
REGLUE Your Latents with Global and Local
Semantics for Entangled Diffusion

Giorgos Petsangourakis1,2 , Christos Sgouropoulos1 , Bill Psomas3 ,
Theodoros Giannakopoulos1 , Giorgos Sfikas2 , and Ioannis Kakogeorgiou1

1 IIT, National Centre for Scientific Research “Demokritos”
2 University of West Attica

3 VRG, FEE, Czech Technical University in Prague

Abstract. Latent diffusion models (LDMs) achieve state-of-the-art im-
age synthesis, yet their reconstruction-style denoising objective provides
only indirect semantic supervision: high-level semantics emerge slowly,
requiring longer training and limiting sample quality. Recent works inject
semantics from Vision Foundation Models (VFMs) either externally via
representation alignment or internally by jointly modeling only a nar-
row slice of VFM features inside the diffusion process, under-utilizing
the rich, nonlinear, multi-layer spatial semantics available. We intro-
duce REGLUE (Representation Entanglement with Global-Local Unified
Encoding), a unified latent diffusion framework that jointly models (i)
VAE image latents, (ii) compact local (patch-level) VFM semantics, and
(iii) a global (image-level) [CLS] token within a single SiT backbone.
A lightweight convolutional semantic compressor nonlinearly aggregates
multi-layer VFM features into a low-dimensional, spatially structured
representation, which is entangled with the VAE latents in the diffusion
process. An external alignment loss further regularizes internal repre-
sentations toward frozen VFM targets. On ImageNet 256×256, REGLUE
consistently improves FID and accelerates convergence over SiT-B/2 and
SiT-XL/2 baselines, as well as over REPA, ReDi, and REG. Extensive exper-
iments show that (a) spatial VFM semantics are crucial, (b) non-linear
compression is key to unlocking their full benefit, and (c) global tokens
and external alignment act as complementary, lightweight enhancements
within our global–local–latent joint modeling framework. The code is
available at https://github.com/giorgospets/reglue.
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1 Introduction

Latent Diffusion Models (LDMs) have become a dominant choice for high-quality
image synthesis, largely because they shift the generative paradigm to model-
ing a compact VAE latent space [50]. However, training such models is chal-
lenging : under a single denoising objective, the model must concurrently learn
high-level semantics (what to generate, e.g . objects, layout, relations) and low-
level visual details (how to generate it, e.g . fine-grained appearance) [63]. The
reconstruction-style denoising loss provides semantic supervision only indirectly,
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so semantic structure emerges slowly, limiting image quality and convergence
speed [64].

To address these challenges, recent works leverages semantic representations
from strong, pretrained Vision Foundation Models (VFMs), accelerating conver-
gence and improving image quality [8, 29, 54, 62, 64, 71, 72]. REPA [64] proposes a
representation alignment objective to distill VFM features as an external teacher
to the diffusion model. REG [62] and ReDi [29] go a step further: they jointly model
the image latent and the semantic signal inside the diffusion process. Regarding
this signal, REG uses a single image-level (global) representation (i.e., [CLS]),
while ReDi employs linearly PCA-projected patch-level (local) VFM features.

Both REG and ReDi expose only a narrow, low-capacity semantic slice of the
VFM to the diffusion model, under-utilizing the rich, nonlinear, multi-layer, and
spatial semantics available. REG’s [CLS] offers informative image-level guidance,
but is inherently non-spatial; fine-grained semantics are recovered via an external
alignment loss as in REPA [64], which distills spatial semantics and boosts gen-
erative performance. In contrast, ReDi explicitly models patch-level semantics
but its linear PCA projection restricts the representations to a low-dimensional
linear subspace, limiting the richness and non-linear spatial information.

We argue that a critical design choice for effectively leveraging VFM features
is to model spatial semantics within the diffusion model, while preserving their
nonlinear, multi-layer information via compact learned representations produced
by a semantic compressor. Specifically, jointly modeling patch-level features with
VAE latents provides spatial guidance critical for capturing fine-grained struc-
ture and yields larger gains than either external feature alignment alone (REPA)
or jointly modeling a single image-level token (REG). These signals remain com-
plementary: an alignment loss and a global [CLS] token can be added as orthog-
onal auxiliary signals, but the primary improvements stem from spatial joint
modeling of compressed patch features within the diffusion model (see Table 1).

In our work, we first train a lightweight convolutional semantic compressor
that maps nonlinear, multi-layer VFM features into a compact, spatially struc-
tured, semantics-preserving representation. Then, we introduce a unified diffu-
sion modeling approach that jointly models: (i) these compact patch-level (local)
semantic features, (ii) an image-level (global) representation, and (iii) the VAE
image latents. During training, we also apply a feature-alignment auxiliary loss
that aligns diffusion internal features with VFM teacher representations, further
improving image synthesis performance. The overview is shown in Figure 1. In
summary, our contributions are:

1. We introduce REGLUE (Representation Entanglement with Global–Local Uni-
fied Encoding), a unified diffusion framework that jointly models image-level
(global) and patch-level (local) VFM semantics with VAE latents, signifi-
cantly boosting generative performance.

2. We propose a lightweight semantic compressor that aggregates multi-layer
VFM features and maps them to a compact, semantics-preserving space.
This compact representation enables significant gains via patch-level joint
modeling with VAE latents, strongly improving synthesized image quality.
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3. We show that, in REGLUE, (a) patch-level (local) semantics, (b) image-level
(global) semantics, and (c) REPA-style representation alignment act syn-
ergistically, delivering substantial gains in image quality and training con-
vergence, while keeping the diffusion model’s parameters and inference-time
compute essentially unchanged.

4. On ImageNet 256×256 generation benchmark, SiT-XL/2+REGLUE reaches the
1M-step performance of ReDi and REG using less than 30% and 80% of their
iterations, respectively.

2 Related Work

Latent-variable generative modeling. Latent-variable models like Varia-
tional Autoencoders and Diffusion Denoising Probabilistic models are core build-
ing blocks of modern generative pipelines [50]. There are often underappreciated
connections across these families [5, 45]: diffusion can be viewed as a hierar-
chical VAE with a fixed latent dimension and a frozen encoder [37], and both
are trained via variational approximations [4]. Normalizing flows [27, 67] have
likewise been analyzed through their links to diffusion [1, 65, 69]. VAEs are also
closely related to probabilistic PCA, replacing the linear projection with a neu-
ral decoder [19, 59]. Analyzing models under a unified framework has repeat-
edly yielded progress: Scalable Interpolant Transformers (SiT) [38], alongside
DiT [44] and Lightning DiT [63], an indispensable component of state-of-the-art
generative frameworks [29, 53, 62–64]. Our work espouses an analogous ratio-
nale, focusing on a holistic, joint modeling of tokenizer (VAE latents) and VFM
semantics within a single framework.

Representation alignment with VFM features. Latent diffusion typically
uses a VAE first stage to obtain compact image latents, which are optimized
for reconstruction rather than semantics; this can slow semantic emergence and
curb the ability to represent abstract concepts [2, 32]. To mitigate this, works
enhance the first stage by aligning or reshaping the latent space: VA-VAE [63]
adds a VFM alignment loss, TexTok [66] injects text description embeddings,
MAETok [9] argues for discriminative (non-variational) latents, and FA-VAE [39]
separates low/high frequencies via wavelets. Complementarily, the second stage
(the denoiser) can be aligned to VFMs: REPA [64] distills mid-block features to
VFM targets and accelerates convergence; DDT [61] decouples encoder/decoder;
REPA-E [33] pursues end-to-end VAE+denoiser alignment; and SVG [53] focuses
on few-step generation. Our approach is complementary: instead of exposing a
narrow semantic slice or relying solely on external representation alignment, we
jointly model global and local VFM semantics with VAE latents via a frozen,
lightweight semantic compressor, entangling them within a single diffusion back-
bone and thereby accelerating convergence and improving generative quality.

Joint feature generative modeling. A complementary line of work directly
models foundation features as observed variables, conceptually related to multi-
modal diffusion that learns joint spaces across modalities (e.g . text-image-video-
audio) rather than distilling from them. Examples include CoDi [58] for any-to-
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any generation across modalities, and video methods that entangle appearance
with motion signals like VideoJam [7]. Closer to our setting, REG [62] proposes a
SiT-based model that incorporates compressed tokens with the addition of also
modeling a VFM [CLS] token; Representation Diffusion (ReDi) [29] takes this
approach one step further and models spatially referenced high-level features
on equal grounds to VAE latents by a Diffusion Transformer. We argue that
these prior works model VFM suboptimally, either by discarding useful spatial
cues [62] or working with constrained, linear projections of high-level semantics.

Representation learning. Supervised convolutional networks [23] and, more
recently, Vision Transformers (ViTs) [18] have established strong baselines for
transferable visual features, but the field has largely shifted toward pretraining
regimes that reduce or remove manual labels. Early self-supervised work relies
on hand-crafted pretext tasks (e.g . patch permutation [41] or rotation predic-
tion [20]), while modern approaches favor contrastive objectives [11,42] and self-
distillation [6,21,43], yielding highly transferable features at scale. Transformer-
era enables masked image modeling (MIM): from BEiT [3] and MAE [22] to
hybrid variants like iBOT [73] and AttMask [26]. In parallel, vision–language pre-
training learns joint embeddings from web-scale image–text pairs [52]. CLIP [48]
popularizes this paradigm by aligning images and captions with a contrastive ob-
jective, yielding strong zero-shot recognition [15], retrieval [28,47], and segmen-
tation [57] performance. SigLIP [68] refines the recipe by replacing the softmax
with independent sigmoid losses, and SigLIP-2 [60] further improves transfer via
stronger data and training strategies.

3 Method

3.1 Preliminaries

Scalable Interpolant Transformer (SiT). We adopt the SiT [38] framework,
built on the stochastic–interpolant formulation [35, 38]. Given a clean image x∗
and a pretrained VAE encoder Ez that produces image latents z∗ ∈ RDz×Hz×Wz ,
we consider the continuous-time stochastic interpolant:

zt = αtz∗ + σtϵz, ϵz ∼ N (0, I), t ∈ [0, 1], (1)

where α0 = σ1 = 1 and α1 = σ0 = 0, with αt decreasing and σt increasing
in t. SiT adopts a Transformer-based architecture with K stacked blocks, pa-
rameterizes the velocity field vθ(zt, t) and is trained with the standard velocity
objective:

Ez∗,ϵz,t

[ ∥∥vθ(zt, t) − α̇tz∗ − σ̇tϵz
∥∥2] . (2)

Unless stated otherwise, we adopt the linear schedule αt = 1 − t and σt = t,
which yields constant derivatives α̇t = −1 and σ̇t = 1.

Vision Foundation Model (VFM). We denote by Ev(·) a pretrained VFM
(e.g . DINOv2), which provides patch-level semantic features f

(ℓ)
∗ ∈ RDf×Hf×Wf
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Fig. 1: Overview of REGLUE, Representation Entanglement with Global–Local Unified
Encoding. The encoder of a vision foundation model (VFM) provides (i) local patch-
level features and (ii) a global image-level feature (i.e. [CLS]). A lightweight semantic
compressor (pre-trained offline) maps the patch features to compact spatial semantics.
In parallel, a frozen VAE encoder produces image latents. We concatenate the latents,
compressed semantics, and the global token and feed them to a SiT backbone [38],
which jointly models all modalities with a velocity objective. Diffusion noise injection
is omitted from the illustration. At a selected block, an MLP head applies an external
alignment [64] to match hidden SiT features to clean VFM targets. At sampling, we
decode the (jointly) generated VAE latents.

for each layer ℓ ∈ {1, 2, . . . ,L}, and a global image-level representation cls∗ ∈
RDf . Hf × Wf denotes the patch grid size and Df the feature dimensionality.
In ViT-based encoders Hf ,Wf , Df remain fixed across layers.

3.2 Global–local representation entanglement

Our aim is to jointly model (i) VAE latents, (ii) local semantics (patch-level VFM
features), and (iii) global semantics (i.e. image-level [CLS] token) within a single
SiT model. We reuse the notation from Sec. 3.1. Given an image x∗, Ez(x∗) =
z∗ ∈RDz×Hz×Wz denotes VAE latents, cls∗ ∈RDf the global VFM token, and
s∗ ∈ RDs×Hz×Wz patch-level compressed VFM features derived from {f (ℓ)∗ }Lℓ=1

and aligned to the VAE latents’ grid (see Sec. 3.3 for a detailed description of
the compressor).

Forward process. We first adopt a shared schedule (αt, σt) to inject noise for
all three entangled modalities:

zt = αtz∗ + σtϵz, ϵz ∼ N (0, I),

st = αts∗ + σtϵs, ϵs ∼ N (0, I),

clst = αtcls∗ + σtϵcls, ϵcls ∼ N (0, I),

(3)

with independent noise terms and t∈ [0, 1].
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Velocity objective. SiT parameterizes a velocity field vθ(zt, st, clst, t) over the
joint state (zt, st, clst) and is trained with the multimodal velocity loss:

Lv = E
[ ∥∥vzθ(zt, st, clst, t)− α̇tz∗ − σ̇tϵz

∥∥2
2

+ λs
∥∥vsθ(zt, st, clst, t)− α̇ts∗ − σ̇tϵs

∥∥2
2

+ λcls

∥∥vclsθ (zt, st, clst, t)− α̇tcls∗ − σ̇tϵcls
∥∥2
2

]
,

(4)

where vzθ , v
s
θ and vclsθ correspond to the predictions for the VAE latent, global

VFM token, and patch-level VFM features velocity; λs and λcls are weighting
coefficients.

Tokenization and fusion. The SiT diffusion backbone operates on a sequence
of tokens with a shared width D, so we aim to bring the different modalities to
a common dimensional space. Concretely, we first patchify4 zt and st, forming
z′t = patch(zt)∈RN×Dz′ and s′t = patch(st)∈RN×Ds′ (where N=HzWz/p

2 is
the number of p×p patches). We then project each modality to the model width
D with linear embedding layers:

z̃t = z′tWz, s̃t = s′tWs, c̃lst = clstWcls

where Wz ∈RDz′×D, Ws∈RDs′×D, and Wcls∈RDf×D are learned embedding
matrices.

To combine and jointly model z̃t (VAE latents) and s̃t (local semantics),
there are two straightforward options: (i) concatenate image latents and semantic
features along the sequence dimension and pass 2N patch tokens through SiT,
or (ii) merge channel-wise and keep a single grid of N tokens. We adopt (ii),
avoiding the 2× longer sequence and quadratic self-attention overhead of (i)
(see Suppl. Sec. A.9). The global [cls] is inherently a single token; thus, we
always keep it as a separate token, adding a negligible throughput overhead.
Finally, the input sequence to the SiT Transformer is:

h0
t =

[
c̃lst︸︷︷︸
1×D

;
(
z̃t + s̃t

)︸ ︷︷ ︸
N×D

]
∈ R(1+N)×D, (5)

where “ [ ; ]” denotes concatenation along token dimension.

Prediction heads. Let hK
t ∈ R(1+N)×D denote the hidden sequence after the

last (K-th) SiT block. We obtain the per-modality velocity predictions as:

vzθ = unpatch
(
hK
t [1:N ]Wz

dec

)
,

vsθ = unpatch
(
hK
t [1:N ]Ws

dec

)
,

vcls
θ = hK

t [0]W
cls
dec.

(6)

4 Partitioning a tensor x ∈ RC×H×W into non-overlapping p × p tiles (here p=2;
denoted SiT/2), flattening each tile, and stacking them row-major into a sequence
of patch tokens, resulting in x′ ∈ R(HW/p2)×(Cp2).
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where Wz
dec ∈ RD×Dz′ ,Ws

dec ∈ RD×Ds′ are linear prediction heads, unpatch(·)
reshapes the N patch tokens back to spatial tensors of shape Dz ×Hz ×Wz and
Ds ×Hz ×Wz, respectively; Wcls

dec ∈ RD×Df projects the global token.

External representation alignment. At a selected Transformer block k ∈
{1, . . . ,K}, we encourage SiT hidden tokens to stay close to clean, frozen VFM
targets via a lightweight projector ϕ : RD→RDf and a cosine loss, following [64].
Let hkt ∈ R(1+N)×D be the hidden sequence at block k. We form the target token
sequence by concatenating the global token with patch-level VFM features:

y∗ =
[
cls∗ ; f̃

(L)
∗

]
∈ R(1+N)×Df . (7)

where f̃
(L)
∗ denotes flattened spatial dimension to tokens.

The representation alignment loss is

LREPA = −E

[
1

N + 1

N+1∑
n=1

sim
(
y
[n]
∗ , ϕ

(
hkt

)[n])]
, (8)

where we apply alignment on the [CLS] position and the N semantic patch
tokens and sim is cosine similarity.

Total objective. We train with the multimodal velocity loss in Eq. (4) and the
auxiliary alignment loss in Eq. (8):

Ltotal = Lv + λrep LREPA. (9)

Sampling. To generate new samples, we employ the reverse-time SDE Euler-
Maruyama [56] using vθ to obtain (z0, s0, cls0) from Gaussian noise, and recon-
struct the image via the (frozen) VAE decoder.

3.3 A lightweight spatial semantic compressor

Our goal is to jointly model VAE latents with VFM semantics. Naïvely fusing
patch-level VFM features with image latents substantially widens the dimen-
sionality to Dz+Df with Df≫Dz, biasing SiT capacity toward the representa-
tion modality and hurting generative quality (a phenomenon also addressed in
ReDi [29] via PCA).

Convolutional autoencoder. Instead of a linear subspace, we introduce a
nonlinear, lightweight semantic compressor Eψ that preserves spatial structure
while re-balancing dimensionality. We instantiate Eψ as a shallow convolutional
autoencoder, pretrain it once to reconstruct VFM features and then keep it
frozen. Our compressor finally projects compressed features of dimension Ds ≪∑
ℓDℓ. An overview of the architecture can be found at Suppl. Figure 4.

Multi-layer aggregation. Since leveraging representations across depths has
shown benefits to many scene understanding tasks [10,12,34,36,49,70], we typ-
ically aggregate the multi-layer patch-level VFM features by channel-wise con-
catenation:
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f∗ =
[
f
(1)
∗ , f

(2)
∗ , . . . , f

(L)
∗ ] ∈ R(L·Df )×Hf×Wf , (10)

where “ [ , ]” denotes concatenation along the channels.

Training and inference. A lightweight convolutional autoencoder (Eψ,Dψ) is
trained (offline) to reconstruct f∗:

min
ψ

E
[
∥Dψ(Eψ(f∗))− f∗∥22

]
, (11)

We then freeze Eψ, produce compact spatial semantics Eψ(f∗) ∈ RDs×Hf×Wf ,
and spatially resample them to the VAE latent grid (Hz × Wz) resulting in
s∗∈RDs×Hz×Wz , typically using bilinear resampling (See Suppl. Sec. A.10).

4 Experiments

4.1 Setup

Implementation details. We strictly follow the standard training protocols of
SiT [38]. Our experiments are conducted on the ImageNet [16] dataset. Following
the ADM preprocessing pipeline [17], all images are center-cropped and resized
to 256× 256 resolution. Each image is then encoded into a latent representation
z∗ ∈ R4×32×32 using the pre-trained SD-VAE-FT-EMA [50]. Our main experiments
are based on SiT-B/2 models, which use a 2 × 2 patch size and are trained for
400K steps. To assess the impact of our approach at larger scales and longer
training, we additionally train SiT-XL/2 models for 1M steps. We maintain a
batch size of 256 for all experiments.

Unless stated otherwise, for semantic feature extraction, we employ DINOv2-B
[14,43], concatenating features from blocks 9-12 to obtain a 3072-channel (768×
4) feature map at 16 × 16 spatial resolution. Our lightweight convolutional au-
toencoder (Eψ,Dψ), with a hidden layer of 256, is pretrained for 25 epochs using
a reconstruction loss (Eq. 11) to compress these maps. The encoder Eψ produces
a compact 16-channel, 16× 16 latent representation.

For external representation alignment we follow the formulation in Sec. 3. We
apply the external alignment using the local and global representations derived
from the VFMs last layer, with layer k of the SiT backbone. We use k = 4 for
SiT-B/2 and k = 8 for SiT-XL/2. Regarding the total objective coefficients we
set λs = 1, λcls = 0.03, and λrep = 0.5. More implementation details regarding
the semantic compressor and SiT, are provided in Suppl. Sec. B.1 and Suppl.
Sec. B.2.

Evaluation. In order to evaluate image generation quality, we report a standard
set of quantitative metrics. These include Fréchet Inception Distance (FID) [24]
for perceptual quality, sFID [40] for spatial coherence, Inception Score (IS) [51]
for diversity, as well as Precision (Pre.) and Recall (Rec.) [30] to measure sample
fidelity and distribution coverage, respectively. All metrics are computed using
50,000 generated samples, following the standard ADM evaluation suite [17].
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Table 1: Impact of VFM semantics on SiT-B/2 for improved generation.
Results at 400K training steps. (a) Baseline SiT-B/2 in Gray, (b) REPA in Purple,
(d) ReDi in Light Green, (h) REG in Yellow, and (k-p) REGLUE (ours) in Light Cyan.
✓ denotes novel components proposed in our work. While the nonlinear patch-level
semantics alone yield substantial gains, the other listed components provide additional
improvements. †Setting (p) uses a stronger DINOv3-B VFM; for fairness and consistency
with prior work, all other experiments adopt DINOv2-B as the default VFM.

Local Global External
FID(Patch-level) (Image-level) Alignment

Non-linear Linear Multi-Layer [CLS] Patch-Level [CLS]

(a) 33.0

(b) ✓ 24.4
(c) ✓ 25.7
(d) ✓ 21.4
(e) ✓ ✓ 18.8
(f) ✓ ✓ 33.7
(g) ✓ ✓ 15.5
(h) ✓ ✓ ✓ 15.2
(i) ✓ ✓ ✓ ✓ 17.4
(j) ✓ ✓ ✓ ✓ ✓ 23.1

(k) ✓ 14.3
(l) ✓ ✓ 14.1
(m) ✓ ✓ ✓ ✓ 13.7
(n) ✓ ✓ 13.3

(o) ✓ ✓ ✓ ✓ ✓ 12.9
(p) ✓ ✓ ✓ ✓ ✓ 12.3†

We report additional generation quality metrics in Suppl. Sec. A.5. For all ex-
periments, we use Euler–Maruyama SDE sampling with 250 steps. When using
Classifier-Free Guidance (CFG) [25], we set CFG scale at w = 2.3 and guidance
interval to [0, 0.9], following [31].

4.2 Analyzing VFM semantics for generation

We leverage our framework to investigate how diffusion modeling in SiT-B/2
benefits from: (i) which semantics are modeled (global vs. local), (ii) how local
semantics are compressed (linear vs. non-linear), and (iii) the degree to which
an external representation-alignment objective contributes to generation quality.
The corresponding design choices and their impact on FID are shown in Table 1.

Local (patch-level) outperform global (image-level) semantics. We first
focus on representations modeled directly by the diffusion model, without any
external alignment. We find that patch-level semantics clearly outperform global-
only signals. Relying solely on the global [CLS] token (setting (c)) attains 25.7
FID, whereas modeling patch-level features (setting (d), ReDi, linear PCA) im-
proves to 21.4 FID. Both settings substantially outperform the baseline SiT-B/2
backbone (33.0 FID, setting (a)), but the gap between (c) and (d) underscores
that fine-grained spatial semantics are pivotal for improved generative modeling.

Non-linear compression unlocks local guidance. Replacing the linear PCA
used in ReDi with our lightweight non-linear semantic compressor boosts patch-
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level joint modeling: setting (k) reaches 14.3 FID without any alignment loss,
an absolute 7.1 FID reduction over ReDi (setting (d)). Notably, this also sur-
passes the state-of-the-art REG baseline (setting (h), 15.2 FID), even though REG
combines global modeling with external alignment. Moreover, enriching local
guidance by aggregating multi-layer VFM patch-level features before compres-
sion (setting (n)) further reduces FID to 13.3, without using any global token
or external alignment. The results indicate that rich spatial semantics are a
crucial signal, and non-linear compression is key to unlocking their full benefit.
For more analysis about why our non-linear compression enhances diffusability,
see Sec. 4.4 and Figure 3.

External alignment under local and global modeling. We analyze how
REPA behaves when applied to local and/or global semantics. When the backbone
does not jointly model patch tokens, only aligning local VFM features already
provides a strong boost: the original REPA configuration (setting (b)) improves
the default SiT-B/2 baseline from 33.0 (a) to 24.4 FID. REPA also improves the
patch-only setting of ReDi (d) to (e) (from 21.4 to 18.8 FID). A similar pattern
appears when starting from a model that only jointly models the global [CLS]
token: adding local-only external alignment (setting (g)) reduces FID from 25.7
(c) to 15.5, and including the global component in the alignment as well (setting
(h)) further improves it to 15.2. This indicates that local patch alignment is the
dominant source of improvement, while global alignment provides a smaller,
complementary gain. In contrast, aligning only the global information without
any local alignment (setting (f)) degrades performance from 25.7 (c) to 33.7
FID, suggesting that alignment on global features alone is unstable without
spatial anchors. Finally, in our setting, adding REPA on top of non-linear patch-
level modeling improves FID from 14.3 (k) to 14.1 (l), showing that once strong
spatial semantics are jointly modeled, external alignment acts as a mild but
consistent performance complement.

REGLUE: Joint local-global-latent modeling. Building on these observations,
we progressively add the global token and alignment to compressed local mod-
eling. Adding REPA-style alignment on top of (k) yields setting (l) with 14.1
FID (a modest but consistent gain), indicating that external supervision com-
plements joint local modeling. Incorporating the global [CLS] and aligning both
local and global signals (setting (m)) further improves to 13.7 FID. Finally,
aggregating multi-layer patch features (from the last four VFM blocks) before
compression (setting (o)) forms our final REGLUE unified setting, achieving 12.9
FID. However, richer VFM semantics improve latent diffusion only when inte-
grated appropriately. Our non-linear semantic compressor is the key mechanism;
without it, simply adding more signals can be counterproductive. For instance,
naïvely stacking the existing components (setting (i)) or just using multi-layer
PCA (setting (j)) yields significantly worse results (17.4 and 23.12 FID, respec-
tively) compared to REGLUE at 12.9 FID. To study the dependence of REGLUE
on the underlying VFM, we also examine a stronger VFM, DINOv3-B. As re-
ported in setting (p), DINOv3-B yields the best result (FID 12.3), improving
over DINOv2-B (FID 12.9) and indicating that REGLUE can effectively exploit a
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more powerful semantic encoder. Nevertheless, to remain consistent with prior
work and enable fair comparison, we adopt DINOv2-B as our default VFM in all
main experiments. For a more in-depth analysis of our compressor, see Sec. 3.3.

4.3 Enhancing diffusion models

Accelerating convergence. Table 2(a) reports conditional ImageNet 256×256
results without classifier-free guidance (CFG) with a SiT-B/2 backbone. REGLUE
reaches 14.5 FID at 300K steps surpassing REG (15.2 at 400K) with 25% fewer
iterations, and further improves to 12.9 at 400K. At 400K, REGLUE reduces
FID by 60.9% vs. vanilla SiT-B/2 (33.0), 47.1% vs. REPA (24.4), and 39.7%
vs. ReDi (21.4). Notably, REGLUE inference-time throughput and parameters re-
main unchanged. Moving to a larger SiT-XL/2 backbone and more training
steps, in Table 3 we show conditional ImageNet 256 × 256 results (no CFG).

Table 2: Conditional and uncon-
ditional generation. Comparison of
SiT-B/2 with REPA, ReDi, REG, and REGLUE
on ImageNet 256 × 256 without classifier-
free guidance (CFG). We report parameter
count, inference-time throughput (img/s),
iterations, and FID. Throughput measured
on 1×A100 with batch size 64 and 250 sam-
pling steps per image.
Model #Params Thr. Iter. FID↓

(a) Conditional Generation

SiT-B/2 130M 4.1 400K 33.0
+ REPA 130M 4.1 400K 24.4
+ ReDi 130M 4.1 400K 21.4
+ REG 132M 3.8 400K 15.2
+ REGLUE (ours) 132M 3.8 300K 14.5
+ REGLUE (ours) 132M 3.8 400K 12.9

(b) Unconditional Generation

SiT-B/2 130M 4.1 400K 59.8
+ ReDi 130M 4.1 400K 43.6
+ REG 132M 3.8 400K 29.7
+ REGLUE (ours) 132M 3.8 400K 28.7

At 200K steps, REGLUE achieves 4.6
FID, outperforming REG (5.0) and
substantially surpassing REPA (11.1)
and ReDi (12.5). Notably, REGLUE
reaches 2.7 FID at 700K, matching
REG’s 1M performance (2.7) with 30%
fewer iterations. At 1M, REGLUE sets
the best score (2.5) vs. REG (2.7), ReDi
(5.1), and REPA (6.4). Importantly,
REGLUE improves performance with-
out incurring computational over-
head, as measured by throughput (Ta-
ble 2(a)). See also Suppl. Sec. A.8
for more details on computational ef-
ficiency.

Unconditional generation. We eval-
uate our method in the unconditional
setting and summarize the results
in Table 2(b). The findings are consis-
tent with the analysis in the previous
section. Our REGLUE achieves 52%, 34.2%, and 3.4% improvements over SiT-B/2,
ReDi, and REG, respectively, demonstrating the effectiveness of nonlinear com-
pression and joint local–global feature modeling. Remarkably, even in this more
challenging unconditional setting, REGLUE (28.7 FID) substantially outperforms
the conditional SiT-B/2 baseline (33.0 FID).

State-of-the-art comparison. Table 4 reports quantitative results on Ima-
geNet with classifier-free guidance. REGLUE improves over REG at matched epochs
and closes the gap to longer-trained baselines. At 80 epochs, REGLUE lowers FID
to 1.59 vs 1.86 for REG. Notably, REGLUE at 80 epochs matches the performance
of 160-epoch REG. At 160 epochs, it further improves to 1.46 vs 1.59. Although
trained for 5× fewer epochs than the 800-epoch variants (REPA, ReDi, REG), the
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Table 3: Conditional gener-
ation. Comparison of SiT-XL/2
with REPA, ReDi, REG, and
REGLUE on ImageNet 256 ×
256 without classifier-free guid-
ance (CFG) under comparable
settings. We report parameter
count, iterations, and FID.

Model #ParamsIter.FID↓

SiT-XL/2 675M 7M 8.3

+ REPA 675M 200K 11.1
+ ReDi 675M 200K 12.5
+ REG 677M 200K 5.0
+ REGLUE (ours) 677M 200K 4.6

+ REPA 675M 400K 7.9
+ ReDi 675M 400K 7.5
+ REG 677M 400K 3.4
+ REGLUE (ours) 677M 400K 3.2

+ ReDi 675M 700K 5.6
+ REGLUE (ours) 677M 700K 2.7

+ REPA 675M 1M 6.4
+ ReDi 675M 1M 5.1
+ REG 677M 1M 2.7
+ REGLUE (ours) 677M 1M 2.5

Table 4: Comparison with state-of-the-art.
Quantitative results on ImageNet 256 × 256 with
classifier-free guidance (CFG). REPA, ReDi, REG and
REGLUE employ an SiT-XL/2 model. ∗Does not use SD-
VAE latents. †Uses class-balanced evaluation protocol.

Model Epochs FID↓ sFID↓ IS↑ Pre.↑ Rec.↑

Autoregressive Models
VAR 350 1.80 - 365.4 0.83 0.57
MagViTv2 1080 1.78 - 319.4 0.83 0.57
MAR 800 1.55 - 303.7 0.81 0.62

Latent Diffusion Models
LDM 200 3.60 - 247.7 0.87 0.48
U-ViT-H/2 240 2.29 5.68 263.9 0.82 0.57
DiT-XL/2 1400 2.27 4.60 278.2 0.83 0.57
MaskDiT 1600 2.28 5.67 276.6 0.80 0.61
SD-DiT 480 3.23 - - - -
SiT-XL/2 1400 2.06 4.50 270.3 0.82 0.59
FasterDiT 400 2.03 4.63 264.0 0.81 0.60
MDT 1300 1.79 4.57 283.0 0.81 0.61

Leveraging VFM’s Representations
ReDi 800 1.61 4.66 295.1 0.78 0.64
REPA 800 1.42 4.70 305.7 0.80 0.65
REG 800 1.36 4.25 299.4 0.77 0.66
RAE∗ 800 1.13 − 262.6 0.78 0.67

REPA-E∗† 800 1.12 4.09 302.9 0.79 0.66

REG 80 1.86 4.49 321.4 0.76 0.63
REPA-E∗ 80 1.67 4.12 266.3 0.80 0.63
REGLUE (ours) 80 1.59 4.22 282.9 0.78 0.64

REG 160 1.59 4.36 304.6 0.77 0.65
REGLUE (ours) 160 1.46 4.23 293.9 0.78 0.65

160-epoch REGLUE remains competitive with models that leverage VFM represen-
tations and are trained for substantially longer (REPA, FID 1.42; REG, FID 1.36).
Classifier-free guidance ablations are presented in Suppl. Table 12. We provide
qualitative results in Sec. E, along with small-scale dataset and higher-resolution
results in Suppl. Sec. A.7.

4.4 Semantic compressor impact

As we highlight in Sec. 3.3, the channel dimensionality of VFM representations
is substantially higher than that of image latents, which can lead to degraded
performance when fused naïvely. To mitigate this, ReDi [29] employs linear PCA
to project the representations into an low-dimensional latent space; however, as
we show in Table 1, this design choice is suboptimal. In contrast, we show that
our non-linear CNN-based semantic compressor (Suppl. Figure 4) can substan-
tially improve generation quality. In this section, we examine its main design
choices: the compression dimensionality (Table 5), the compressor capacity (Ta-
ble 6), the set of VFM layers used as input (Table 7), and quantify their effect
on both sample quality and efficiency. We further measure how much seman-
tic information is preserved under compression using downstream probing tasks
(Table 2).
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Fig. 2: Attentive probing accuracy vs. generation
quality on ImageNet for DINOv2 patch-level com-
pression variants. Each point reports top-1 attentive
probing accuracy [46] and FID, bubble size reflects fea-
ture dimensionality. Our nonlinear compressors (8/16
channels) achieve lower FID at higher accuracy com-
pared to PCA-based compression, while the dashed line
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Table 5: Performance
vs. compression chan-
nels. Ablation of the final
compression channels, in
DINOv2 last layer’s repre-
sentation, using SiT-B/2
trained for 400K steps
without REPA loss.

Semantic preservation under compression. Figure 2 evaluates how well
compressed patch-level features retain VFM semantics via attentive probing
accuracy on ImageNet [46] and how this relates to generative quality (FID).
Our non-linear semantic compressor preserves semantics much better than lin-
ear PCA: with only 8 channels it achieves substantially higher probing accuracy
and lower FID than the PCA-compressed ReDi features, and increasing to 16
channels further improves both metrics, approaching the full 768-channel DINOv2
baseline. In contrast, the PCA-based compression in ReDi yields low probing
accuracy and only modest FID gains, indicating that non-linear, spatially struc-
tured compression is key to preserving semantic information while improving
generation quality. Additional semantic preservation analysis with semantic seg-
mentation experiments on Cityscapes [13] are presented in Suppl. Sec. A.1.

Semantic compression dimensionality. Table 5, examines how the number
of compression channels affects generative performance. Aggressive compression
(i.e., 4-channels) removes too much information, leading to degraded FID. Per-
formance improves as we increase the number of channels up to 16, but degrades
again at 20 channels. This suggests an optimal intermediate subspace: the com-
pressed features preserve essential information to guide generation, yet are com-
pact enough to stay balanced with the 4-channel image latents and not dominate
the model’s capacity. We therefore adopt 16 channels for REGLUE configuration.

Semantic compressor design. Our aim is to keep the compressor lightweight
while preserving essential information. In Table 6, we present an ablation over
different hidden-layer widths. Reducing the hidden dimensionality from 256 to
128 channels degrades FID, indicating that overly constrained bottlenecks limit
the ability to preserve essential semantic information. Increasing the hidden size
from 256 to 512 channels yields no further improvement in FID, while doubling
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the model size and significantly reducing throughput, making this configuration
inefficient. Pushing the capacity further (e.g., 1024 hidden size) leads to unsta-
ble compressor training. Moreover, increasing the model depth, via additional
convolutional layers or residual blocks, exhibits the same instability. Overall, a
shallow compressor with 256 hidden size offers the best balance between stability,
efficiency, and generative performance.

Table 6: Compression model size compar-
ison. Evaluation of compression encoder hidden
layer sizes using the last 4 DINOv2 layers and
SiT-B/2 as the diffusion model, trained for 400K
steps. Representations are compressed to 16 chan-
nels. REPA loss is not applied. Input and Output lay-
ers are Conv2D(in, out) layers. Each middle block is
a Residual Block which comprises two 3× 3 convo-
lutional layers (stride=1, padding=1) with Batch
Normalization and ReLU activation. Samples in
Throughput column are VFM local representations.

Input Middle Output #Params Throughput FID↓

(3072,128) (128,128) (128,16) 3.8 32,304 14.2
(3072,256) (256,256) (256,16) 8.3 18,578 13.3
(3072,512) (512,512) (512,16) 18.9 9,510 13.3

Table 7: Multi-layer fea-
tures effect. We compare the
generation performance without
using REPA loss across different
sets of DINOv2 layers. Results
are reported at 400K training
steps. In all runs VFM patch to-
kens are compressed to 16 chan-
nels and SiT-B/2 is used. The
compressor input layer is de-
noted by CNN In Dim column.

Dino Layers CNN In Dim FID↓

12 768 14.3
3,6,9,12 3072 16.9

9,10,11,12 3072 13.3

Choosing VFM layers for compression. In Table 7, we study how the choice
of VFM layers fed into the semantic compressor affects generation performance.
Motivated by [43], we compare three configurations of DINOv2-B patch features:
(i) using only the last layer (12), (ii) using four intermediate layers (3, 6, 9, 12),
and (iii) using the last four layers (9–12). In all cases, the compressed features
are mapped to 16 channels and fed into the SiT-B/2 diffusion model. Using only
the final layer yields 14.3 FID, while including shallow intermediate layers (i.e.,
3 & 6) degrades performance to 16.9 FID, indicating that early-layer features do
not provide useful semantic guidance to the generation. In contrast, aggregating
the last four layers (9–12) leads to 13.3 FID, suggesting that jointly compressing
semantically rich, deeper VFM features provides the most beneficial signal for
our framework. Ablations about KL regularization of the compressor can be
found in Suppl. Table 8 and utilization of different VFMs in Suppl. Table 9.
Semantic compressor effectiveness. In Figure 3, we provide a diffusability
diagnostic. Following [55], which identifies inordinate high-frequency components
in latents as harmful for diffusion modeling, we compute DCT frequency profiles
and observe that our compressor suppresses high-frequency components that
diffusion models tend to mis-model. PCA exhibits a pronounced high-frequency
tail, which is harder to model, whereas our semantic compressor strongly atten-
uates this tail and yields a spectrum closer to the RGB reference, indicating a
more diffusion-friendly representation. Crucially, this does not sacrifice semantics
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Fig. 3: Diffusability of Semantic Compressor vs. PCA. Frequency-profile com-
parison [55] of compression strategies, with RGB as reference. The inset shows that our
compressor preserves more semantic signal (Acc.,MSE) while yielding a more diffusion-
friendly representation by suppressing excess high-frequency components, leading to
better generation quality (FID). Both map DINOv2 last-4-layer channels to 16-D.

(higher ImageNet probing Acc., lower MSE). Collectively, these improvements
enable better generative modeling (lower FID).

5 Conclusion

We introduced REGLUE, a unified generative model for latent diffusion that en-
ables efficient entanglement of reconstruction-optimized and semantics-optimized
image representations. By jointly modeling VAE latents with VFM patch-level
& global semantics, coupled with lightweight compression and aggregation com-
ponents, we have shown that REGLUE improves generation FID and accelerate
convergence on ImageNet baselines by significant margins.
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