D coordinates, analogously, their node-level embeddings should be SE(3) equivariant, while
graph-level features should be SE(3) invariant.

Pretrained Representation. For the pretrained encoder, we select the Unimol [64] with SE(3)
transformers, and additionally add GEOM-DRUG to its pre-training dataset as described in [35].
We use graph-level invariant representations to align with SemlaFlow intermediate layers. For our
12-layer model, we empirically find that aligning the fourth layer yields the best performance.

Further Implementation Details. For the training curriculum, we keep β(n) fixed at 1.0, while
α(n) is linearly increased to 1.0 over the first 30 epochs and then fixed as a constant for the remaining
epochs. The alignment coefficient λ is set to 0.2. The projection heads for alignment are implemented
as 3-layer MLPs with SiLU activations. We follow all other hyperparameters regarding model,
training and evaluation settings in [25].

Computing Resources. We train SemlaFlow with REED for 200 epochs on a single NVIDIA A100
80GB GPU. Notably, it requires significantly fewer GPU hours than EQGAT-diff, which is trained
for 800 epochs on 4 NVIDIA A100 GPUs.

F Additional Experimental Results

F.1 Image Generation

Additional Evaluation Results for Table 1. We present evaluation results across multiple metrics
for our method trained with SiT models of various sizes, compared to both the vanilla SiT and REPA
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Table 7: Comprehensive evaluation results for comparisons with SiT and REPA across various model
sizes. No classifier-free guidance is used. Iter. denotes training iteration.

Model #Params Iter. FID↓ IS↑ Prec.↑ Rec.↑
SiT-B/2 130M 400K 33.0 43.7 0.53 0.63
+ REPA 130M 50K 78.2 17.1 0.33 0.48
+ REED (ours) 130M 50K 66.0 22.9 0.37 0.51
+ REPA 130M 100K 49.5 27.5 0.46 0.59
+ REED (ours) 130M 100K 36.8 42.5 0.51 0.61
+ REPA 130M 200K 33.2 43.7 0.54 0.63
+ REED (ours) 130M 200K 24.6 62.2 0.58 0.64
+ REPA 130M 400K 24.4 59.9 0.59 0.65
+ REED (ours) 130M 400K 19.5 75.9 0.61 0.65

SiT-L/2 458M 400K 18.8 72.0 0.64 0.64
+ REPA 458M 50K 55.4 23.0 0.43 0.53
+ REED (ours) 458M 50K 41.7 36.7 0.50 0.59
+ REPA 458M 100K 24.1 55.7 0.62 0.60
+ REED (ours) 458M 100K 19.1 75.3 0.63 0.63
+ REPA 458M 200K 14.0 86.5 0.67 0.64
+ REED (ours) 458M 200K 12.1 101.8 0.67 0.65
+ REPA 458M 400K 10.0 109.2 0.69 0.65
+ REED (ours) 458M 400K 8.9 122.4 0.69 0.66

SiT-XL/2 675M 7M 8.3 131.7 0.68 0.67
+ REPA 675M 50K 52.3 24.3 0.45 0.53
+ REED (ours) 675M 50K 38.0 40.4 0.52 0.59
+ REPA 675M 100K 19.4 67.4 0.64 0.61
+ REED (ours) 675M 100K 16.0 84.4 0.65 0.63
+ REPA 675M 200K 11.1 100.4 0.69 0.64
+ REED (ours) 675M 200K 9.8 114.7 0.68 0.65
+ REPA 675M 400K 7.9 122.6 0.70 0.65
+ REED (ours) 675M 400K 7.3 134.5 0.70 0.66
+ REPA 675M 4M 5.9 157.8 0.70 0.69
+ REED (ours) 675M 1M 4.7 166.1 0.72 0.66

Table 8: Detailed evaluation results for SiT-B/2 models aligned using VLM embeddings from different
layers of the Qwen2-VL 7B model. Dep.-I and Dep.-VL denote the alignment depth for image and
VLM representations respectively. No classifier-free guidance is used. Iter. denotes training iteration.

Iter. Dep.-I Dep.-VL VLM Embedding FID↓ IS↑ Prec.↑ Rec.↑
200K 4 8 Layer 0 29.9 50.6 0.56 0.64
200K 4 8 Layer 1 30.2 49.6 0.55 0.64
200K 4 8 Layer 15 29.4 50.8 0.56 0.64
200K 4 8 Layer 27 29.5 51.2 0.56 0.65

in Table 7. Hyperparameter settings and implementation details are as described in Appendix E.1.
REED consistently outperforms both REPA and vanilla SiT across different model sizes, training
iterations, and evaluation metrics.

Results with Different VLM Embeddings. We evaluate the performance of REED on SiT-B/2
using VLM embeddings extracted from various layers of the Qwen2-VL 7B model, as shown in
Table 8. For all experiments, the image (DINOv2) embedding is aligned at the 4th layer and the VLM
embedding at the 8th layer, using the same hyperparameters detailed in Appendix E.1. Notably, the
best results are achieved when aligning with the 15th layer (out of 28) of Qwen2-VL 7B. Early layers
do not provide well-fused vision and text token embeddings, while later layers are more similar to
the final VLM output (text) space. Therefore, aligning at a middle layer offers a balanced and robust
semantic representation.
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Table 9: Detailed evaluation results at different alignment depth on SiT-B/2. Dep.-I and Dep.-VL
denote the alignment depth for image and VLM representations respectively. No classifier-free
guidance is used. Iter. denotes training iteration.

Iter. Dep.-I Dep.-VL FID↓ IS↑ Prec.↑ Rec.↑
200K 2 - 33.2 46.9 0.53 0.64
200K 4 - 27.7 55.5 0.56 0.64
200K 6 - 27.9 54.7 0.56 0.65
200K 8 - 30.1 51.8 0.55 0.64

200K 4 2 26.5 57.7 0.57 0.64
200K 4 4 25.9 59.5 0.57 0.64
200K 4 6 24.8 61.9 0.57 0.63
200K 4 8 24.6 62.2 0.58 0.64
200K 4 10 26.4 59.1 0.57 0.65
200K - 4 45.5 33.6 0.47 0.60
200K - 8 45.6 32.3 0.47 0.61

Additional Results for Different Alignment Depths in Table 4. We present further evaluation
results across various alignment depths for both image and VLM representations in Table 9. The
observed trends remain consistent across most metrics (except recall): aligning image representations
at a shallower layer (i.e., layer 4) and VLM representations at a deeper layer (i.e., layer 8) out of the
total 12 layers yields the best performance. This observation is consistent with findings from the
Hierarchical VAE literature, where shallower latents tend to capture fine-grained details, while deeper
latents encapsulate higher-level semantic information. These results provide empirical support for
our theoretical analysis in Section 2.2.

Empirical Verification of Approximations in Section 2.3. To assess the validity of the approxima-
tions introduced in Section 2.3, we train the model using an alternative objective that directly follows
Equation (4) without additional approximations. Specifically, we use the SiT-B/2 model and apply
the cosine similarity representation alignment loss (corresponding to the third term in Equation (4))
at the 4th layer. Additionally, we introduce an extra input condition z via cross attention at the start of
the 5th layer in SiT. With this architectural adjustment, pθ(xt−1|xt, z) is computed using the ground
truth representation as the input condition, while pθ(xt−1|xt) is obtained with a learnable dummy
latent vector (representing no conditioning) as the input. The second term is derived according to
Equation (41), with its relative coefficient set to 1.0.

The weighted product of two Gaussians with equal variance remains Gaussian, where the mean is
the weighted average of the individual means and the variance is unchanged. As a result, under
the Gaussian assumption of pθ(xt−1|xt, z) and pθ(xt−1|xt), the distribution p̃θ(xt−1|xt, z;At) in
Equation (5) can be expressed in closed form as an aggregation of the conditioned and unconditioned
model outputs. This allows the first term in Equation (4) to be calculated as a standard score matching
loss but relative to the weighted average of the two model outputs. During inference, since the
ground-truth representation z is not available, we sample using the unconditional model pθ(xt−1|xt).
We conduct experiments using DINOv2 representations, keeping all other settings consistent with
those used for REPA. The results, presented in Table 10, show that the model trained directly with
Equation (4) performs comparably to REPA, thereby empirically supporting the validity of the
approximations we made in Section 2.3. Additionally, we observe that the second log-normalization
term in the objective remains below 0.04, which is considerably smaller than the denoising loss in
the first term (approximately 0.7). This further justifies our decision to exclude it from training, as
described in Section 2.3.

Ablation Study on Different Curriculum Schedules. To measure the effect of the curriculum
schedule between representation learning and diffusion training, we conduct ablations on different
configurations for the schedules α(n) and β(n), including varying the phase-in period for α(n) and
applying a cosine decay to β(n). As shown in Table 11, all curriculum variants of α(n) outperform
the constant schedule, with 50K iterations chosen as the default for all image generation experiments.
Notably, the choice of β(n) schedule does not substantially affect generation performance.
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Table 10: Results of SiT-B/2 model trained with Equation (4) without approximation (w/o Approx.)
and with DINOv2 representations compared with REPA. No classifier-free guidance is used. Iter.
denotes training iteration.

Model (SiT-B/2) #Params Iter. FID↓ IS↑ Prec.↑ Rec.↑
+ REPA 130M 200K 33.2 43.7 0.54 0.63
+ Equation (4) w/o Approx. 130M 200K 34.7 41.9 0.54 0.62

Table 11: Ablation study on different curriculum schedules. We report results on SiT-B/2 training for
200K iterations. No classifier-free guidance is used.

Model α(n) β(n) FID↓ IS↑ Prec.↑ Rec.↑
+ REPA - - 33.2 43.7 0.54 0.63
+ REED Constant Constant 29.4 50.8 0.56 0.64
+ REED Linear increase in 50K iterations Constant 24.6 62.2 0.58 0.64
+ REED Linear increase in 25K iterations Constant 25.2 60.7 0.58 0.64
+ REED Linear increase in 75K iterations Constant 24.7 62.2 0.58 0.64
+ REED Linear increase in 50K iterations Cosine decay in 200K iterations 24.7 61.4 0.59 0.63

Adaptively or automatically learning these schedules could offer further benefits, for instance by
adjusting the weighting based on the difficulty of individual samples or the training stage. For
example, the training of samples with easy-to-extract representations could transition more quickly
to a higher diffusion loss weight, while more challenging samples could undergo a longer phase-in
period. However, designing and integrating such adaptive schedules presents additional challenges
and is beyond the current scope of this work. We leave this as a promising direction for future
research.

Ablation Study on Different Multimodal Representations. We conduct additional ablations on
the multimodal representations obtained from different pretrained models. We compare REED (using
Qwen2-VL 7B representations) to versions using either a more lightweight model (i.e., Qwen2-VL
2B, OpenCLIP7, and SigLIP [62]) or intentionally noisier features (i.e., Qwen2-VL 7B with Gaussian
noise). All other settings were kept consistent.

The results are shown in Table 12. Using lightweight or less accurate VLM representations still
consistently leads to improved performance compared to the model without aligning with multi-
modal representations. This demonstrates the robustness of our method to less accurate or noisy
representations and suggests that REED retains its advantages even when ideal pretrained features
are unavailable. Nevertheless, higher-quality representations (i.e., Qwen2-VL 7B) yield the strongest
results, indicating that the quality of pretrained representations remains an important factor for
maximizing performance.

However, utilizing text representations from OpenCLIP or SigLIP yields little improvement or
even slightly worse performance than the setting without multimodal representations. This can be
attributed to the fact that OpenCLIP and SigLIP are trained with a contrastive objective on short and
concise captions and are primarily optimized for downstream classification tasks without capturing
fine-grained semantic details needed for high-quality image generation. As a result, the information
content in their text embeddings may be insufficient to fully support image generation. In comparison,
VLMs are trained on a diverse set of vision-language tasks and have strong ability of vision-language
understanding and generation. They are also better at bridging two modalities, and consequently, have
better aligned visual and textual representations compared to OpenCLIP and SigLIP. These enable
VLMs to generate richer and more relevant semantic representations for guiding image generation.

Moreover, from the computational perspective, OpenCLIP and SigLIP requires a higher computational
cost than Qwen2-VL 2B. Since neither of them can generate text captions, the captioning step using
Qwen2-VL 2B is always necessary, and we can save the Qwen2-VL 2B embeddings along the way to
avoid redundant computation in the representation generation stage.

7The text encoder in https://huggingface.co/stabilityai/stable-diffusion-xl-base-1.0.
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Table 12: Ablation study on using different multimodal representations for REED. We report results
on SiT-B/2 training for 200K iterations. No classifier-free guidance is used.

Multimodal Representation FID↓ IS↑ Prec.↑ Rec.↑
- 27.7 55.5 0.56 0.64
Qwen2-VL 7B 24.6 62.2 0.58 0.64
Qwen2-VL 2B 26.3 59.9 0.57 0.65
Qwen2-VL 7B + noise (scale=0.1) 25.0 61.8 0.58 0.64
OpenCLIP 29.0 55.8 0.55 0.64
SigLIP 27.6 57.6 0.56 0.64

F.2 Protein Sequence Generation

Ablation Study on Architectural Modifications. As described in Appendix E.2, we modify the
original ProteinMPNN architecture to enhance representation alignment with REED by enabling
updates to edge representations and making node features learnable. For the ablation study, we
evaluate discrete flow models incorporating these architectural changes but without applying REED,
as shown in Table 13. The results are comparable to those of the original DiscreteDiff model,
suggesting that the observed performance improvements stem from the REED algorithm itself.

Table 13: Ablation study on the base discrete flow model with the same architectural modifications as
DiscreteDiff+REED. The performance remains similar to the original DiscreteDiff model, indicating
that the improvements are attributable to REED itself.

Methods Epochs Seq. Recovery(%) ↑ scRMSD ↓ %(scRMSD<2) ↑ pLDDT ↑ %(pLDDT>80)(%) ↑

DiscreteDiff w/
Architectural
Modifications

50 38.04 2.034 49.32 81.36 58.39
100 40.60 1.794 53.42 82.82 68.32
150 41.35 1.817 54.78 83.00 68.20

Ablation Study on Aligned Representations. We present ablation results for various combina-
tions of aligned representations in Table 14, including using only single representations, only pair
representations, both single and pair representations, and only structure representations. These are
compared against the results obtained when utilizing all three representation types. For each ablation
(except “all”), we fix β(n) at 0.2 and set the alignment coefficients λ to 1.0 for all representations.
As shown in Table 14, each representation type independently contributes substantially to model
performance, with all outperforming the baseline DiscreteDiff model at each training epoch. Notably,
the pair representation yields the largest performance gain, highlighting the importance of capturing
amino acid interactions for improved protein structure understanding in the inverse folding task.

Table 14: Ablation studies on different combinations of aligned representations: single, pair, and
structure. “all” denotes using all three types of representations.

Representation Epochs Seq. Recovery(%) ↑ scRMSD ↓ %(scRMSD<2) ↑ pLDDT ↑ %(pLDDT>80)(%) ↑

single
50 40.35 1.790 53.91 82.76 67.21

100 41.43 1.778 55.03 83.20 67.83
150 42.06 1.768 55.28 83.50 71.68

pair
50 41.07 1.775 55.53 83.13 68.94

100 41.92 1.781 55.03 82.89 68.70
150 42.21 1.778 55.53 83.02 69.32

single+pair
50 40.62 1.806 55.28 83.12 68.32

100 41.69 1.766 56.52 83.04 66.96
150 41.85 1.753 54.53 83.13 69.57

structure
50 40.40 1.839 54.04 82.50 64.97

100 41.47 1.774 53.91 83.08 67.58
150 41.88 1.729 55.90 83.32 70.81

all
50 41.06 1.788 54.37 82.74 67.41

100 41.91 1.780 56.23 83.09 68.41
150 42.26 1.799 54.66 83.17 69.07
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G Qualitative Results

Figure 4: Selected samples on ImageNet 256× 256 generated by the SiT-XL/2+REED model after
1M training iterations. We use classifier-free guidance with w = 1.275.
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Figure 5: Selected samples on ImageNet 256× 256 generated by the SiT-XL/2+REED model after
1M training iterations. We use classifier-free guidance with w = 4.0. Each row corresponds to the
same class label. From top to bottom, the class labels are: “macaw” (88), “flamingo” (130), “borzoi,
Russian wolfhound” (169), “Samoyed” (258), “Egyptian cat” (285), “otter” (360), and “dogsled”
(537), respectively.
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Figure 6: Selected samples on ImageNet 256× 256 generated by the SiT-XL/2+REED model after
1M training iterations. We use classifier-free guidance with w = 4.0. Each row corresponds to the
same class label. From top to bottom, the class labels are: “jigsaw puzzle” (611), “laptop” (620),
“school bus” (779), “cheeseburger” (933), “cliff” (972), “earthstar” (995), and “toilet tissue” (999),
respectively.
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Figure 7: Selected samples on protein inverse folding. Green color denotes the ground truth structure
and blue color denotes the generated sequence folded by ESMFold [36].
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Figure 8: (Continued.) Selected samples on protein inverse folding. Green color denotes the ground
truth structure and blue color denotes the generated sequence folded by ESMFold [36].
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Figure 9: Selected samples on molecule generation.
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