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Abstract

Normalizing Flows (NFs) are a class of generative mod-
els distinguished by a mathematically invertible architecture,
where the forward pass transforms data into a latent space for
density estimation, and the reverse pass generates new sam-
ples from this space. This characteristic creates an intrinsic
synergy between representation learning and data generation.
However, the generative quality of standard NFs is limited
by poor semantic representations from log-likelihood opti-
mization. To remedy this, we propose a novel alignment strat-
egy that creatively leverages the invertibility of NFs: instead
of regularizing the forward pass, we align the intermediate
features of the generative (reverse) pass with representations
from a powerful vision foundation model, demonstrating su-
perior effectiveness over naive alignment. We also introduce a
novel training-free, test-time optimization algorithm for clas-
sification, which provides a more intrinsic evaluation of the
NF’s embedded semantic knowledge. Comprehensive exper-
iments demonstrate that our approach accelerates the training
of NFs by over 3.3 x, while simultaneously delivering signif-
icant improvements in both generative quality and classifica-
tion accuracy. New state-of-the-art results for NFs are estab-
lished on ImageNet 64 x 64 and 256 x256.

1 Introduction

Normalizing Flows (NFs) represent a distinct class of gen-
erative models, characterized by their exact mathematical
invertibility (Rezende and Mohamed 2015; Dinh, Krueger,
and Bengio 2014; Dinh, Sohl-Dickstein, and Bengio 2016).
This property defines their rigid, dual-pathway architecture:
a forward pass transforms data into a simple latent distri-
bution for exact log-likelihood optimization, while a mathe-
matically precise reverse pass generates data from that same
latent space (Figure 1a,b). This structure implies the synergy
of NFs between data generation and representation learning,
where the two are truly two sides of the same coin.

This inherent synergy suggests a clear path toward en-
hancing the generative capabilities of NFs: by improving
the quality of their learned representations. However, this
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potential remains largely underexploited. Standard NFs, op-
timized solely for log-likelihood on the forward pass, often
fail to learn semantically meaningful features, which in turn
limits their generative quality. The model’s rigid adherence
to the likelihood objective prevents it from fully realizing the
benefits of its own architectural duality.

This line of inquiry is particularly relevant given recent
findings that actively improving a model’s representational
quality can enhance its generative capabilities. For instance,
a notable method, REPA (Yu et al. 2024), regularized the
internal features of diffusion models against a strong, pre-
trained visual encoder. This ‘representation-first’ strategy
yielded significant gains in both training efficiency and gen-
eration quality, demonstrating the effectiveness of leverag-
ing high-quality external guidance.

Inspired by REPA, our work aims to adapt and extend it
to the unique context of NFs. We ask: how can the invert-
ible structure of NFs be leveraged to effectively syner-
gize representation learning and generation? By utilizing
the reverse generative pathway for alignment—a strategy
uniquely enabled by NFs—we move beyond direct appli-
cation to explore new alignment strategies within this model
class. This forms the core motivation for our work.

In this paper, we first need a way to probe the intrinsic dis-
criminative abilities of a given NF. Departing from the stan-
dard linear-probe protocol, we introduce a novel training-
free, test-time optimization algorithm, visually depicted
in Figure Ic. Instead of training an auxiliary classifier, our
method directly leverages the model’s own loss landscape
to perform classification, providing a more direct measure
of its embedded semantic knowledge. Our initial evaluation
using this framework confirms a critical weakness: standard
NFs, despite their generative prowess, exhibit poor discrim-
inative performance.

To address this deficiency, we propose reverse representa-
tion alignment, a novel strategy built upon two core compo-
nents: representation alignment and the exploitation of the
model’s reverse pass. We term the act of operating on the
generative pathway ‘flowing backwards’. In this process, our
method directly enforces semantic consistency by aligning
the intermediate features during the true generative pass (z-
to-x), a concept uniquely enabled by the invertible architec-
ture of NFs.

As conceptually illustrated in Figure 1d, our comprehen-
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Figure 1: Take TARFlow as a representative NF. (a) Training process maps images to a noise distribution. (b) The reverse
pass generates images. (c) Optimizing a label token by NF loss to classify. (d) The FID-Accuracy plot demonstrates that our
representation alignment improves both generation quality and classification performance.

sive experiments show that this reverse alignment strategy is
remarkably effective. It not only yields substantial improve-
ments in generative quality as measured by FID but also,
when assessed with our test-time method, unlocks a dra-
matic increase in classification accuracy. In summary, our
main contributions are:

* We design and systematically evaluate several align-
ment strategies for NFs, culminating in our proposed re-
verse representation alignment (R-REPA) method that
uniquely leverages the model’s invertibility.

* We propose a novel training-free, test-time optimization
method for NF-based classification (Figure 1c), serving
as both a diagnostic tool and a more intrinsic evaluation
metric.

* We demonstrate empirically that our approach signifi-
cantly enhances both the generative and discriminative
performance of NFs (Figure 1d), establishing a new state-
of-the-art for synergizing these two capabilities.

2 Related Work

Normalizing Flows. NFs are exact likelihood-based gen-
erative models (Dinh, Krueger, and Bengio 2014; Rezende
and Mohamed 2015). While historically surpassed by diffu-
sion models (Ma et al. 2024; Wang et al. 2024, 2025b,a)
in sample quality, recent work has revitalized the field.
TARFlow (Zhai et al. 2024) introduces a Transformer-
based architecture that achieves state-of-the-art likelihoods
and generates samples with quality comparable to diffusion
models. JetFormer (Tschannen, Pinto, and Kolesnikov 2024)
leverages an NF as a core, jointly trained component within
a unified autoregressive model for high-fidelity joint image-
text generation, eliminating the need for pre-trained autoen-
coders. Our concurrent work STARFlow (Gu et al. 2025)
successfully scales NFs in terms of both model capacity and

3075

task complexity. These works demonstrate the renewed po-
tential of NFs when integrated with modern architectures.

Representation Alignment for Generation. A recent
paradigm for accelerating generative model training is Rep-
resentation Alignment, which leverages features from pre-
trained vision foundation models (VFMs) as guidance. The
seminal REPA (Yu et al. 2024) introduced a loss to align
the internal hidden states of a denoising network with VFM
features, drastically improving convergence and final sam-
ple quality. This simple yet powerful principle has proven
highly effective and was quickly extended. Subsequent work
has used it to enable stable end-to-end training of the entire
latent diffusion pipeline (Lee, Park, and Kim 2024), to im-
prove the VAE’s latent space directly (Zheng et al. 2024),
and to adapt the alignment strategy to other backbones like
U-Nets (Tian et al. 2024b), demonstrating its broad utility.

3 Preliminary: Normalizing Flow and
TARFlow

Normalizing Flows (NFs) (Rezende and Mohamed 2015;
Dinh, Krueger, and Bengio 2014; Dinh, Sohl-Dickstein, and
Bengio 2016) represent a class of generative models based
on exact likelihood built on the formula for change of vari-
ables. Given a continuous data distribution pg,, for inputs
x € RP,a Normalizing Flow learns a parametric, invert-
ible transformation fy : R” — RP. This function maps
complex data x to a simple, tractable base distribution pg
(e.g., a standard Gaussian), often referred to as the noise or
latent space. The model is trained by maximizing the log-
likelihood (MLE) of the data:

Ofo(x)

det

],

where the first term encourages mapping data points to high-
density regions of the prior py, while the log-determinant of

max Exp, [log po(fo(x)) + log



Figure 2: Selected Samples on ImageNet 256 x 256 from L-TARFlow + R-REPA. We use classifier-free guidance equal to 2.0.

the Jacobian term penalizes excessive local volume shrink-
age, ensuring the transformation remains bijective. A gener-
ative model is obtained by the inverse transformation f, L
with a sampling procedure x = f, ' (z), where z ~ po(z).

A prominent and computationally efficient variant is the
Autoregressive Flow (AF) (Kingma et al. 2016; Papamakar-
ios, Murray, and Pavlakou 2017). In an AF, the trans-
formation fy is directly defined by a pair of parameter-
generating functions (g, 0g), which specify an element-
wise affine map. Crucially, these functions are architec-
turally constrained to be autoregressive: the parameters for
each dimension d are computed using only the preceding
input dimensions x.4. The forward (encoding) and inverse
(sampling) processes for each dimension d € [1, D] are:

24 = (xa — po(X<a)) © 09(x<a) ", @)
X = fig(X<d) + 00(X<a) © Zq.
This autoregressive structure ensures the Jacobian of fy is
triangular, greatly simplifying the log-determinant term in
Eq. 1 to a simple sum: — ZdD:1 log og(X<q)-

Recently, TARFlow (Zhai et al. 2024) was introduced as a
high-performance NF architecture for image data, building
upon the AF framework. TARFlow is constructed by stack-
ing multiple Transformer AutoRegressive Blocks (TAR-
Blocks), z = fI o--- o f}(x), where each block f} pro-
cesses its input using a different autoregressive ordering 7.
By alternating these orderings, the stacked blocks can cap-
ture dependencies across all dimensions. The parameters
and o for each block are modeled using causal Transformer
layers. Assuming the final output z = x follows a standard
Gaussian prior, the end-to-end training objective becomes:

T D
1 2 i t—1
max B, | = 5215 — ;;mgoe(xﬁgg], 3)
where x* = fi(x'~!) and x° = x. Additionally, TARFlow
employs noise augmented training and score-base denoising
to improve the modeling capability.

4 Methodology

In this section, we present our proposed methods for en-
hancing and leveraging Normalizing Flows. We begin by

Algorithm 1: Training-Free Classification via Single-Step
Gradient.

Require: Image x, pre-trained model fy, class embeddings
E € REXDem,

Ensure: Predicted class label y/preq.

Initialize logits A + 0 € R¥,

Compute weighted class embedding:

p < softmax()

et < p'E

Compute the log-likelihood score:

LX) « logp(x | eefr; 0)

Compute the gradient with respect to the logits:

g+ V )‘ﬁ()\)

Predict the class corresponding to the largest gradient

component:

10: Yprea <— argmaxy, (g)x
11: return ypreq

R A S ol s

introducing a novel, training-free classification algorithm
that directly utilizes the learned probability density from
class-conditional NFs. Subsequently, we describe a repre-
sentation alignment algorithm specifically designed to im-
prove the discriminative quality of the latent representations
within NFs. Finally, to address the computational challenges
of modeling high-dimensional data, we adapt the TARFlow
architecture to operate within a compressed latent space, en-
abling efficient generation.

4.1 Training-Free Classification with NFs

We introduce a novel, training-free classification algorithm
that leverages the density estimation capabilities of a pre-
trained class-conditional TARFlow model. Instead of train-
ing a separate classifier, our method reframes classification
as an inference-time optimization problem. The core idea is
to find the class label y that maximizes the conditional log-
likelihood log p(x|y; #) for a given input image x, where 6
are the frozen parameters of the generative model.

We achieve this by estimating the gradient of the log-
likelihood with respect to a*“soft” class conditioning. This is
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Figure 3: An overview of our Representation Alignment (REPA) mechanism. Left: Intermediate features from a TARFlow block
are projected by an MLP and aligned with features from a pre-trained visual encoder. Right: The three gradient backpropagation
strategies explored: (a) Forward REPA (F-REPA), updating all preceding blocks; (b) Detach REPA (D-REPA), updating only
the current block; and (c) Reverse REPA (R-REPA), which leverages the inverse (generative) computational graph to update
all subsequent blocks. While we depict alignment at a single location for clarity, this mechanism can be applied concurrently

across multiple layers.

done by first defining a set of classification logits, A € R,
which control a weighted average of the model’s class em-
beddings E. The gradient of the log-likelihood is then com-
puted with respect to these logits at their initialization point.
The class with the largest gradient component is selected
as the prediction, as it indicates the direction of greatest in-
crease in likelihood. The entire process requires only a sin-
gle forward and backward pass through the model and is
detailed in Algorithm 1.

4.2 Representation Alignment

While the MLE objective excels at density modeling, the
learned intermediate features of a NF are not inherently op-
timized to be semantically meaningful. To address this, we
introduce a feature alignment mechanism that injects high-
level semantic guidance from a powerful, pre-trained vision
model into the TARFlow’s generative process.

As illustrated in Figure 3 (left), we use a pre-trained,
frozen vision encoder ®(-) to extract a semantic representa-
tion v = ®(x) € RP*P from an input image x, where P is
the number of patches and D is the embedding dimension.
The objective is to align TARFlow’s intermediate features
with this target representation y.

Let h(t) be the feature map from layer [ of block ¢ within
TARFlow. We project these features into the semantic space
using a learnable head, Proj, (a simple MLP). The align-
ment loss then maximizes the patch-wise similarity between
the projected and target features:

ahgn 0,¢) = ——= Z sim ( [PrOJ (h(t’l))} [p]) ,

“
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where p is the patch index and sim(-, -) is a similarity func-
tion, such as cosine similarity. This alignment can be flexibly
applied to any set of layers A = {(¢1,11),...}.

Crucially, we explore three distinct strategies for back-
propagating the gradient of this alignment loss, each manip-
ulating the computational graph to control how the parame-
ters are updated by the alignment loss. These strategies are
visualized in Figure 3 (right).

Forward Strategy. As the most direct approach this strat-
egy involves backpropagating the gradient of L‘ah , through
the forward computational graph. As illustrated in Figure 3
(a), this updates both the projector ¢ and all parameters of
the TARFlow layers preceding layer (¢,1).

Detach Strategy. This strategy draws an analogy to dif-
fusion models, treating each TARFlow block as a network
operating at a specific timestep ¢. To isolate the alignment
process to this single ‘timestep’, we detach the input to the
block. Consequently, the gradient only updates the parame-
ters within that block (i.e., 8;) and the projector ¢, prevent-
ing any influence on preceding blocks (Figure 3, b).

Reverse Strategy. This novel strategy fundamentally al-
ters the update mechanism by leveraging the computational
graph of the reverse (generative) process. Specifically, we
first compute the latent variable z = fy(x) via the forward
pass and then detach it. A new computational graph is then
constructed by executing the inverse flow f,” !, starting from
the detached latent Zgegached- The alignment loss is computed
within this inverse pass. Crucially, backpropagation from
this loss occurs entirely on the generative graph, inherently
confining gradient updates to the parameters of layers sub-
sequent to the alignment layer (¢,1) (relative to the original



forward pass). Figure 3 (c) conceptualizes this, showing how
the stop-gradient on z reroutes the gradient path exclusively
through the generative pathway.

Final Loss Formulation. The total training objective is a
weighted sum of the NF loss and the averaged alignment
losses from all chosen layers in the set A:

(t,0)

1
Elotal - »CNF + )\align W Z ‘Calign (03 ¢) ) (5)

(t,l)eA
where Agjign is @ hyperparameter balancing the two terms.
The gradient computation for L,jie follows one of the three
strategies outlined above.

4.3 Moving to Latent Space

To scale our method to high-resolution synthesis, we tran-
sition from modeling pixels directly to modeling the latent
space of a pre-trained Variational Autoencoder (VAE). This
established strategy allows us to offload the task of low-level
perceptual compression. Our primary work thus focuses on
the core challenge: applying the powerful density estimation
and refinement techniques of TARFlow to the compact and
semantically-rich latent codes.

The training process is adapted to this latent space. For
a clean latent vector x obtained from the VAE encoder, our
NF model, fy, is trained on a noisy version Z:
where € ~ N(0,0%1).
The model thus learns to estimate the density py(Z).

The generative process mirrors this by first sampling from
this learned noisy distribution and then applying a denoising
step. Specifically, a noisy latent sample Z is generated via
the inverse transformation, # = f, (), where z ~ N(0, 1)
is a sample from the base distribution. This sample is subse-
quently refined using the score-based denoising procedure:

& =74 0°V;logpy(). (7)
Finally, the refined latent vector & is decoded into the final
image, effectively scaling the precise likelihood modeling

and powerful sample refinement of TARFlow to the high-
resolution domain.

(6)

T =x+e¢,

S Experiments

Dataset and Task. We conduct our class-conditional
image generation and classification experiments on the
ImageNet-1K dataset (Deng et al. 2009). Our models are
trained exclusively on the training set and evaluated at two
distinct resolutions: 64 x 64 and 256 x 256.

Evaluation Metrics. To assess the performance of our
generative model, we employ a standard suite of metrics to
measure sample fidelity and diversity: Fréchet inception dis-
tance (FID) (Heusel et al. 2017), sFID (Nash et al. 2021),
and Inception Score (IS) (Salimans et al. 2016). Following
TARFlow, we sample 4096 images for evaluation. Besides,
we report results at the optimal CFG scale for each model,
determined via a grid search detailed in Figure 4. To evaluate
the discriminative ability, we measure the classification ac-
curacy on the ImageNet-1K validation set. This is achieved
using our proposed test-time optimization classification.
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Type Blocks Layers FID| sFID| IStT Acc.(%)t
TARFlow (Zhai et al. 2024) 12.91 33.79 36.62 3743
Setup Group 1: Alignment applied to All blocks

Forward  All 2 12.25 37.97 40.85 46.97
Detach All 2 12.19 34.31 41.98 49.06
Reverse  All 2 12.21 33.80 42.08 4991

Setup Group 2: Alignment applied to selected 2 blocks

Forward 1 &2 2 12.67 39.99 41.11 61.16
Detach 1&2 2 12.73 33.84 37.81 61.63
Detach 7&8 2 12.12 34.00 41.18 55.14
Reverse 7 &8 2 11.93 33.78 40.90 55.21
Setup Group 3: Ablation of alignment layers

Reverse 7 &8 2 11.93 33.78 40.90 55.21
Reverse 7 &8 4 11.84 33.61 46.06 58.91
Reverse 7 &8 6 11.71 33.68 44.31 57.35

Table 1: Ablation study of our proposed alignment method
on ImageNet 64 x64, evaluated at 400k training iterations.
We vary the alignment Type and which blocks and layers to
apply it to. Best results for each metric are in bold.

Implementation Details. For experiments at the 64 x 64
resolution, our model architecture strictly adheres to the de-
sign of TARFlow (Zhai et al. 2024). Specifically, the model
is composed of 8 TARBlocks. Each block, in turn, contains
8 layers of causal attention. The channel dimension is set
to 1024, and the model operates on non-overlapping image
patches of size 4 x 4.

For the higher resolution of 256 x 256, we first lever-
age a pre-trained VAE-ft-EMA (Esser, Rombach, and Om-
mer 2021) to compress images into a lower-dimensional
latent space. Our generative model then operates on this
latent representation. The transformer architecture is en-
hanced with two key components: Rotary Position Embed-
dings (RoPE) (Su et al. 2024) and the SwiGLU activation
function (Touvron et al. 2023a,b). To maintain consistent
patch number with 64 x 64, we use a patch size of 2 x 2. All
other hyperparameters, including the number of TARBlocks
(8), layers per block (8), and channel dimension (1024), are
kept consistent with the 64 x 64 configuration.

5.1 Ablation Studies

In this section, we conduct a series of ablation studies to
systematically determine our optimal model configuration.
We first investigate the core design of the REPA mechanism
(its backpropagation strategy, location, and depth), and then
analyze key hyperparameters for training and sampling. Un-
less otherwise specified, all ablations are performed on Ima-
geNet 64 x 64 at 400k training iterations.

Backpropagation Strategy. As shown in Table 1, the
choice of backpropagation strategy proves to be critical. We
find the Forward strategy consistently degrades sFID (e.g.,
from 33.79 to 37.97). We hypothesize that this is because its
unconstrained gradient flow creates a tension between the
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standard deviation on latent space. We identify an optimal noise standard deviation of 0.20. Right: Reverse REPA improves
sample fidelity and accelerates training convergence by 3.3 on ImageNet 64 x64.

MLE objective and the alignment loss in the model’s early
blocks. Forcing these foundational blocks, which are likely
specialized for low-level spatial statistics, to also conform
to high-level semantics proves detrimental to overall sample
coherence. The ‘Detach’ strategy improves upon this by lo-
calizing updates. However, the ‘Reverse’ strategy is demon-
strably superior, achieving a better FID (11.93 vs. 12.12)
in direct comparison. By updating only the generative path
(fy 1), it effectively refines synthesis without disrupting the
core density model.

Alignment Block and Layer. The choice of which blocks
to align creates a trade-off between generative quality and
feature semantics. Aligning Blocks 7 & 8, which are the
first to operate on the latent variable z during the genera-
tive process, yields the best FID (11.93). Guiding these ini-
tial synthesis steps helps establish a strong high-level image
structure. Conversely, aligning Blocks 1 & 2 produces the
best semantic accuracy (61.63%). These blocks are the first
to process the input image x during encoding, so aligning
them directly optimizes feature extraction but harms FID by
constraining the delicate final synthesis steps.

Finally, within our best-performing setup (R-REPA,
aligning 7 & 8 blocks), we found that guiding deeper layers
leads to better fidelity. As shown in Group 3, the FID pro-
gressively improves from 11.93 to 11.71 as we move align-
ment from the 2nd to the 6th layer. This suggests that guid-
ing more refined features closer to a block’s output provides
a more potent refinement signal. While an intermediate (4th)
layer achieves the best IS (46.06), the deepest (6th) layer is
the clear choice for maximizing the final image quality.

Classifier-Free Guidance (CFG) Scale. We optimized
the CFG scale, a critical hyperparameter, for each model
to ensure a fair comparison. As shown in Figure 4, our fi-
nal configuration (‘Reverse 7&8’) achieves the lowest FID
while also demonstrating robustness across a wide scale
range, with an optimum near 3.1. All results are reported
at their respective optimal scales.
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Model Res. Iter. FID-4096) Acc.(%)1
TARFlow 64 IM 11.76 39.97
+R-REPA (Ours) 64 400K 11.71 57.76
+R-REPA (Ours) 64 600K 11.53 57.75
+R-REPA (Ours) 64 800K 11.48 57.65
+R-REPA (Ours) 64 1M 11.25 57.02
Latent-TARFlow 256 400K 13.82 45.97
Latent-TARFlow 256 1M 13.05 40.22
+R-REPA (Ours) 256 400K 13.26 57.85
+R-REPA (Ours) 256 1M 12.79 56.24

Table 2: Training progress comparison. Our method, +R-
REPA, consistently outperforms the vanilla TARFlow base-
lines across different checkpoints on both ImageNet 64 x 64
and 256256 resolutions.

Latent Noise Std. For the 256256 latent-space model,
the standard deviation (o) of noise added to VAE latents (Eq.
6) is crucial. We ablated this value, with results in Figure 4.
A clear performance peak exists at ¢ = 0.20, which we use
for all latent-space experiments.

5.2 Main Results

Equipped with the optimal R-REPA configuration from our
ablations, we now evaluate its performance against base-
lines and state-of-the-art models on ImageNet at 64 x 64 and
256 %256 resolutions.

Performance against Baselines. We first compare our
method, R-REPA, directly against the vanilla TARFlow
baselines. As shown in Table 2, our method provides sub-
stantial improvements in both sample quality (FID) and
learned feature discriminability (Accuracy).

On ImageNet 64x64, our final model achieves an FID
of 11.25 and an accuracy of 57.02%, significantly outper-
forming the baseline’s 11.76 FID and 39.97% accuracy. The
faster convergence of discriminative accuracy over gener-



Model FID| sFID]
Diffusion Models / Flow Matching

EDM (Karras et al. 2022) 1.36 -

iDDPM (Nichol and Dhariwal 2021) 292  3.79

ADM (Dhariwal and Nichol 2021) 2.09 4.29
Generative Adversarial Networks (GANs)

IC-GAN (Casanova et al. 2021) 6.70 -

BigGAN (Brock, Donahue, and Simonyan 2018) 4.06  3.96
Consistency Models (CMs)

CD (LPIPS) (Song et al. 2023) 4.70 -

iCT-deep (Song and Dhariwal 2023) 3.25 -
Normalizing Flows

TARFlow (Zhai et al. 2024)" 421 534

+ R-REPA (Ours) 3.69 434

Table 3: Image generation results on class-conditional Ima-
geNet 64 x64. We report FID and sFID with 50K samples.
TResult obtained using their officially released codebase.

ative quality indicates that the model learns high-level se-
mantics early in training before progressively refining fine-
grained details for synthesis. This efficiency is a crucial ad-
vantage of our approach and leads to accelerated training
(3.3 ), as illustrated in Figure 4. Quantitatively, our model
at just 400k iterations already surpasses the fully-trained
(1M iter.) baseline in both FID (11.71 vs. 11.76) and, most
notably, accuracy (57.76% vs. 39.97%).

A similar leap is observed on the 256x256 latent-space
task, where FID improves from 13.05 to 12.79 and accuracy
jumps from 40.22% to 56.24%. This demonstrates that rep-
resentation alignment not only enhances final performance
but also provides a more efficient training signal, leading to
superior models in significantly less time.

Generation on ImageNet 64x64. As shown in Table 3,
our R-REPA strategy delivers state-of-the-art generative per-
formance for Normalizing Flows on the class-conditional
ImageNet 64 x64 benchmark. Our method significantly im-
proves upon the strong TARFlow baseline, reducing the FID
from 4.21 to 3.69 and the sFID from 5.34 to 4.34. This per-
formance not only surpasses established GANs like Big-
GAN (FID 4.06) but also brings flow-based models into
closer competition with powerful diffusion models such as
iDDPM (FID 2.92). Crucially, this top-tier result is achieved
with just two sampling steps, highlighting the exceptional
inference efficiency of our method compared to the multi-
step iterative process required by competing paradigms.

Generation on ImageNet 256 x256. We further test the
scalability of our approach on the challenging ImageNet
256x256 benchmark by operating in the latent space of a
pre-trained VAE. As presented in Table 4, our method again
demonstrates remarkable effectiveness. Our optimized con-
figuration, which combines R-REPA with an architectural
adjustment to a 1x1 patch size, achieves a highly competitive
FID of 4.18 and sFID of 4.96—a substantial improvement
over the baseline. Even the direct application of R-REPA
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Model FID| sFID] ISt
Diffusion Models
ADM (Dhariwal and Nichol 2021)  4.59 5.25 186.70
CDM (Ho et al. 2022) 4.88 - 158.71
LDM-4 (Rombach et al. 2022) 3.60 7.51 247.67
DiT (Peebles and Xie 2023) 2.27 4.60 278.24
SiT (Ma et al. 2024) 2.06 4.50 270.30
Autoregressive (discrete)
RQ-Trans. (Lee et al. 2022) 3.80 - 3237
LlamaGen-3B (Sun et al. 2024) 2.18 - 263.33
VAR (Tian et al. 2024a) 1.73 - 350.2
Autoregressive (continuous)
MAR-AR (Li et al. 2024) 4.69 - 2446
MAR (Li et al. 2024) 1.55 - 3037
DART (Gu et al. 2024) 3.82 - 263.8
Normalizing Flow
Latent-TARFlow 5.15 6.78 243.49
+R-REPA (Ours) 4.95 6.89 234.99
+Patch Size 1 (Ours) 4.18 496 240.8

Table 4: Class-conditional generation on ImageNet
256x256. We report FID, sFID, and IS with 50K samples.
Lower is better for |, higher is better for 1.

provides a clear boost, reducing FID to 4.95.

Most importantly, these competitive high-resolution re-
sults are achieved while preserving the two-step sampling
efficiency. This demonstrates that the benefits of our ap-
proach are not confined to smaller scales but are robust and
scalable. By delivering high-fidelity results with a minimal
computational budget, our work establishes REPA-enhanced
Normalizing Flows as a compelling and highly efficient
paradigm for high-resolution image synthesis.

6 Conclusion

In this work, we introduce R-REPA, a novel training strat-
egy that enhances the semantic awareness of NFs. It lever-
ages their unique invertibility to enforce semantic consis-
tency directly on the generative (z-to-x) pass, thereby un-
locking the powerful synergy between representation learn-
ing and generation inherent in the architecture. The empiri-
cal results are compelling. R-REPA establishes a new state-
of-the-art for NFs on ImageNet by delivering simultaneous
gains in generative fidelity (FID) and classification accuracy
over the strong TARFlow baseline. This accuracy gain is rig-
orously quantified by our novel training-free classification
algorithm—a more intrinsic probe of the model’s learned
semantics. Furthermore, our method demonstrates robust
high-resolution scalability while also dramatically boosting
training efficiency by over 3.3x. Ultimately, our work es-
tablishes a powerful new principle for advancing NFs: that
fostering a virtuous cycle between semantic representation
and the generative process is a direct and effective route to
higher fidelity.
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