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Abstract

Strong image generation models today are conditioned on class labels, aligned to
frozen pretrained encoders, or built on separately trained autoencoders or tokenizers.
While effective, the cost is that generation becomes contingent on supervision and
pretraining: labels must be annotated, and encoders, autoencoders, and tokenizers
must be pretrained for the target domain. This paper studies joint generative and
self-supervised representation learning in one model, such that generation is
self-conditioned without any labels or pretrained models. This is challenging since
the two objectives are mismatched: contrastive learning consumes clean augmented
views and keeps coarse, invariant semantics, while flow matching consumes noisy
images and must preserve the fine detail and spatial layout that contrastive learning
discards. We propose a framework Self-conditioned Generation on Self-supervised
representation (SCION), whose core is a single pixel-space encoder conditioned
on both the diffusion timestep and a conditioning embedding. The encoder serves
two roles that differ in what that embedding is. For representation learning, the
conditioning embedding is one learned global vector shared by all images, and the
encoder’s [CLS] token yields the semantic embedding trained by the contrastive
loss. For generative training, the conditioning embedding is the [CLS] embedding
of the image itself, and the encoder’s patch tokens pass through a decoder to predict
the image. To sample without a reference image at inference, we also learn a
prior over the embedding in the same run. With gradient-norm balancing and stop-
gradient tricks, all losses are jointly optimized in a single run. The resulting method
is fully self-supervised, with no pretrained model and no labels. On ImageNet
256 x 256, with the same JiT-B/16 recipe and without representation guidance,
SCION reaches 8.92 FID, surpassing the class-unconditional baselines iREPA,
which aligns to a pretrained DINOv2 (46.44), and RCG, which conditions on it
(14.27). Under the JiT-L/16 recipe, SCION achieves the best pixel-space class-
unconditional FID of 5.89 and 3.47 without and with representation guidance,
outperforming RCG with the ADM recipe (6.24).

1 Introduction

Diffusion and flow matching models have achieved remarkable success in image generation (Ho
et al., 20205 Song et al., [2021} Lipman et al.l 2023} |Liu et al., 2023). Yet many strong systems rely on
class labels for semantic conditioning (Dhariwal & Nichol, [2021; |Li & He, [2026)), frozen pretrained
encoders for conditioning or representation alignment (Li et al., 2024a}; |Yu et al.| 2025} Singh et al.|
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20206)), or separately trained autoencoders for latent-space generation (Rombach et al.| |2022). These
dependencies add annotation or pretraining costs and complicate extension to domains where suitable
labels or pretrained models are unavailable. A central challenge is therefore to enable semantically
self-conditioned generation, where the semantic representations that condition generation are learned
within the diffusion model itself, jointly with the generative process.

We pursue semantic self-conditioned generation under four “S” requirements: self-contained, without
pretrained components, including autoencoders and tokenizers; self-supervised, without label supervi-
sion anywhere in the pipeline, including that inherited through pretrained components; single-model,
with representations produced by the generator’s own network; and single-stage, with all components
learned jointly from scratch. Existing methods (cf. Table[T]) address different aspects of this goal
but satisfy these requirements only partially (L1 & He, |2026; Yu et al., [2025; [Li et al., 2024al 2023}
Preechakul et al.,[2022; Hudson et al., 2024} [Wang & He| [2025)). These comparisons highlight the
remaining challenge: achieving semantic self-conditioning under all four “S” requirements, with
useful representations and unconditional synthesis learned together within one model.

A natural approach to semantically self-conditioned
generation is to learn the conditioning representations
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To address these challenges, we propose Self-

Conditioned Generation on Self-Supervised Representation (SCION), a framework for semantically
self-conditioned generation through joint generative and self-supervised representation learning. At
its core is a single pixel-space transformer encoder conditioned on both a timestep and a conditioning
embedding. Our key idea is to use this encoder in two conditioning modes with different readouts.
For representation learning, the encoder processes clean augmented views using a learned global
conditioning vector shared across all images, and a contrastive objective trains its [CLS] embedding.
For generative learning, the same encoder processes noisy images conditioned on the clean image’s
own [CLS] embedding, and a decoder maps its patch tokens to a clean-image prediction under a
flow matching objective. This design keeps contrastive inputs clean while using spatial features for
generation, allowing both objectives to train the shared encoder.

To coordinate joint optimization, we employ gradient-norm balancing and stop-gradient operations.
We also train a prior over the learned embeddings in the same run, enabling generation without
reference images. Randomly withholding the conditioning embedding during training also supports
classifier-free guidance (Ho & Salimans| 2021}, with guidance supplied by learned representations
rather than class labels. All components are trained jointly from scratch, without labels, pretrained
teachers, latent autoencoders, or tokenizers. We evaluate on ImageNet at 256 x 256 against flow-based
baselines matched on the JiT-B/16 recipe. SCION reaches 8.92 FID, improving by 6.1 x over the
strongest self-contained baseline (54.14), and outperforming methods that import pretrained seman-
tics, either aligning with them (iREPA, 46.44) or conditioning on them (RCG at matched training
budget, 14.27). Self-representation guidance further reduces SCION to 4.20 FID, outperforming
representation-guided RCG (5.01) without importing a pretrained encoder. At larger scale, SCION
(JiT-L/16) reaches 5.89 unguided FID, improving on the 6.24 reported by pixel-space RCG with an



Table 1: Comparison with related works under the four S requirements. Extended discussion
on related works is presented in Appendix |A] Self-contained means no pretrained component;
self-supervised means no label supervision anywhere in the pipeline; single-model means that the
representation is produced by the generator’s own network; and single-stage means that all compo-
nents are learned jointly from scratch. Capabilities report a learned and evaluated Representation
and unconditional Synthesis with no source image to encode. All pipelines are as published, except
REPA and Dispersive, which we combine with the pixel-space JiT recipe.

four S requirements capabilities

Method Self-cont. Self-sup. Single-mod. Single-stage Repr. Synth.
Pixel-space generation

JiT (Li & He, 2026) v X v X v

JiT + REPA (Yu et al., 2025) X X X X X 4

JiT + Dispersive (Wang & He, [2025) v X v v X v
Semantic conditions

RCG (ADM) (Li et al.|[2024a) X v X X X v
Joint representation and generation

MAGE (Li et al.|[2023) X X 4 X v v

DiffAE (Preechakul et al.} [2022) v v X X v v

SODA (Hudson et al., [2024) v v X v v X

SCION (ours) v v v v 4 v

ADM training recipe. As Figure[I|shows, SCION’s learned representation also remains competitive
with contrastive-only training.

2 Preliminaries

Let D = {z;} Y, be a dataset of images sampled from an unknown data distribution pqat., which
we want to model. For contrastive learning, we let A,, Ay ~ A denote two random augmentations
from a predefined augmentation policy A (e.g., random crop, horizontal flip). For flow matching, we
sample a timestep ¢ € [0, 1] from a logit-normal distribution logit () ~ N (i, o?), and a noise vector
€ ~ Pnoise Where ppoise = N (0, I) is a standard Gaussian distribution. Let || - || denote the Euclidean
norm and let sim(u, v) = u' v/(||u|| ||v||) denote the cosine similarity between two vectors.

2.1 Flow matching

Flow matching (Lipman et al.l 2023} |Liu et al.,|2023} |Albergo & Vanden-Eijnden|2023) is a generative
modeling framework that learns a continuous-time vector field whose integral curves transport a
noise distribution p,.ise to the data distribution pqa.t,. Its trajectories follow the ordinary differential
equation (ODE) dx;/dt = v:(x;) started at £y = € ~ Ppoise, SO that 1 ~ paata: the velocity field
is the time derivative of this marginal path, and solving the ODE is what generates samples.

The marginal field is defined from a conditional path between a noise sample and a data sample,
which we denote by ;. Most works choose the conditional path according to the linear interpolant:
Ty =tx+ (1 — t) €, T ~ Pdata; € ™~ Pnoise-

Differentiating it gives the conditional velocity v;(Z: | x, €) = d&:/dt = & — €, which depends on
the endpoints rather than on the current state alone. Following L1 & He|(2026)), instead of directly
parameterizing the velocity field v:(Z: | x, €), we use the fact that v;(z: | x,€) = (x — 1) /(1 — 1)
and predict the clean image « instead. Thus, we parameterize a neural network Fy (&, t) that predicts
the clean image & from the noised input &; and time ¢. Then, the Conditional Flow Matching (CFM)

objective is given by:
Fy(@t) -z, x—& |

1-1¢ 1-1¢

ey

LCFM = Et7€’\’pnoise7w’\’pdata ‘

Generation is done by approximately integrating the ODE through a numerical ODE solver and the
trained model. For example, Euler’s method with M steps gives

1 1 M-l Fe(wi/M, ﬁ) — LM
Ty = € ~ Pnoises T =T+ v(xy) dit = @ + — Z i - @
0 M = 1=



2.2 Contrastive Self-supervised Representation Learning

For self-supervised representation learning, we consider contrastive objectives, which learn a repre-
sentation by pulling together strong augmented views of the same image and pushing apart views of
different images (Chen et al.| 2020a; He et al.,|2020). Thus, for a given image x;, we take its two
views A, (x;) and Ap(x;) as a positive pair, and define its negatives as the set of augmented views of
all other images in the dataset, S~ = {A(z) : x € D\ {x;}, A ~ A}.

Let fp be an encoder that maps an image to a d-dimensional representation vector, and h,, a projection
head that maps the representation to a space where the contrastive loss is applied. We denote by
E(x) = hy(fo(x)) the representation for contrastive learning.

Conventional approaches of contrastive learning either require a large batch size (Chen et al.l 2020a)
or maintain a large memory bank (He et al., 2020). To avoid these, we follow the recent advances in
optimizing a global contrastive objective (Yuan et al., 2022; [Wei et al.l 2024)):

Lacr = Egnp, Aa,Ab~A[€(E(Aa(fBi)), E(Ap(x;))) ], 3)
l(u,v) = 7log Z(u,v), Z(u,v) = Eps- [exp((sim(u, E(x')) — sim(u,v))/7)] .

To optimize this compositional objective, we use the SogCLR algorithm (Yuan et al.,|2022). The
key idea is to maintain a moving-average estimator of Z(x;, -) for each anchor image x; using only
mini-batch data and use it to compute a stochastic gradient estimator. We refer readers to|Yuan et al.
(2022) for more details of the algorithm.

3 Self-conditioned Generation on Self-Supervised Representation

In this section, we present the proposed framework SCION, including the model structure and the
training objective and strategies.

3.1 The Unified Model

Since we model images directly in pixel space, we adopt the “Just Image Transformer” (JiT) archi-
tecture for image generation (L1 & Hel [2026)). To integrate generation with representation learning,
we partition JiT into two components: an encoder fy and a decoder g4, parameterized by 6 and ¢,
respectively. Both fy and g4 consist of multiple Transformer blocks. To process an image, we split it
into non-overlapping patches, linearly embed the patches into a sequence of 7' tokens, and prepend a
learnable [CLS] token.

One encoder, two purposes. The encoder processes two types of inputs for two distinct purposes.
For flow matching, it encodes a noise-diffused image &; = tx + (1 — t)e. For contrastive learning,
it encodes a strongly augmented, non-diffused image A(x). To accommodate both types of inputs,
we condition the encoder fy on the timestep ¢ € [0, 1], where ¢t = 1 corresponds to a non-diffused
image. To enable semantically self-conditioned generation, we additionally condition the encoder on
an embedding vector ¢, whose construction is described below. We therefore write the encoder as
fo(z | t, ¢), where z denotes either a clean image x, its augmented image A () or a noise-diffused
image .

The encoder output also serves two different purposes. For contrastive learning, it should provide a
compact semantic representation that is invariant to variations in appearance and spatial layout. For
generation, it must preserve fine-grained visual details and spatial structure. To accommodate these
different requirements within a single encoder, we use two readouts from its output: the [CLS] token
embedding e € R? used for representation learning, and the patch-token embeddings h € RT*¢
used for generation. For convenience, we introduce two readout operators, 7 and 73, which extract
the [CLS] token embedding and the patch-token embeddings from fy(z | ¢, ¢), respectively.

Two conditioning modes for two purposes. For generative modeling, we would like the encoder
to process the noise-diffused image ; conditioned on a semantic representation e(z) of the corre-
sponding clean image, namely, fo(Z; | t, e(x)). However, the representation e(x) must itself be
produced by the same encoder, creating an apparent circular dependency: the representation used to
condition the encoder cannot simultaneously depend on that conditioned forward pass.
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Figure 2: The network structure and information flow of SCION. One shared encoder fy is run twice
per step. () The representation pass (blue) encodes every view clean at t=1 under the learned null
ey, and hy, maps the [CLS] readout to z for Lcr,. @ The generative pass (violet) noises the original
view and conditions on the detached sg(e) the first pass produced, the self-conditioning loop, drawn
as the one dashed teal edge. Its patch tokens go to g4 for Lorm. The prior e, (amber) regresses the
standardized embedding €. A // across an edge marks a stop-gradient. The auxiliary Lcpc term of
Equation [d]is not drawn.

To break this dependency, we introduce a learnable null embedding e . The semantic representation
of a clean image is first obtained through a null conditioned encoding step, e(x) = me 0 fo(x | 1, eg).
Likewise, for a strongly augmented view A(x), its representation for contrastive learning is computed
as e(A(x)) = me o fo(A(x) | 1, ex). The resulting clean-image representation e(x) is then used as
the semantic conditioning signal when processing the corresponding noise-diffused image, yielding
hy = 7 o fo(Z: | t,e(x)). Thus, the same encoder operates in two conditioning modes: null-
conditioned encoding for representation learning and semantic-conditioned encoding for generation.

The decoder. Given a noise-diffused image x;, the decoder takes the encoder’s patch-token
embeddings h; = mp, o fo(Z: | t,e(x)) as input. As with the encoder, we condition the decoder on
both the timestep ¢ and the clean-image representation e(x). The prediction is therefore given by

9o (bt | 1,e(x)).

In summary, the unified model uses the same encoder in two complementary ways. For representation
learning, an augmented image is encoded with null conditioning as e(A(x)) = meo fo(A(x) | 1, en),
and its [CLS] token embedding is used for contrastive learning. For generation, the clean-image
representation e(x) = . o fy(x | 1, e) is used to condition both the encoder and decoder when
processing &, with h, = 7, o fo(Z, | t, e(x)) and prediction g4 (h; | t, e(x)). In this way, a single
encoder simultaneously supports semantic representation learning and semantically conditioned
image generation. To implement conditioning in both the encoder and decoder, we adopt adalLN-
Zero (Peebles & Xie, 2023). The proposed model structure of SCION is presented in Figure 2]

3.2 The Joint Training Objective

Below, we present each objective component and then combine them for joint training.

Contrastive loss. For a clean image x, we generate two strong augmented copies A; () and As(x).
All 3 views are encoded by conditioning on ¢ = 1, ¢ = egy. Following the practice of contrastive
learning, the encoder’s outputs are projected with a parameterized projection head h,, to produce
the embeddings for contrastive learning, i.e., 20 = hy(fo(z | 1,e5)), 2! = hy(fo(A1(z) | 1, e5)),
and 22 = hy(fo(A2(z) | 1,ex)). Each of the three views will serve as a contrastive anchor for
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defining the contrastive loss:

1 a b
EGCL(@,’l/J;?B) = IEA1,Az 6 Z e(z ) % )
a,b=0,a#b

FM loss. For the clean image x, we sample a noise-diffused image x; and define the CFM loss as:

Lcerm(0,0;x) = Ey e

9s(mn o fo(@ | te(x)) | te(m) —F = — H2
1—t 1—¢ Il

Learning the Representation Prior. During training, the generative model is conditioned on the
representation e(x) of the input image. When generating new images at inference time, however, this
representation is unavailable. We therefore learn a prior over representations using a flow matching
model e,,. For each image x, we construct a standardized embedding e(x) = (e(x) — p)/o and
its noisy counterpart &, () = t'é(x) 4+ (1 — t')€/, where p and o denote the embedding mean and
standard deviation vectors, division is elementwise, and t' € [0, 1] and €' are a sampled timestep
and noise vector, respectively. Given é, (x) and ¢’, the model e, predicts the clean standardized
embedding é(x). Following CFM, we define the representation prior FM loss as
colév(@).t) —év(x) e(x)—éu(z)|’

£prior(W; CB) = Et’,e’ 1_¢ 1_¢

Conditioned-Branch Consistency Loss. The shared encoder operates in two conditioning modes:
null conditioning for representation learning and representation conditioning for generation. Even
for a clean image, these modes may produce different outputs, namely fp(x | 1,e) and fo(x |
1, e(x)). Moreover, when processing a noisy image &, for generation, the encoder should produce
representations that remain semantically consistent with the clean-image representation e(x) =
7e © fo(x | 1, ex). Such consistency keeps the [CLS] token informative and, as the patch tokens
attend to it in the encoder, shapes the patch features fed to the decoder. Since the preceding losses do
not explicitly enforce this consistency, we introduce the conditioned-branch consistency (CBC) loss:

Lepe(;x) = —Eyesim(me o fo(Te | L, e(x)), e(x)).
Combining these losses yields the final joint objective:

min Epop [ ALacn(0, ;) + Lorm(0, ¢; ) + Lprior(w; @) + nLepe(0; w)} , 4)

0,9,9,w

where 7 is a fixed hyper-parameter and A is to balance between the global contrastive objective and
the CFM objective.

3.3 Training Strategies and Sampling

To facilitate the training of the unified model by optimizing the joint objective, we employ the
following two strategies.



Stop Gradients. For CFM, the gradient equivalence between conditional and marginal velocity
regression established by |Lipman et al.[(2023) relies on target probability paths and velocity fields
that are independent of the learnable parameters. In our setting, the conditioning representation e(x)
depends on 0, so differentiating through it introduces an additional gradient path that is not covered
by the standard equivalence argument (Appendix [D). We therefore apply a stop-gradient operation to
e(x) in the CFM loss, treating it as fixed conditioning during each update. We likewise detach e(x)
in Lprior(w; ) and Lepe(6; ). Consequently, only the contrastive loss backpropagates through the
computation of e(x), while the CFM and CBC losses update the shared encoder through the fj.

Gradient Balancing. The losses Lcpy and Lgcr, operate on different scales: the former is a
weighted squared error in pixel space, whereas the latter is a contrastive objective governed by
the temperature 7. Consequently, the trade-off coefficient A has no natural a priori scale. In our
measurements, their gradient norms at the shared encoder differ by more than an order of magnitude,
with ||VLcw|| = 40 ||[VLcrMm|- This ratio also varies with augmentation strength, learning rate, and
batch size, making a fixed A difficult to transfer across settings. We therefore adapt A to balance the
weighted gradient norms at a subset of shared encoder parameters ¢ C 6:

EMA (|VLcpuml|) + €
EMA(||VeLacLll) + €

A= Clamp( /\mirn Amax) . (5)

Here, EMA denotes an exponential moving average, ¢ = 10~® provides numerical stability, and
[Amin, Amax] = [1072,1]. We recompute the gradient norms and update their EMAs every 10
training steps, with the clamped ratio tracking changes in the gradient imbalance. We choose ¢ as the
parameters of the encoder’s last MLP layer, the deepest layer whose parameters receive gradients
from both losses. At this layer, CFM backpropagates through the generative pass’s non- [CLS]
tokens, while the contrastive loss backpropagates through the clean-view pass’s [CLS] tokens. This
separation allows their gradient norms to be recovered during the ordinary backward pass with
additional computation confined to local gradient products and norms at this layer (Appendix [B.3).
In Appendix [B] we present Algorithm [2]for the complete balancing procedure, and Algorithm [I|for
the joint training.

Sampling at Inference. At inference time, we first generate a standardized embedding by inte-
grating the representation prior’s ODE, defined by the model e, starting from embedding-space
noise €. We then reverse the standardization to obtain the representation e and use it to condition the
image-generation ODE, defined by the model Fy 4 = g4 © ™, © fg (see Figure b)).

Representation Guidance. To enable classifier-free guidance (Ho & Salimans} 2021) with rep-
resentation conditioning at inference, we replace the conditioning representation with a second
learned null embedding ¢z with probability 0.1 during training. This allows the same network
to learn both representation-conditioned and unconditional generation. At inference time, we in-
tegrate the image-generation ODE using the guided velocity field. Let the predicted velocity be

vg,¢(xi,t | €) = (Fpp(e,t | €) — ) /(1 —1):
Vefg = Vo,0(X1, 1 | o) + 5 (Vo,p(x1,t | €) — vy (e, | ca)), s>1, 6)

where s is the guidance scale. It is notable that the two null embeddings serve distinct purposes: cg
enables unconditional generation, whereas e allows the encoder to extract e(a) without conditioning
on the representation itself.

4 Experiments

This section evaluates SCION in three settings. We first conduct a controlled comparison with
baselines that share the same backbone, training budget, and flow-matching recipe, isolating the
contribution of the proposed framework. We then compare with published unconditional pixel-
space systems using their reported scores, providing a system-level reference. Finally, we ablate
SCION to identify the contribution of each component and compare its representation with that of a
contrastive-only model.

Baselines. We compare SCION with vanilla flow matching (FM) and four methods built on it:
Dispersive Loss (Wang & He, [2025), REPA (Yu et al., [2025), iREPA (Singh et al., |2026), and



Table 2: Controlled comparison on ImageNet 256 x Table 3: Comparison with published un-
256. All rows use the JiT-B/16 recipe for 400 epochs. conditional pixel-space systems on Im-
ageNet 256 x 256. T retrieves real im-
generation  representation ages; RG denotes representation guidance;

Method pretrained enc. FID| IST Acc.t transfer-81 SCION (B/16) uses 800 epochs on JiT-B/16
— and SCION (L/16) uses 400 epochs on JiT-

class-conditional L/16

JT X 2493 63.6 5.30 30.10 :

JiT + Dispersive X 26.73 587 1.79 20.72 .

JiT + REPA v 2799 580 60.80 69.01 Method pretrained enc. params FID] ISt

JiT + iREPA v 27.01 62.1 61.86 74.14 BigGAN X ~70M 38.61 24.7

ADM X 554M 26.21 39.7

class-unconditional RCDM T / DINO — 190 519

JiT X 5540 19.2 1127 2684  1C.GANT JSwAV  ~75M 156 59.0

JiT + Dispersive X 5414 19.7 748 2233 RCG (ADM) v/ MoCov3 ~617M 6.24 136.9

JiT + REPA v 49.73 24.6 63.57 72.62

JiT 4 iREPA v 46.44 262 65.11 75.43 gggg Egﬂ? RG) § ;gm ;gz }%g

RCG (JiT) v 1427 934 6.54 30.28 SCION (L/165 X 550M 5:89 151:6

SCION X 8.92 1184 72.35 79.89 SCION (L/16, RG) X 559M 347 201.7

RCG (Li et al.| [2024a)). Thus, the baselines span FM alone, self-contained feature regularization
(Dispersive), external-feature alignment (REPA/AREPA), and external semantic conditioning (RCG).

Setup. All controlled methods use the same JiT-B/16 backbone (Li & He, 2026) with attention
residuals (Appendix [F), flow matching recipe, ImageNet-1K (256 x 256) training data (Deng et al,
2009} Russakovsky et al.l 2015), and a total training budget of 400 epochs. The baselines that import
semantics use a frozen DINOv2 ViT-B encoder (Oquab et al., [2024)), pretrained on external data.
REPA and iREPA retain their original split of 4 encoder and 8 decoder blocks, whereas Dispersive
Loss and SCION use 8 encoder and 4 decoder blocks. We split RCG’s training budget between its
generator and prior, training for 200 epochs each. We also evaluate RCG with both its original prior
architecture and ours: the original architecture performs better, so we report that result.

Evaluation. We evaluate generation with FID and Inception Score (IS) under the ADM protocol
(Dhariwal & Nichol| 2021) on 50K samples. We evaluate representations using ImageNet top-1
accuracy (Acc.) and the average accuracy across eight datasets for transfer learning (transfer-8;
datasets listed in Appendix [E.Z). For both probes, we train a logistic-regression classifier on the
frozen representations produced by the model. For the baselines, the representation is the mean
pooling of patch token embeddings at the encoder—decoder split, or after the last block for vanilla JiT
and RCG; for SCION, we use its [CLS] token at its own split. Training and evaluation details are in
Appendix [E} and architecture details in Appendix

4.1 Controlled matched-recipe comparison

Table [2] compares all methods under the matched recipe. SCION achieves the best performance
on both generation and representation capabilities. On unconditional generation, it achieves 8.92
FID, greatly improving on the best self-contained baseline (54.14). It also improves on the strongest
alignment baseline, iREPA (46.44), and on RCG (14.27), both of which import semantics from a
pretrained DINOv2 encoder. Moreover, SCION surpasses the class-conditional baselines, whose best
unguided FID is 24.93, without using labels or an external encoder. Notably, after only 200 epochs,
SCION already leads every matched baseline and surpasses RCG’s 400-epoch-equivalent checkpoint
on all four metrics, despite RCG’s additional frozen prior-training stage (Table[9] Appendix [C.2).

External DINOv2 semantics improve the other baselines in different ways: iREPA transfers part of
them into the generator’s own features, reaching 65.11% Acc. at 46.44 FID, whereas RCG improves
generation to 14.27 FID but reaches only 6.54% Acc. and 30.28% transfer-8. SCION achieves
72.35% Acc. and 79.89% transfer-8, exceeding every baseline. Together with Table these results
show that SCION is the only controlled method satisfying all four “S” requirements while also
achieving the best generation and representation results.

Representation guidance. SCION’s learned representation can also replace labels as a guidance
signal (Equation [6). Table 4] compares SCION’s generation performance under representation
guidance. SCION reaches 4.20 FID, improving on RCG’s 5.01 while conditioning on its own learned



Table 4: Guided generation without la- Table 5: Building SCION from unconditional flow
bel supervision. Each row is evaluated matching. Cumulative JiT-B/16 construction at a
at its independently swept guidance scale. matched 200-epoch budget. Each row adds the stated
Rows in gray text use ground-truth class component. CL-only is a separately trained contrastive-

labels and are included for reference. only control and has no generative objective.

Method pretrained enc. FID|  IS? Components FID] Acc.? transfer-871

guided on a representation CL only — 71.76 77.68

SCION (ours) X 4.20 162.1

RCG (JiT) v/ 501 164.1 FM 61.17 10.65 26.19
+ CL 57.40 65.43 76.69

guided on a class label, for reference + gradient-norm balancing 54.79 65.49 75.95

JiT X 3.94 266.7 + self-conditioning 4- prior 11.66 70.97 78.86

JiT + REPA v 3.57 286.9 + CBC (SCION) 10.10 71.32 79.73

representation and sampling it from a jointly learned prior. The class-guided JiT and REPA rows are
provided for reference: they use ground-truth labels at sampling time, which SCION never observes.

4.2 System-level comparison

Table [3| compares SCION at two different model scales with published unconditional pixel-space
systems: BigGAN (Donahue & Simonyan, |[2019), ADM (Dhariwal & Nichol,2021), RCDM (Bordes
et al. 2022), IC-GAN (Casanova et al., 2021), and RCG (L1 et al., [2024a). SCION (B/16) uses
JiT-B/16 as the backbone, while SCION (L/16) uses JiT-L/16. Unlike the controlled comparison, these
reported results span different architectures, training budgets, and protocols, and should therefore
be read as a system-level reference. At 231M parameters, with self-representation guidance SCION
(B/16) reaches 3.51 FID and 178.7 IS after 800 epochs, which are better than RCG (ADM), despite
using less than half of RCG’s ~617M inference-time parameters and requiring no pretrained encoder.
For SCION (L/16) with 559M parameters, which remains slightly smaller than RCG (ADM), we
only train for 400 epochs. Under self-representation guidance it reaches 3.47 FID and 201.7 IS,
significantly outperforming every previously published pixel-space system in the table. Moreover,
representation guidance improves SCION over unguided variants. Table[T0]in Appendix [C] provides
the broader comparison including latent-space systems.

4.3 Ablations

To isolate the contribution of each component, we use the same JiT-B/16 recipe as the controlled
comparison and train every model for 200 epochs.

From flow matching to SCION. We decompose SCION by sequentially adding its components to
unconditional flow matching. Table [5|shows that contrastive learning first makes the representation
useful, increasing Acc. from 10.65% to 65.43% and transfer-8 from 26.19% to 76.69%, while slightly
improving FID from 61.17 to 57.40. Gradient-norm balancing further reduces FID to 54.79 while
maintaining representation quality and avoiding manual selection of the contrastive weight. Adding
representation self-conditioning with the jointly learned prior converts these representation gains into
substantially better generation, reducing FID to 11.66. Finally, CBC completes SCION and reaches
10.10 FID, with 71.32% Acc. and 79.73% transfer-8. Appendixprovides a more detailed ladder.

Comparison with contrastive-only training. Table [5|also compares with a contrastive-only control
using the same 8-layer encoder, evaluated at 200 epochs. Its learning rate, temperature, and weight
decay are tuned independently for contrastive learning. SCION reaches 71.32% Acc., close to the
control’s 71.76%, while attaining higher transfer-8 accuracy (79.73% versus 77.68%). Thus, joint
training retains representation quality comparable to dedicated contrastive learning while also learning
to generate. Appendix [C.I|repeats this comparison at 200, 400, and 600 epochs.

Additional ablations: Qualitative results, and generator vs. prior. Appendix |G|shows genera-
tions from real-image representations and interpolations between them. Appendix [C.4]shows that
conditioning on the prior instead of the encoder’s representations raises precision and lowers recall.



5 Conclusion

We presented SCION, a framework that jointly learns image generation and semantic representations
in a single pixel-space model, trained from scratch without labels or pretrained components. By
integrating contrastive learning with flow matching, representation self-conditioning, and a jointly
learned embedding prior, SCION supports both representation extraction and unconditional image
generation. Experiments on ImageNet demonstrate substantial improvements over matched generative
baselines while retaining representation quality competitive with dedicated contrastive learning.
These results show that strong generation and useful representations can be learned together in a
self-contained, self-supervised training process. Future work will explore downstream applications
and extensions to domains where labels and pretrained models are scarce.

Ethics statement

Like other image-generation methods, SCION could be used to produce misleading or harmful
imagery. We consider the potential for misuse of the models studied here to be limited by their current
image fidelity, 256 x 256 resolution, and class-unconditional sampling without text-based or explicit
identity control. These limitations do not eliminate risk: generated images and learned representations
may reflect biases or sensitive content in the training data, and we have not evaluated training-image
memorization or demographic fairness. By removing the need for labels and pretrained components,
the method also lowers the barrier to training on new domains and could enable more capable models.
Such extensions would require assessment of risks appropriate to their capabilities and intended use.

Training uses multiple NVIDIA H200 GPUs (Appendix [E), with an associated energy cost. Our
single-stage approach avoids separate pretraining of encoders, autoencoders, or tokenizers, although
we do not establish a reduction in total compute or energy consumption relative to other approaches.
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A Extended related work

Semantic conditioning for generation. Conditional GANSs established that class information can
substantially improve image synthesis (Mirza & Osindero, 2014} [Brock et al.,[2019). Thus, although
DDPM initially demonstrated high-quality unconditional synthesis (Ho et al., [2020)), it was soon
followed by Improved DDPM incorporating class labels into diffusion (Nichol & Dhariwall,|2021}).
Classifier guidance further strengthened the effect of this semantic signal (Dhariwal & Nicholl [2021)),
while classifier-free guidance subsequently removed the need for a separate classifier, retaining label
conditioning (Ho & Salimans, [2021)). Together, these developments made semantics a central lever
for generation, but supplied them directly through annotations.

Alongside this use of labels, efforts to reduce computation brought another source of semantics into
the pipeline. Latent diffusion and flow models generate through pretrained autoencoders (Rombach
et al.| [2022; Dao et al., 2023)), a setting later continued by transformer generators such as DiT and SiT
(Peebles & Xiel [2023][Ma et al.| [2024)). Although introduced for compression, these autoencoders can
inherit semantic information from their training objectives. VQGAN (Esser et al., [2021)), for example,
uses a perceptual loss (Zhang et al.| [2018)) based on supervised features (Simonyan & Zisserman,
2014). The semantic information carried by these tokenizers can therefore shape the representations
learned on top of them (Chen et al,2025b)) and also benefit generation beyond reconstruction fidelity
(Wang et al., 2024).

Importing representations for generation. Beyond the semantics inherited from autoencoders,
generators can also draw on representations supplied explicitly by pretrained encoders. Some align
autoencoder latents with frozen features (Yao et al., 2025} |Q1u et al.| [2025)), while representation
autoencoders generate directly in a pretrained encoder’s latent space (Zheng et al.l [2025). Others
bring the same semantic signal into the generator itself through feature alignment, as in REPA and
iREPA (Yu et al.| [2025} [Singh et al.| [2026). Since fixed alignment can conflict with generative
detail, subsequent work refines how pretrained features interact with generative training (Wang et al.,
2025b; Wu et al.l 20255 [Liu et al., 2025). ReDi instead models images and pretrained features jointly
(Kouzelis et al., [2025)).

Beyond defining the latent space or guiding internal features, representations can serve directly
as conditions. RCG and DLC take this route, conditioning on pretrained embeddings or discrete
codes derived from them, and training separate models to sample them (Li et al., 2024a; |Lavoie
et al.| [2025). Related retrieval and instance-conditioned methods obtain conditions from real images
(Blattmann et al., 2022; Bordes et al., 2022} |Casanova et al., |2021), while earlier approaches replace
labels with clusters or proxy labels (Lucic et al., [2019; [Liu et al., 2020} [Bao et al., 2022aj [Hu
et al., 2023)). These approaches show that semantic conditioning need not rely on class labels, but
importing representations introduces dependencies on pretrained components or separate training
stages. Learning these representations within the generator itself would therefore reduce the pipeline’s
external dependencies.

Self-contained generation. The pretrained components used by many of these approaches motivate
a complementary direction that removes such dependencies. Pixel-space diffusion and flow models
avoid the upstream autoencoder (Ho et al. [2020; [Song et al., 2021} [Lipman et al.| [2023)), and
recent recipes have made this setting increasingly competitive at high resolution (Hoogeboom et al.,
2023} 12025} |Chen et al.,|2025a; |Wang et al.,|2025a; L1 & Hel 2026). Operating on pixels therefore
removes one dependency, although it does not itself replace the semantic signal supplied by class
labels. Dispersive Loss and Repulsor extend this effort to representation regularization, pushing
apart intermediate features without a pretrained representation encoder (Wang & Hel [2025} Zhang
et al., [2025). In particular, Dispersive Loss finds positive-pair regularization sensitive to noisy-
view construction and therefore retains only contrastive repulsion, arguing that denoising supplies
attraction. The features nevertheless remain auxiliary regularizers, without downstream representation
evaluation or explicit semantic conditioning, and the high-quality ImageNet settings retain class
labels.

Joint generation and representation learning. Self-supervised learning offers a source of such
semantics through pretext tasks (Noroozi & Favaro| 2016; (Gidaris et al. 2018, masked modeling
(Bao et al., [2022b; [He et al., [2022; Zhou et al., [2021)), self-distillation (Grill et al., |2020; |Caron et al.,
2021])), and contrastive objectives (van den Oord et al.| 2018} |Chen et al.||2020aj He et al.| [2020). The
latter learn invariances by matching augmented views of the same image while separating different
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Table 6: Comparison under the four S requirements, extending Table|l|to the comparable systems
tabulated in this appendix. Self-contained means no pretrained component, including a latent
autoencoder or tokenizer; self-supervised means no label supervision anywhere in the pipeline,
including through pretrained components; single-model means that the representation is produced by
the generator’s own network; and single-stage means that all components are learned jointly from
scratch. Capabilities report a learned and evaluated Representation and unconditional Synthesis with
no source image to encode. All pipelines are as published, except REPA and Dispersive, which we
combine with the JiT recipe removing the latent model dependency.

four S requirements capabilities
Method Self-cont. Self-sup. Single-mod. Single-stage  Repr. Synth.
Generative recipes
DiT / SiT (Peebles & Xiel|2023{|Ma et al.|[2024) X X X X v
JiT (Li & He![2026) v X v X v
JiT 4+ REPA (Yu et al.}|2025) X X X X X v
JiT + Dispersive (Wang & He|[2025) v X v v X v
ReDi (Kouzelis et al.||[2025) X X X X X v
Semantic conditions
RCG (ADM) (Li et al.|[2024a) X v X X X v
DLC (Lavoie et al.![2025) X X X X X v
Joint representation_and generation
MAGE (Li et al.}[2023) X X v X v v
ADDRP (Tian et al.|[2024) X X v X v v
PDAE (Zhang et al.||[2022) X 4 X X v v
DiffAE (Preechakul et al.|[2022) v v X X v v
SODA (Hudson et al.||2024) v v X v v X
SCION (ours) v v v v v v

images. Although SimCLR benefits from large batches (Chen et al.| 2020b), SogCLR reduces this
requirement through a moving-average approximation to a global contrastive objective (Yuan et al.,
2022). These objectives provide useful representations, but on their own do not define an image
generator. Joint methods therefore seek to combine the two capabilities. MAGE learns and evaluates
both in one transformer (Li et al.} [2023)), but operates on pretrained VQGAN tokens (Esser et al.,
2021J), thus retaining the inherited perceptual supervision discussed above. ADDP and LZN follow a
similar joint learning goal through tokenized or modular latent pipelines (Tian et al.|[2024; |Lin et al.,
2025).

A different route makes the learned representation a condition for a diffusion decoder. DiffAE learns
this code through reconstruction, then fits a latent prior for unconditional sampling (Preechakul
et al., [2022). InfoDiffusion likewise conditions diffusion on learned codes, sampled from a prior or a
separately trained prior model (Wang et al., [2023). SODA moves from reconstruction to cross-view
generation, using a source view’s code to generate a related view (Hudson et al.|[2024). All three
methods produce their representations with an encoder separate from the diffusion decoder, and
SODA additionally requires a source image for synthesis. SCION follows the joint learning goal
while bringing the representation into the pixel-space generator itself, where it is learned, evaluated,
and used to condition synthesis. A prior trained in the same run supplies conditions without a source
image, combining the four requirements summarized in Table[6|and defined in Section|[I}

B Algorithms

We detail the training and gradient-balancing procedures of Section[3] Appendix [B.1]describes the
joint training step, Appendix explains the gradient-norm balancer, and Appendix shows how
to implement it without additional backward passes. Algorithms[I] and 2] provide the pseudocode
after these explanations.

B.1 Joint training step

Algorithm [I| describes a single training step. From every training image it forms ko = 1 original
and k4 = 2 augmented images, runs one encoder-only pass over all of them at ¢ = 1 under the null
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conditioning ey to obtain the embeddings e(*). It then reuses sg(e(!)) both as the conditioning of
the generative path and as the prior’s target, adds the conditioned-branch consistency term on the
noised input, and combines the four losses with the balanced weight \ before one backward pass and
one optimizer step.

B.2 Gradient-norm balancing

Algorithm 2] sets the contrastive weight . Every U steps it reads the gradient norms of Lcpy and
L at the shared subset ¢, the feed-forward submodule of the last encoder block, aggregates them
across GPUs, and updates exponential moving averages whose clamped ratio becomes A for this
step and the next U — 1 steps. The pseudocode describes direct per-loss gradient evaluation before
the joint backward pass. These evaluations traverse the paths from the losses to ¢. Appendix
describes how to reuse the joint backward pass, thus without the need for additional backward passes
and applying the updated weights to the following step.

B.3 Gradient measurement during the joint backward pass

We can recover the per-loss gradient norms from the joint backward pass because the losses reach
different tokens at the last encoder MLP. In the generative pass, patch and in-context tokens feed
the decoder, while the [CLS] token is removed before the decoder and feeds only CBC. In the
clean-view pass, only [CLS] tokens feed the contrastive head, and the stop-gradient operations block
contributions from the other losses. The MLP acts on each token independently, with no further token
mixing before the encoder readouts. Its gradients can therefore be separated by pass and token type.

For a linear map y; = Wx; + b within this MLP, let §; = 0Lyota1/Jy: be its incoming gradient. A
token group .S, spanning all examples on one GPU, contributes

Gws =) 6!, Grs=)» b (7

tesS tesS

The incoming gradient already accounts for downstream operations, including the SwiGLU activation
for the first linear map. Since this activation acts within each token, it preserves the separation above.
Concatenating the contributions from both linear maps into G g, gives

HGrepr,CLS H2
AQ

used

2 2 2
IVeLerml” = |Ggenmon-cusll™s  [IVeLeowll” = ®
Here, Aysea > 0 is the contrastive weight used in the backward pass, so dividing by its square
recovers the unweighted squared norm. The CBC contribution is separate and does not enter the
ratio. Summing the local squared norms across GPUs and taking square roots gives the same gradient
statistics as Algorithm 2]

The layer inputs and incoming gradients are already available during backward, so this calculation
adds only local products and norms at one MLP and a reduction of two scalars across GPUs. It
requires no additional backward traversal and leaves the training gradients unchanged for the given
step. We then use these norms to update the EMA and A, with the new weight taking effect on the
following step.
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Algorithm 1 One training step of SCION with gradient-norm balancing.

Require: Shared encoder fj, generative decoder g4, contrastive head hy;, prior e,,; original-image

and augmented-image families A,, A, with ko and k4 images, K = ko + ka

Require: Representation null ey, generation null ¢y with drop probability p; CBC weight 7;

optimizer O; subroutine GRADBALANCE (Algorithm [2); stop gradient operator sg(-)

: Minibatch and views. Draw B = {z;}2 | ~ D. For each i, draw A; ~ A, and A, ..., Ax ~

A., and set z®) = Ag(z;).

i

Representation pass (clean, ¢ = 1, null conditioning; encoder only, all K views in one forward).

egk) = 7Te(f9($5k) | 1, eg))
k k k
2" = hy(ef)/Ihy ()]
Write e; = el(-l) for the original image’s embedding.
Generative pass (original image only, full network).
€; ™~ Pnoises loglt(tz) ~ N(,U/v 02)’ ii,t = ti wgl) + (1 - tz) €;
¢; < ¢ with probability p, else ¢; + sg(e;)
€gen(Tit, t;) = Te (fg(iiﬂg | t;, cl)) and h; = 7, (fg(im | ti, cz)) one forward
Fopg(Zis, ti| ci) = g (hi | ti, Ci) (a-prediction)

: Prior pass (original image only, no image forward).

Update the EMA frame (u, o) from the original image; set €, = (e; — u)/o.
€} ~ Proises  logit(t)) ~ N (i, 0'%), €=t e+ (1—1t)€,
Evaluate the prior at (€; ¢/, t}).

: Losses, as in Equation 4]

Ly, from {zgk)} with negatives gathered across GPUs, the multi-view form of Equation
Lopm on Fy (T, t; | ¢;) against a:l(-l), Equation

Loprior ON €,,(€; ¢/, t)) against sg(&;)
Lcepe = —sim(egen (T, ti), sgle;))

Balance, backward and update.
A < GRADBALANCE(LcrMm, Lcr)
One backward pass on Lorpm + A Low + Lprior + 1 Lope, then O.step()
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Algorithm 2 Gradient-norm balancer of Section@ It keeps Lcrpm and L¢g, at comparable influence
on the shared encoder by setting A to the clamped ratio of their moving-average gradient norms at ,
which alleviates the need to tune \ per setting. It is called with the current losses and step number
and returns the weight to use.

Require: Shared parameters subset ¢ C 6, the feed-forward of the last encoder block
Require: Scale Ao, clamp [Amin, Amax], update period U, decay range [Bmin, Smax), Warmup W,
small number ¢ (e.g. 1078).

1: State: EMAcpy < 0, EMAcy, < 0, A < \g, update count k < 0.

2: Inputs at this call: the two losses, already computed, and the step index s.

3: if s mod U # 0 then

4:  return )\ (cached; the step does no extra work)
5. end if

6: k< k+1

7:

Backpropagate Loy through the decoder and Ly, through the head, each down to the output
of ¢, retaining the graph for the subsequent joint backward pass.

8: Continue each adjoint through ¢ alone to obtain V_Lcgy and V Lor.

9: Local squared norms g, < ||V L4||? for ¢ € {CFM, CL}.

10: Reduce across GPUs, Q¢ < ALL_REDUCE(q, ), and take global norms ne < 1/Qe.

11: Decay warmup: 8 < Bmin + min(1, /W) (Bmax — Bmin)-

12: EMA, « SEMA, + (1 — f8) n,.

EMA
13: A+ Ao - clamp(CFM_Fg

AInirn )\m' X
EMAqp, +¢ * )
14: return \
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C Additional Experimental Results

C.1 Detailed ablations

This section expands the construction ablation in Section[4.3] Table [7]decomposes our joint-training
recipe. It first isolates adding the contrastive loss with different view splits to the flow matching
model. It then cumulatively adds gradient-norm balancing, representation self-conditioning with the
learned prior, and, lastly, the CBC loss. All results are reported using the JiT-B/16 recipe, trained
for 200 epochs in the unconditional setting. Table [§] then tracks SCION and capacity-matched
contrastive-only controls over training. All rows train the same 8-layer encoder from scratch, while
the controls use learning rate, temperature, and weight decay tuned independently for contrastive
learning. Each control is a single 600-epoch run with a cosine learning-rate schedule, evaluated at its
200-, 400-, and 600-epoch checkpoints.

Contrastive learning benefits both tasks before self-conditioning. Adding contrastive learning
with one original and two augmented inputs substantially improves representation quality while
modestly improving the still weak pre-prior generation baseline. FID decreases from 61.17 to
57.40, while Acc. rises from 10.65% to 65.43% and transfer-8 from 26.19% to 76.69%. Using only
augmented inputs obtains similar representation quality but degrades FID to 70.46. From rung 2 on,
the representation is read from a [CLS] token. With it, gradient-norm balancing reaches 54.79 FID,
better than every fixed contrastive weight in rung 2 (56.00 to 60.25), without materially changing
representation quality and without manual selection of the contrastive weight.

Self-conditioning is the generative lever. Adding representation self-conditioning together with
the learned prior converts the improved representation into substantially better generation, reducing
FID to 11.66 while improving Acc. and transfer-8 to 70.97% and 78.86%, respectively. Adding CBC
completes SCION and further improves generation, reducing FID to 10.10.

Comparison with contrastive-only training. The control with one original and two augmented
views achieves the highest Acc. at every budget, and the control with two augmented views also
exceeds SCION at 400 and 600 epochs, whereas SCION achieves the highest transfer-8 score at
every budget. Therefore, across the 200, 400, and 600-epoch budgets, SCION learns representations
broadly comparable to those from dedicated contrastive training.

C.2 Controlled comparison at a shorter training budget

Table [9] repeats the matched comparison after 200 epochs. SCION already leads every single-run
baseline on both generation and representation metrics, and exceeds RCG’s 400-epoch-equivalent
checkpoint on every reported metric.

C.3 Unconditional generation system-level comparison

Table[T0| presents latent and pixel-space published unconditional ImageNet systems in a common
dependency view. The lowest latent-space FIDs come from multi-stage pipelines built on pretrained
autoencoders or tokenizers and, for ReDi and DLC, external DINOv2 features trained beyond
ImageNet. Within the pixel-space block, SCION (L/16) reaches 5.89 FID without an autoencoder,
tokenizer, external model, labels, or external data, and representation guidance reduces this to 3.47
using a prior learned in the same run. Since architectures, protocols, and training budgets differ across
systems, the table should be read as a system-level comparison. Tables [2]and ] give the controlled
matched-recipe comparisons.

C.4 Analysis of the representation prior

At inference, the generator is conditioned on a representation sampled from the prior e, so sample
quality depends on both the generator and the prior. To separate the two, we replace the prior sample
with the representation e(x) of a real training image, which we call oracle conditioning. It requires
real images at generation time, so it serves as a diagnostic rather than as a way to sample.
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Table 7: Detailed ablation ladder. All rows use the JiT-B/16 architecture under the same recipe
for 200 epochs and unconditional setting. Rungs O to 3 isolate the joint-training recipe before
representation self-conditioning and the learned prior. Rung 4 adds both components, and rung 5
adds the conditioned-branch consistency loss Lcopc to complete SCION. Rung 0 is our unconditional
flow-matching reproduction. views gives the number of original and augmented inputs, respectively;
bal. denotes gradient-norm balancing, which rescales the contrastive weight online.

generation representation
Rung views Mcr  FID] SsFIDJ IST Prec.t Rec.? Acc.t transfer-81
0. flow matching alone (JiT-B/16 unconditional)

1+0 — 61.17 9.05 17.53 384 559  10.65 26.19
1. add contrastive learning: which views?
li 3+0 0.025 59.08 9.25 17.96 385 571 3374 50.93
lii 0+3 0.025 7046 16.89 15.18 237 625 65.30 77.36
liii 14+2 0.025 5740 9.65 18.72 406 599 65.43 76.69
2. sweep the contrastive weight
2a 1+2 0.01 56.00 8.83 19.11 413 574 62.40 74.53
2b 1+2 0025 57.18 8.83  19.27 411 579 6547 76.00
2c 1+2 0.06 6025 9.09 18.51 389 578  65.37 75.07
3. online gradient balancer instead of manual tuning

14+2 bal. 54.79 8.62 19.76 425 586 65.49 75.95
4. add representation self-conditioning and the prior

14+2 bal 11.66 7.49  95.49 680  .520 70.97 78.86
5. add CBC (final SCION)

1+2 bal 10.10 7.24 101.91 J15 497 71.32 79.73

Table 8: Representation quality throughout training. We compare SCION with capacity-matched
contrastive-only controls trained from scratch. All rows use the same 8-layer encoder; the controls
have no generative objective and are independently tuned for contrastive learning. During inference,
the models use approximately the same number of parameters, 57.2M for SCION and 57.1M for the
controls.

Acc.t transfer-81
Method views 200 400 600 200 400 600
CL only 2 augmented 70.48 73.61 74.84 77.04 78.88 77.09
CL only 1 original + 2 augmented 71.76 74.15 74.98 77.68 78.66 76.61

SCION (ours) 1 original 4+ 2 augmented 71.32 72.35 72.61 79.73 79.89 79.87

Protocol. All results use SCION (B/16) at 400 epochs, without guidance. We draw a conditioning
set of 50 images per class, 50K in total, from the ImageNet training set with a fixed seed, and generate
one image from the representation of each. The prior arm consists of 50K images generated by the
same model from prior samples, namely the samples behind the 8.92 FID in Table[2] We compute
precision and recall (Appendix [E.2) of both arms against two references: the conditioning set itself,
and a disjoint set drawn in the same way from the remaining training images. For each reference we
use a random 10K subset for precision and recall computation, matching what ADM does.

Real representations raise recall, prior samples raise precision. Table[IT|reports the results. The

prior arm serves as a control: its samples were generated from neither reference, and it scores nearly
the same against both, with precision .718 and .722 and recall .524 and .510. The two references
therefore behave alike for samples not generated from either, so a gap between them in the oracle
arm reflects that its samples were generated from the conditioning images.

The oracle arm shows such a gap. Its recall is .828 against the conditioning set and .664 against the
disjoint set, so the generated images cover the specific images they were conditioned on better than
other images from the same distribution. The representation thus carries image-specific content into
the generated image.
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Table 9: Controlled class-unconditional comparison at 200 epochs. All methods use the same
JiT-B/16 flow-matching recipe on ImageNet (256 x 256). The RCG row is a reference: its 200-epoch
generator is preceded by a frozen 200-epoch prior stage, for 400 total epoch-equivalents.

Method FID|  IST Acc.t transfer-81
JiT 61.17 17.5 10.65 26.19
JiT + Dispersive 58.68 18.0 8.88 24.06
JiT + REPA 53.07 230 6394 73.59
JiT + iREPA 4843 248 65.81 76.37
RCG (JiT; 400 total) 14.27 934  6.54 30.28
SCION (ours) 10.10 1019 71.32 79.73

Against the disjoint set, where the oracle arm has no such advantage, it still reaches higher recall
than the prior arm, .664 against .510, at lower precision, .626 against .722. The two arms share the
generator and differ only in the conditioning vectors, so this difference is due to the prior: conditioned
on real representations, the samples cover more of the reference images, while conditioned on prior
samples, a larger fraction of them falls inside the reference manifold.
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Table 10: Unconditional ImageNet-1K (Deng et al., 2009) 256 x 256 generation systems and
their dependencies. FID and IS as reported by the corresponding work. Lat. names the pretrained
VQGAN tokenizer (Esser et all 2021) or latent autoencoder, SD-VAE? or an LDM autoencoder
(LDM-AE) (Rombach et al.,2022)), and Ext. any other pretrained model. Lab. marks label supervision
anywhere in the pipeline, including the supervised perceptual loss (Zhang et al.,[2018) inherited by
VQGAN and SD-VAE. External data marks a dependency trained on data beyond ImageNet-1K. In
particular, SD-VAE uses Openlmages (Krasin et al.,2017) and, per its model card, is fine-tuned on
LAION-Aesthetics (Schuhmann et al., [2022)) and an unreleased LAION-Humans subset, DINOv2
uses LVD-142M (Oquab et al.| [2024)), and CLIP uses WIT-400M (Radford et al.| 2021)). Multi-
stage marks more than one separately trained component. Params count all inference-time models,
including a latent autoencoder or tokenizer where applicable. T retrieves real images at sampling. *
denotes DiT values reported by ReDi and * values reported by RCG. «cro) and c) denote classifier-
free and representation guidance, respectively. Training budgets are not matched. SCION (B/16) is
reported at 800 epochs and SCION (L/16) at 400 epochs.

dependencies generation

Method Lat. Ext. Lab. External data Multi-stage Params FID| IST
latent-space

DiT-B/2* (Peebles & Xie)2023} SD-VAE — 4 4 v 179M  69.3 —
DiT-XL/2* (Peebles & Xie[2023) SD-VAE — 4 4 v 724M  44.6 —
ReDi (DiT-B/2) (Kouzelis et al.]2025) SD-VAE DINOvV2 v v v 179M  51.7 —
ReDi (DiT-B/2) (RG) (Kouzelis et al.[[2025)  SD-VAE  DINOv2 v v v 179M 473 —
ReDi (DiT-XL/2) (Kouzelis et al.[[2025] SD-VAE DINOv2 v/ 4 4 724M  25.1 —
ReDi (DiT-XL/2) (RG) (Kouzelis et al.{|2025] SD-VAE DINOv2 v/ 4 4 724M  22.6 —
MaskGIT# (Chang et al.]2022) VQGAN — 4 X 4 227TM 2072 42.1
ADDP-B (Tian et al.[[2024] VQGAN — 4 X 4 176M 89 95.3
ADDP-L (Tian et al.|[2024) VQGAN — 4 X v 439M 7.6 105.1
MAGE-B (Li et al..2023) VQGAN — 4 X 4 176M 8.67 94.8
MAGE-L (Li et al.}|2023) VQGAN — 4 X 4 439M 7.04 123.5
RDM-IN' (CFG) (Blattmann et al.|2022) LDM-AE CLIP 4 4 4 400M 5.91 158.8
RCG (MAGE-B) (Li et al.}|2024a) VQGAN MoCov3 v X 4 239M 398 177.8
RCG (MAGE-L) (L1 et al.]2024a} VQGAN MoCov3 v X 4 502M 3.44 186.9
RCG (MAGE-B) (CFG) (L1 et al.}[2024a) VQGAN MoCov3 vV X 4 239M 3.19 212.6
RCG (MAGE-L) (CFG) (Li et al.|2024a) VQGAN MoCov3 v/ X 4 502M 2.15 253.4
DLC512 (Lavoie et al.|[2025}) SD-VAE DINOv2 v/ 4 v 1198M  2.00 260.7
DLC512 (CFG) (Lavoie et al.}[2025} SD-VAE DINOv2 v/ 4 4 1198M  1.59 255.4
pixel-space

BigGANi (Donahue & Simonyan, 2019} — — ~70M 38.61 24.7
ADM (Dhariwal & Nichol[2021}) — — 554M 2621 39.7
RCDMT (Bordes et al.|[2022) — DINO — 19.0 51.9
IC-GANT (Casanova et al.}2021) — SwAV ~75M 156 59.0
RCG (ADM) (Li et al.{[2024a) — MoCo v3 ~617TM  6.24 136.9

SCION (B/16) - —
SCION (B/16) (RG) — —
SCION (L/16) — —
SCION (L/16) (RG) — —

231M 7.67 127.6
231M 3.51 178.7
559M 5.89 151.6
559M 3.47 201.7

3 3 % X | X X X X X
3 3 % X | X X X X X
XX XX | NN N %%

4 SD-VAE denotes the commonly used public sd-vae-ft-ema checkpoint.

Table 11: Oracle conditioning against the learned prior. SCION (B/16) at 400 epochs, unguided,
50K samples per arm. The oracle arm (f, semi-parametric) replaces the prior sample with the
representation of a real training image, one sample per representation. Each arm is scored against
10K images from the conditioning set and from a disjoint set of training images. With the same
generator, real representations give higher recall and prior samples higher precision.

conditioning reference Prec.t Rec.t
rior conditioning set J18 524
prior €. disjoint set 722 510
) + conditioning set .645  .828
Oracle Iepr-= gisjoint set 626 .664
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D Flow Matching equivalence under a learned conditioning

This appendix explains why the shared embedding is passed through stop-gradient before conditioning
the generative and prior branches.

Our representation-conditioned generator uses the Conditional Flow Matching (CFM) objective (Lip+
man et al.| 2023) for training. Since the conditioning embedding is itself produced by the shared
encoder, we need to ensure that optimizing this conditional objective is still equivalent to optimizing
the corresponding marginal Flow Matching objective. We will present the argument for the generation
path, but the same reasoning applies to the representation prior.

At a given training step, we consider a sampled pair (x, ¢), where @ is a clean data sample and
¢ = ¢p(x) is the embedding produced by the shared encoder for that same sample. Following the
standard FM setup, let

T ~ Pdatas € ~ Dnoise; 09(33) :'ﬂ—eofﬁ(a3 | 1762), ©)]
and define the bridge state and conditional velocity by

d
xy =tx + (1 — t)e, vt:%:m—e, (10)

where x is the clean data endpoint, € is the noise endpoint, and x; is the intermediate point on the
bridge between them. This is the conditional path written &, in Section we drop the tilde in this
appendix. For a generic intermediate location w, the marginal conditional velocity is

vi(ul|c) =Ezclv, | & =u,c,t]. (11)

This is the average bridge velocity among all sampled pairs (x, €) whose interpolant passes through
the same intermediate point « under the same condition ¢ at time ¢.

The network predicts the clean image, Fy(x¢,t | ¢) = gy o mh © fo(x+,t | ¢), where we write 6 for
all generator parameters, including the decoder’s ¢, and the velocity model is the velocity it implies,

Fop(xy,t | €) — xy

vg(xe,t | €) = ¢ (12)

The CFM and FM objectives for the generation path are
Lerm(9;co) = Ea ey [[|vo(xe, t | €) — ’UtHQ} ) (13)
Len(0;co) = Ea e [[vo(ae,t | €) —vi(z: | ©)]?] . (14)

The following result follows the same decomposition as Theorem 2 of |[Lipman et al.| (2023), but
accounts for the fact that our conditioning variable is learned.

Corollary 1 (FM and CFM with learned conditioning) Ler
my =v; (x| €) = Eg e[vy | 4, €, 1]
If the conditioning embedding cy is differentiated, then
Lcrm(8;co) = Lrm(0;co) + R(0), R(0) = Eq e t[|lve — mu?] . (15)

Consequently,
VoLcorm(0;co) = VoLrm(b; o) + Vo R(0). (16)

Thus, for non-stopped cg, CFM and FM are not gradient-equivalent in general. If ¢y = sg(cyp), then
R is fixed in the FM/CFM computation graph, so the extra term vanishes and the standard FM/CFM
gradient equivalence is recovered. In our architecture, this is precisely why we apply stop-gradient to
the shared embedding before using it to condition the generative and prior branches.

It is worth naming what the extra term rewards, and what that would do to the representation. By
the tower property R(0) = E[Var(v, | @,,t, c)], where Var is the total conditional variance. From
x; =tx + (1 —t)e we have & — x; = (1 — t)(x — €), so the velocity target is the affine function
vy = (x — xy)/(1 — t) of the clean sample, whose multiplier and offset are both fixed once (x4, t)
are given. Its variance therefore scales by (1 — ¢)~2, and

Var(x | ¢, t, co(x))

R(0) = Eq, 1.c T : 17)
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is the residual uncertainty about the clean image once the noised view and the conditioning are known.
Here 6 enters only through ¢y (), since vy, ; and ¢ do not involve it. The two extremes bound what
that term can do: an uninformative ¢ leaves the full posterior uncertainty Var(x | ;,t), while a ¢
that determines x drives R to zero. Lowering R therefore means making ¢y () more informative
about z itself.

What matters for the representation is which information that recruits. The cheapest way to pin down
x from x; is to carry the detail that noising destroys, and in the limit R is minimized by a c thatis a
lossless code of «, at which point the embedding is the image again and carries no abstraction. That
is exactly the information Ly, is built to discard, since augmentation invariance means being blind to
crops, color, grayscale, and other augmentations. Without the stop-gradient, the generative objective
would therefore not merely break an identity: it would affect the contents of the shared embedding,
and the solution it prefers is a compression code rather than a representation. The stop-gradient does
not prevent generation from benefiting from whatever e carries, it prevents the generative loss from
choosing what that is, leaving that to L¢y,.

Proof Following Theorem 2 of Lipman et al.|(2023), write Vy = vo(x¢,t | ¢) and my = vy (2 | ¢).
Expanding the two squared losses gives

Vo —vell* = [IValI* = 2 (Vo ve) + [[oe]?, (18)

Vo — mall* = [[Voll* — 2 (Vo mu) + [|m*. (19)
The first terms are identical. For the cross term, by definition
my = Em,e[vt ‘ $t,t,C]7

and Vy = vg(xy,t | ) is a deterministic function of the same conditioning variables. The first
equality below is then the tower property, using that (x4,t, ) is a function of (z, €, t); the second
takes Vy inside the inner conditional expectation, which is legitimate because it is measurable with
respect to exactly the variables being conditioned on; the third is the tower property again. This is
the conditioning step of the Flow Matching proof with the conditioning set enlarged to include c,

Eze,:[(Vo.mi)] = Eg, 1.c[(Vo, Ez.c[ve | 24,1, c])]

= ]Eact,t,c[ m,e[<v:97 Ut> | T, t’ CH
= ]Eaz,e,tKVGa vt>] . (20)

None of those three steps requires c to be independent of 0, so a learned conditioning leaves the cross
term intact and its entire effect is confined to the last terms. Those are not equal in general: the CFM
objective contains E||v.||?, whereas the FM objective contains E||m.||%. Instead, the difference is the
expected residual variance of the target velocity after conditioning on (x4,t, ¢):

Lerm(0; o) — Len(0;co) = Eg e,
=Eg,et [Hvt - th2] . (21)

The last equality is the conditioning step once more, with m; now playing the role Vy played above.
Since my is itself a function of (x+,t, ¢),

E({vg, my) = ]E[<]E[”t | 24,1, ], mt>] = ]E||mt\|27

[Vel|* — Ea,e |

so expanding E|lv, — m4|? = E|lv.||? — 2E (v, my) + E||my||? collapses the cross term and leaves
El|vy[* — El|m|.

Therefore, when the conditioning value is treated as fixed, this difference is independent of the velocity
model parameters, and the CFM and FM gradients with respect to those parameters are equal.
However, when ¢y is not fixed, m; and the conditional variance term R(0) both depend on 0 through
the conditioning path. Differentiating Equation|l5|gives Equation Smce Vo R(0) need not be
zero, the gradients are not equivalent in general. With stop-gradient, ¢y/06 = 0, so the derivative
of R through the conditioning path is zero and the standard fixed-conditioning FM identity applies.

Short counterexample without stop-gradient. The failure can already occur for a deterministic

linear encoder. Take x, e ~ N(0,diag(2,1)) independently in R? and fix ¢t = 2, so that x; =
1(x + €) and v; = x — €, and let the bottleneck encoder be cy(z) = z1 + Ho.
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Since Cov(vy,@;) = 4 diag(2,1) — 4 diag(2,1) = 0 and the pair is jointly Gaussian, v, is inde-
pendent of x;, so whatever (x;, cy) reveals about v, arrives through cy. Substituting the definitions
gives cg — x4 1 — Oxp 0 = %(%,1 + 6v; 2), so conditioning on (z¢, cg) is conditioning on the single
statistic U = vy 1 + Ovy 2, and m; = Efv, | U].

Now v; ~ MN(0,%,) with ¥, = diag(4,2), so Cov(v;,U) = 3,(1,0)" = (4,20)" and
Var(U) = 4 + 262. For a jointly Gaussian pair the conditional mean is the linear projection m; =
Cov(vs,U) U/ Var(U), whose residual has covariance ¥, — Cov(vy, U) Cov (v, U)" / Var(U).
Taking the trace of that residual covariance,
2 2 2
I Cov(w, U)] :6_16+49 _4+4 , VoR(0) = 86 ’
Var(U) 4+ 262 2462 (24 62)2

which is nonzero for 6 # 0. The residual variance therefore does depend on the learned conditioning,
and without stop-gradient the FM/CFM gradient equivalence fails.

R(#) =tr %,

The example also shows the direction of this dependence. R is minimized at § = 0, where ¢y = x
and U = vy 1, the highest-variance coordinate of v;. Thus, in this toy problem, the additional FM
term favors conditioning directions that explain more raw target variance. For images, this motivates
the concern that, unless the contrastive objective explicitly constrains the representation away from
such directions, the FM term can favor low-level variance that the representation objective is intended
to discard.

E Experiment details

This appendix gives the training and evaluation setup behind Section[d Table[I2] summarizes the
main hyperparameters at both scales. Unless an experiment states otherwise, the settings below are
the defaults for every ImageNet-1K (Deng et al., 2009; Russakovsky et al.,|2015) run.

All experiments are run on nodes of 8 NVIDIA H200 GPUs. To speed up experiments, we train on
up to 3 nodes for B/16 and 6 nodes for L/16.

E.1 Training setup

We follow JiT (L1 & Hel [2026)) for the generative hyperparameters and for Lcgy, including the
optimizer, the augmentation policy of the original image and the flow matching loss. We depart from
it in two places, both chosen once and applied to every image generator in the comparison, baselines
included: the base learning rate, which is tuned to 1 - 10~%; and the attention residuals of Appendix
Since every arm trains at a global batch of 1024, the learning rate is 4 - 10~*. For the contrastive
hyperparameters and the augmentation policy of the augmented images we follow SogCLR (Yuan
et al., 2022)).

The RCG baseline is our own re-implementation on this backbone and conditions on DINOv2 (Oquab
et al., |2024)) embeddings. For its prior, we use the architecture of their official implementatio a
residual MLP with 12 blocks of width 1536, trained for 200 epochs with our flow-matching objective
and prior timestep schedule. For a fair comparison, we also ran RCG with our prior, which performed
worse.

Augmentations. We use ko = 1 original image and k4 = 2 augmented images. The original
image follows JiT’s preprocessing, a center crop to the training resolution and a random horizontal
flip with probability 0.5. It is the only input the generative path sees and it is also one contrastive
anchor. The two augmented images are used by the representation path alone and follow the SimCLR
policy (Chen et al., 2020a; |Grill et al., 2020): random resized crop with scale in [0.08, 1.0], color
jitter of strength (0.4, 0.4, 0.2,0.1) applied with probability 0.8, random grayscale with probability
0.2, Gaussian blur with o uniform in [0.1, 2.0], and a random horizontal flip. This is what exposes the
shared encoder to both regimes every step, noised original images for generation and clean augmented
ones for the invariances.

Zhttps://github.com/LTH14/rcg
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Timestep sampling. For both flow matching losses we sample ¢ from the logit-normal schedule

(Esser et al., 2024): draw s ~ N(p,0?) and set t = sigmoid(s), which we write logit(t) ~
N(u,0?). The image path uses JiT’s default (1, 0) = (—0.8,0.8), and the prior path (¢/,0’) =
(—1.2,0.6), the latter selected on a frozen-prior grid and applied to the RCG baseline as well.

Losses. The contrastive objective is the multi-view form of the Global Contrastive Loss (Yuan
et al., [2022)), with fixed temperature 7 = 0.15, moving-average parameter v = 0.9, and negatives
gathered across GPUs. The generative objective is the conditional flow matching loss (Lipman et al.,
2023) with a-prediction and the velocity parameterization of JiT (Li & Hel [2026). We clamp the
1 — t denominator at max(1 — ¢,0.05) for numerical stability near ¢ = 1. The weight A on Lcr,
comes from the balancer of Section[3.3]and Algorithm[2} gradient norms are read on the feed-forward
submodule of the last encoder block, the estimate is refreshed every 10 steps, and the two moving
averages use a decay ramped linearly from 0.9 to 0.99 over the first 5000 steps. Their ratio is clamped
to [1073, 1] and multiplied by Ao = 1. The CBC weight is fixed at n = 0.01 and is not balanced.
None of these constants are tuned.

Optimization. At B/16 we train with AdamW (Loshchilov & Hutter, 2019), (51, 52) = (0.9,0.95),
in bfloat16 mixed precision, under a constant learning rate with a linear warmup over 5 epochs and
weight decay 0. At L/16 the parameters split across two optimizers: Muon (Jordan et al.| [2024) takes
the two-dimensional parameters inside the transformer blocks, at learning rate 2 - 10~2 and weight
decay 5 - 10~4, and everything else stays on AdamW at the same learning rate and weight decay as at
B/16. Moreover, for L/16, we use a BATCHNORM (loffe & Szegedy, 2015) after the [CLS] token at
the encoder-decoder split. We keep two exponential moving averages of the weights, with decays
0.9999 and 0.9996.

E.2 Evaluation

Checkpoint selection. All metrics are computed on EMA weights. Section 4. T|reports the 400-
epoch checkpoint, the budget at which every baseline stops, Section [4.3| reports 200 epochs, and
Section[.2]reports SCION (B/16) at 800 epochs and SCION (L/16) at 400. We evaluate the EMA
with decay 0.9999, except for the system-level comparison, where we evaluate both exponential
moving averages and select the 0.9996 one only for SCION (L/16).

Generation. All generation numbers use 50K samples drawn with a Heun ODE solver (Heun,
1900) with 50 steps (49 Heun steps and a final Euler step). For the class-conditional baselines the
batch is 50 samples for each of the 1000 ImageNet classes. SCION is class-unconditional and does
not use labels for generation either. Instead, we unconditionally sample from the learned prior e,
the conditioning vectors for the generator. Thus, its batch carries no class structure by construction.
Where guidance is reported, it is applied on the interval ¢ € [0.1,1.0] (Kynkédénniemi et al.| 2024) at
a scale swept from 1.0 in steps of 0.1 on 8000 samples, continuing while FID keeps improving.

Generation metrics. We evaluate generation with the ADM suite (Dhariwal & Nichol, 2021)),
using their reference batches and official implementationﬂ All metrics are computed from Inception-
V3 outputs on the 50K generated images; all but the Inception Score also read the suite’s ImageNet
256 x 256 reference batch.

* FID (Heusel et al., [2017)) is the Fréchet distance between Gaussians fitted to the pooled
Inception features of the generated and reference sets.

e sFID (Nash et all [2021) computes the same distance on flattened intermediate spatial
features instead of pooled ones, making it more sensitive to errors in spatial structure.

* IS (Salimans et al., |2016) is the exponential of the average KL divergence between the class
distribution the same Inception-V3 predicts for each generated image and the marginal over
all of them. It rises when samples are individually classifiable and collectively spread across
classes, and it is the one metric here computed from the generated set alone.

* Precision and Recall (Kynkaanniemi et al., 2019) estimate the support of each distribution
with a k-nearest-neighbor manifold (X = 3). Precision is the fraction of generated images

3https://github.com/openai/guided-diffusion/tree/main/evaluations
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Table 12: Main hyperparameters for the reported SCION (B/16) and SCION (L/16) ImageNet-1K
256 x 256 runs. Rows spanning both columns are identical at the two scales. The baselines share this
recipe apart from the objective and, for REPA and iREPA, the 4/8 encoder—decoder split, following
their published split; see Appendix [E}] Guidance followsHo & Salimans| (2021) on the interval of
Kynkiaanniemi et al.[(2024).

\ SCION (B/16) SCION (L/16)
Architecture
Depth: total / enc. / dec. 12, 8,4 24,16, 8
Hidden dim 768 1024
Heads 12 16
In-context start block 4 8
[CLS] normalization identity BatchNorm
Image size 256
Patch size image size / 16
Patch bottleneck 128
In-context tokens 32
Training
Epochs 400 (800 system-level) 400
Optimizer AdamW Muon (block matrices) + AdamW
Learning rate 4-10~4 2-1072 Muon, 4 - 10~% AdamW
Weight decay 0.0 5-10~% Muon, 0.0 AdamW
LR schedule constant
Warmup epochs 5
AdamW (S1, B2) (0.9, 0.95)
Global batch 1024
Conditioning drop prob. 10%
Number augmented views 2
EMA decays 0.9999 (EMAL), 0.9996 (EMA2)
logit(t) schedule N(—0.8,0.82)
Prior logit(t) schedule N(=1.2,0.62)
CL dimension 256
CL temperature / y 0.15,0.9
CBC weight n 0.01
Gradient-ratio \g 1
Gradient-ratio update every 10 steps
Gradient-ratio EMA warmup 0.9 to 0.99 over 5000 steps
Gradient-ratio clamp [1073,1]
t-division clamp 0.05
Sampling
ODE solver / steps Heun, 50
Sampling ¢ schedule linear in [0.0, 1.0]
CFG interval [0.1,1.0]
CFG sweep start / step from 1.0, step 0.1, extended while FID improves
CFG sweep images 8000

inside the reference manifold and measures fidelity. Recall is the fraction of reference
images inside the generated manifold and measures coverage. Since guidance typically buys
fidelity at the cost of coverage, the two should be read together.

Not all metrics see the same reference set. FID and sFID are computed against first- and second-
moment statistics precomputed over the full reference dataset, while precision and recall are estimated
against the 10K reference images distributed with the batch, not against the full dataset.

Representation. Both probes freeze the network and read one vector per image. For SCION that
vector is the [CLS] token at the encoder/decoder split, taken before the contrastive projection head.
The baselines carry no [CLS] token, so for them it is the mean of the patch tokens, excluding the
in-context conditioning tokens, at their own split. Vanilla JiT and the RCG generator have no split
and are read after their last block. The contrastive-only controls carry a [CLS] token and are read
like SCION.

The ImageNet probe (Acc.) fits an £2-regularized multinomial logistic regression on the raw features,
with no augmentation: images are resized to 292 with bicubic interpolation and center-cropped to
256. The regularization strength is chosen over 45 logarithmically spaced values between 10~ and
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10° on a held-out 10% of the training split, the classifier is then refit on the full training split at that
value, and we report top-1 accuracy on the validation split.

The transfer probe (transfer-8) evaluates out-of-domain transfer on Food-101 (Bossard et al., 2014),
CIFAR-10 and CIFAR-100 (Krizhevsky & Hintonl [2009), Stanford Cars (Krause et al., [2013)),
Describable Textures (Cimpoi et al., 2014), Oxford-IIIT Pets (Parkhi et al.,[2012), Caltech-101 (L1
et al.}2022) and Oxford 102 Flowers (Nilsback & Zisserman, |2008)), and reports their unweighted
mean. We follow the evaluation protocol of each dataset’s own paper, so mean per-class accuracy for
Caltech-101, Oxford-IIIT Pets and Oxford 102 Flowers and top-1 accuracy for the rest. Features are
{2-normalized and standardized. We then fit an 5-regularized multinomial logistic regression with
the L-BFGS solver of scikit-learn (Pedregosa et al.,|2011). Training images are center-cropped to
the training resolution of 256 with a random horizontal flip, and the flip is removed at test time. We
report the best test accuracy over 10 logarithmically spaced regularization values between 10~2 and
1.

F Architecture details

SCION is a JiT-style pixel-space transformer (Li & He, [2026)) with three changes. First, we split the
transformer depth into a shared encoder fg and a generative decoder g4, two contiguous portions
of one ViT-style backbone (Dosovitskiy et al., [2021) with total depth L = Lepe + Lgec. Second,
we prepend a learnable [CLS] token and read it out at the encoder/decoder boundary as the global
embedding e. Third, we attach a contrastive projection head h,, to that embedding while the patch
tokens continue through the decoder for flow matching. Additionally, we condition the generative
path on sg(e) and learn a prior e, (Li et al., 2024a)) over these embeddings for class-unconditional
sampling. Table[T3]lists each component with its input and output spaces.

All remaining architectural choices follow JiT, except for the attention residuals below, which every
model we train uses. For completeness, we go into each component in the following paragraphs.

Transformer block. Each block uses pre-RMSNORM (Zhang & Sennrich} [2019), multi-head
self-attention with QK-norm (Henry et al., 2020) and two-dimensional rotary positional embeddings
(Su et al., 2024), then a second pre-RMSNORM and a SWIGLU feed-forward network (Shazeer,
2020) whose inner width is %d, an MLP ratio of 4 under SWIGLU’s two-thirds rescaling. As in
DiT and JiT, both residual branches are modulated by adalLLN-Zero (Peebles & Xie, [2023)): a linear
projection of the conditioning vector produces shift, scale and gate parameters for the two sublayers,
and the modulation layers are zero-initialized so each branch begins near the identity.

Attention residuals. Applied to every model we train in Section[d] ours and all baselines, attention
residuals (Kimi Team et al.,2026) replace the plain residual add of each sublayer. The sublayers stay
pre-norm, since what changes is the residual stream and not where the normalization sits. Instead of
reading the running residual sum, a sublayer reads a learned softmax-weighted mixture over its depth
history and appends its own output to that history: the keys are the normalized history entries, and the
query is a learned vector per token role (patch, [CLS] or in-context tokens). Writing s1, ..., s,, € R?
for the entries at one token position of role p, that mixture is

é = zn:ai Siv o = :Xp <qP7 RMSNOI‘m(Sz)> 7
i=1 Zl=1 exp <qpa RMSNorm(Sl)>

(22)

a softmax over depth with no 1/ V/d scaling. A history entry is the sum of four consecutive sublayer
outputs, which bounds the number of entries the mixture runs over. The queries are zero-initialized,
so the mixture is uniform at initialization.

Patch and positional embeddings. Images are tokenized by a low-rank linear patch embedder (Li
& Hel [2026): a p x p strided convolution maps non-overlapping RGB patches into a bottleneck of
width 128, followed by a 1 x 1 convolution to the transformer width d. Two positional signals are
used and they act at different places. Fixed two-dimensional sine-cosine embeddings (Vaswani et al.|
2017) are added to the patch tokens only, before the [CLS] and in-context tokens are concatenated.
The rotary embeddings act inside attention, on the queries and keys after QK-norm, with an identity
rotation at the non-patch positions so that the [CLS] and in-context tokens carry no spatial position.
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The final layer applies RMSNORM, adalLN modulation and a zero-initialized linear projection to
p?cout values per patch, which are unpatchified into an image.

Conditioning. The timestep is embedded with sinusoidal features followed by a two-layer STLU
(Elfwing et al.l 2018) MLP. The conditioning vector ¢ passes through a linear projection and then
enters the network twice. It is added to the timestep embedding that drives the adalLN-Zero modulation
of every block, and the same projected vector is also injected as 32 in-context tokens at a fixed block,
following the design of JiT and MAR (L1 & He} [2026; |Li et al., 2024b). These tokens are added
on the fourth block for B/16 and the eighth for L/16. The in-context tokens are removed before the
final image projection. On the representation pass the conditioning input is the learned null ey, and
classifier-free guidance uses a second learned null cg.

Encoder/decoder split. At block L, the [CLS] token is read out as the global embedding. At
B/16 the readout is the raw token; at L/16 it passes through a BATCHNORM (loffe & Szegedy, 2015)).
The [CLS] token is dropped at the split and never reaches the decoder, so the decoder is a function of
the patch tokens h alone. Our SCION (B/16) splits ( Lenc, Laec) = (8,4) of 12 blocks at width 768
with 12 heads, and SCION (L/16) splits (16, 8) of 24 at width 1024 with 16 heads.

Contrastive head. The projection head hy; is a two-hidden-layer MLP, d — 2048 — 2048 — 256,
followed by ¢5-normalization. It is used by L¢1, and by nothing else, so it is discarded after training.

Prior. It is a residual MLP over a single vector with additive timestep conditioning. That is,
a linear layer maps the noised embedding €, € R to width C. The timestep is encoded with
256 sinusoidal features and a two-layer SILU MLP to width C. The hidden vector then passes
through NV residual blocks, each applying RMSNORM, a SWIGLU projection to the block width,
an additive linear projection of the timestep embedding, and a linear projection back to C'. A final
RMSNORM, SILU and linear layer return to R%. Every block’s output projection and the final
projection are zero-initialized, so each block is the identity and the prior predicts zero at initialization.
The prior uses additive residual connections and it is trained with the same a-prediction flow matching
parameterization as the image path, in representation space. Table [I4] gives the configuration.

Table 13: Components of the shared model. T is the number of patch tokens, d the hidden width,
d, the contrastive projection dimension, and ¢ the conditioning vector of Section

Component Symbol Input Output

Shared encoder fo (x| t,c) € R®>*HXW 5 [0,1] x RY (e, h) € R? x RT*4
Noisy image, timestep and conditioning — global embedding e and patch tokens h.

Generative decoder 9o (h|t,c) e RT*4 x [0,1] x R? x € R¥XAXW

Patch tokens, timestep and conditioning — predicted clean image.

Contrastive projection  hy, e cR? z € R¢
Global embedding — the space where Lc, is optimized.

Embedding prior ew (€y,t') € R? x [0,1] écR?
Noised standardized embedding v its clean standardized counterpart.
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Table 14: Prior architecture. The residual-MLP backbone of e,,, shared by both scales; its input and
output width follows the backbone, so the parameter count is the B/16 one.

Config Value

Input / output width representation dimension d
Hidden width C' 808

Residual blocks N 14

Block SWIGLU width 2155

Timestep features sinusoidal, width 256
Timestep embedding 808, added inside each block
Activation SILU
Normalization RMSNORM

Output head RMSNORM, SILU, linear
Zero-initialized block and final output projections
Dropout .

Parameters (B/16) 99.7M
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G Qualitative results using learned representations

SCION extracts its own semantic representations and uses them to condition generation. We explore
this connection through qualitative experiments using representations produced by the model itself.
First, we generate from real-image representations to examine whether the outputs preserve the
references’ semantic content. We then interpolate between two image representations to explore how
the generated content changes along the resulting path.

All examples use SCION (L/16) at 400 epochs. Generated images use representation guidance with
a scaling factor s = 2.0 (see Equation [6)). Reference images come from the ImageNet training set,
except flower buds in Figure [6] which are external photographs. Real references show the same
256 x 256 crops supplied to the encoder. This section is meant to illustrate qualitative behavior rather
than quantify reconstruction accuracy or diversity.

G.1 Generation from real-image representations

We encode each reference image and directly supply its representation to the generator, bypassing the
prior. The pairs in Figure []illustrate preservation of semantic content without exact reproduction
of image details. Generated images retain recognizable subjects and scene types, while pose, color,
object markings, backgrounds, and architectural details can change. For example, a cup retains its
identity as a cup while its decoration changes, and a building remains recognizable as the same type
of structure despite changes in its facade. Thus, the model’s own representations support semantically
related generation without requiring the output to reconstruct the particular reference image.

G.2 Interpolation between image representations

We next interpolate between the representations of two real images and generate from the intermediate
vectors (Figures[5|and [6). We use spherical interpolation of their directions and linear interpolation of
their magnitudes in the generator’s conditioning space, bypassing the prior. Image-sampling noise is
held fixed within each row, so changes along a path reflect changes in the conditioning representation.
In Figure[5] the paths first explore appearance and scene composition within a class, then connect
different classes, from two dog breeds to more distant concepts such as a bottle and a dog. These
cross-class paths reveal how structures from the endpoints can blend, although their intermediate
images need not depict plausible natural objects.

Figure [6] applies the same interpolation mechanism to five selected pairs of bud and open-flower
representations. Bud photographs were obtained externally and were not part of the training set.
Open-flower photographs come from the ImageNet training set and were manually matched to the
buds. Thus, the paired photographs may depict different individual flowers. These are representation
interpolations, not observed growth sequences or predictions of a particular bud’s future appearance.
The selected paths show opening-like changes in flower structure, while endpoint color and details
can drift. The six generated images include endpoint reconstructions at & = 0 and 1; these are distinct
from the real photographs.

34



Reference Generated Reference Generated Reference Generated

R i

Figure 4: Preserving semantics while varying image details. Each pair shows a real reference and
a generation conditioned on the representation extracted by SCION itself. Recognizable subjects and
scene types persist across changes in pose, color, markings, background, and structure. The generator
starts from image noise and bypasses the learned prior. All examples use SCION (JiT-L/16) at 400
epochs with representation guidance.
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Reference A Generated along the representation path Reference B
0.25 0.50 0.75

-

Figure 5: Interpolation in the learned conditioning space. Real references appear at the outer edges.
All five interior images are generated from interpolated representations, with o = 0 and 1 using the
endpoint representations directly. The first five rows connect images from the same ImageNet class,
while the last four connect different classes. Image noise is fixed within each row. All paths use
spherical interpolation, and SCION (JiT-L/16) at 400 epochs with representation guidance.
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Real bud Generated along the representation path Real flower
a=0 0.2 0.4 0.6 0.8 1

(a) From a green bud to an open red-orange daisy

Figure 6: Flower-bud representation interpolations. These selected paths illustrate representation
changes rather than a recorded or predicted growth sequence. Flower names for the right-hand
references follow their ImageNet class labels. Real photographs flank six generated images at
a = 0,0.2,0.4,0.6,0.8,1, including generated endpoint reconstructions. All paths use spherical
interpolation of the representations, fixed noise within each row, and SCION (JiT-L/16) at 400 epochs
with representation guidance.
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