This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for thiswatermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

FARMER: Flow AutoRegressive Transformer over Pixels

Guangting Zheng!*, Qinyu Zhao??, Tao Yang?, Fei Xiao®, Zhijie Lin*,

Jie Wu?, Jiajun Deng!, Yanyong Zhang'™, Rui Zhu?

"University of Science and Technology of China *Australian National University *ByteDance Seed China *ByteDance Seed Singapore

zgt@mail.ustc.edu.com, {dengjj,yanyongz}@ustc.edu.cn, zhurui.kim@bytedance.com

Abstract

Directly modeling the explicit likelihood of the raw data dis-
tribution is a key topic in the machine learning area, which
achieves the scaling success in Large Language Models by
autoregressive modeling. However, continuous AR model-
ing over visual pixel data suffers from extremely long se-
quences and high-dimensional spaces. In this paper, we
present FARMER, a novel end-to-end generative frame-
work that unifies Normalizing Flows (NFs) and Autore-
gressive (AR) models for tractable likelihood estimation
and high-quality image synthesis directly from raw pix-
els. FARMER employs an invertible autoregressive flow to
transform images into latent sequences, whose distribution
is implicitly modeled by an autoregressive model. To ad-
dress the redundancy and complexity in pixel-level mod-
eling, we propose a self-supervised dimension reduction
scheme that partitions NF latent channels into informative
and redundant groups, enabling more effective and efficient
AR modeling. Furthermore, we design a one-step distilla-
tion scheme to significantly accelerate inference speed and
introduce a resampling-based classifier-free guidance algo-
rithm to boost image generation quality. Extensive experi-
ments demonstrate that FARMER achieves competitive per-
formance compared to existing pixel-based generative mod-
els while providing exact likelihoods and scalable training.

1. Introduction

Explicitly modeling a normalized likelihood P(x) over the
high-dimensional data distribution is challenging. Popu-
lar generative paradigms such as Variational Autoencoders
(VAEs), Generative Adversarial Networks (GANs), and
diffusion/score-based models do not provide tractable like-
lihoods—VAEs optimize a lower bound, GANs learn im-
plicit generators without likelihoods, and diffusion/score-
based models offer likelihoods only via variational bounds
or costly numerical estimation by a probability-flow ODE.
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Figure 1. Autoregressive (AR) models offer strong expressivity
but struggle with pixel modeling and sampling due to long se-
quences of high-resolution images. Normalizing flows (NFs) em-
ploy invertible mappings to transform complex image distributions
to a standard Gaussian, but the substantial gap between two distri-
butions leads to degraded sampling quality. FARMER unifies NF
and AR within a single framework, using NF component to trans-
form images into latent sequences, whose distribution is implic-
itly modeled by AR component for easier modeling and control-
lable sampling. Furthermore, FARMER adopts a self-supervised
dimension reduction to partition NF latent channels into distinct
groups, making AR modeling feasible and scalable.

In contrast, Autoregressive (AR) models directly factorize
sequence likelihoods via the chain rule and lead to the scal-
ing successes of Large Language Models [1, 2, 18, 65,
66]. However, modeling the likelihood over continuous,
high-dimensional image pixels remains notably challenging
compared with the discrete texts. Continuous AR over vi-
sual pixels has been explored for years—from convolutional
PixeIRNN/PixelCNN [71, 72] to Image Transformer [52]
and iGPT [6]. Despite these efforts, continuous AR suffers
from extremely long sequences, making training and sam-
pling costly and brittle to long-range dependencies. This
gap motivates revisiting how we parameterize continuous
densities over high-dimensional pixel spaces and how we
couple them with scalable sequence models.
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At the same time, Normalizing Flow (NF) [20, 36, 86]
has seen a resurgence for image generation. By provid-
ing exact likelihoods via invertible and differentiable map-
pings, NF offers an attractive route for revitalizing con-
tinuous AR modeling and a principled latent representa-
tion. For instance, JetFormer [70] and STARFlow [20]
each design a new NF Transformer as the visual tower: Jet-
Former employs Jet [36] to enable end-to-end continuous
AR modeling over raw image pixels, while STARFlow ex-
tends TARFlow [86] and demonstrates that continuous Au-
toregressive Flow can achieve competitive generation qual-
ity. But recent NF works [14, 15, 20, 32, 36, 60, 86] pre-
dominantly map the data distribution to a standard Gaus-
sian. This is a challenging objective, as forcing a high-
dimensional and highly dispersed data distribution onto a
simple isotropic Gaussian can introduce discontinuities or
distortions, thus often causing latents sampled from the la-
tent space to become out-of-distribution upon transforming
back to the data space, leading to quality degradation.

Inspired by the great work of Jetformer [70], we propose
a framework named FARMER that leverages the strengths
of both Normalizing Flows and Autoregressive models. As
shown in Fig. 1, rather than mapping the data distribution to
a fixed standard Gaussian, we employ an NF to transform
images into a latent sequence whose distribution is modeled
implicitly by an AR model. Concretely, we implement the
NF with an Autoregressive Flow (AF) architecture, ensur-
ing causal modeling for NF/AR within FARMER. The two
components are optimized jointly in an end-to-end fashion,
preserving the tractable, exact likelihoods of NFs while en-
dowing the target distribution with the expressivity of AR
modeling. Beyond this design, two inherent challenges re-
main: (i) Continuous AR over pixels: Natural images are
highly redundant. Without compression via VAEs [33, 61]
or discrete tokenizers [57, 73], directly modeling all pixels
forces the AR model to handle extremely long-range pixel
dependencies, and thus results in unstable training and sam-
ple quality degrading. (ii) Slow reverse inference in AF:
While AF substantially enhances the mapping capability via
next-token modeling, they incur slow inference because the
reverse inference process is strictly sequential.

To mitigate the redundancy in pixel AR modeling, we in-
troduce a self-supervised dimension reduction mechanism
that partitions NF latent channels into informative and re-
dundant groups without information loss. The key insight
is to factorize the token likelihood P(Z | ¢) as

pzR |zt e) P(Z2" | o)

[U Pyii(ZF | zf’c)] []:[ Pi(z! | Ziwﬂ)],

P(Z | ¢)

where ZI denotes the informative channels and Z% the re-
dundant channels of each token. Concretely, the informa-
tive channels Z; are modeled in the standard autoregressive

manner, i.e., conditioned on the preceding informative to-

kens Z*, and context c. The redundant channels Z across

all tokens are modeled jointly by a shared distribution con-

ditioned on the entire sequence of informative channels Z’

and context c. This construction allows us to treat the re-

dundant channels of all tokens as a single additional token,
effectively converting /N high-dimensional tokens into N+1
lower-dimensional tokens. Maximizing the resulting token
likelihood encourages FARMER to disentangle information
across channel groups, i.e., concentrating contour and struc-
tural features in Z7, while assigning detail and color infor-

mation to Z%, as illustrated in Fig. 6.

For the slow reverse process issue of AF, we propose a
one-step distillation scheme for efficient inference, which
distills a single-step student reverse path from the teacher’s
forward path, thereby avoiding the causal reverse process
of AF models. Finally, we present a resampling-based
Classifier-Free Guidance (CFG) algorithm that significantly
improves generation quality in this framework. We summa-
rize our contributions as follows:

* We introduce FARMER, an elegant and powerful frame-
work that jointly optimizes Autoregressive Flow and Au-
toregressive Transformer for image generation and con-
tinuous image pixel likelihood estimation.

* We propose a self-supervised dimension reduction ap-
proach simplifying high-dimensional visual modeling.

* We develop a one-step distillation method that acceler-
ates AF reverse process by a factor of 22x with fewer
additional training epochs, while maintaining comparable
generation quality.

* We introduce a novel resampling-based CFG algorithm
that substantially enhances generation quality.

2. Preliminary

This section focuses on the preliminaries of Normalizing
Flows and Autoregressive models. A detailed discussion of
related works is given in Supplement Sec. 6.

2.1. Normalizing Flows

Normalizing Flows [14, 15, 32, 34, 36, 50, 54, 60, 72, 86]
map a complex data distribution & ~ pgat. () into a sim-
ple one z ~ pz(z). The target distribution pz(z) is
usually chosen as a standard Gaussian, which is easy for
density estimation and sampling. This transformation is
achieved by applying a sequence of invertible functions
F = fh,ofa_10---0 f1. Accordingly, the forward and
inverse mappings are z = F'(z) = f, 0 fp_1 00 f1(2)
andz = F~'(2) = fi ' o fyto- o f1(2), respectively.

Using the change-of-variables formula, NFs can calcu-
late the exact probability density of a data point x as:

0z dot (8F(x))‘ W)
ox

det (%)\ — p2(P(@))

Pdata(2) = pz(2)
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where det (812—?)) is the Jacobian determinant of F'. NFs

are trained via maximum likelihood estimation, formulated
in terms of Negative Log-Likelihood (NLL):

det <8F (w)> ‘ . @)

min — logpz (F(z)) — log 5

Previous works [20, 86] consider pz as a standard Gaus-
sian distribution A/(0,1), so Eq. (2) can be written as

ming 0.5[|F(z)| |3 — log ‘det (81;—?)) ‘

2.2. AutoRegressive Models

AutoRegressive models formulate the likelihood p(z) of
a token sequence z = (z1,22,...,2n) by factorizing
it into a product of next-token conditional probabilities:
Hi.vzl p(2;|2<;), where AR conditions only on the previous
tokens z<; = (z1,...,2;—1) to predict the next token z;.
Such AR paradigm has achieved remarkable scalability and
tremendous success in language models [1, 2, 18, 65, 66].
Furthermore, it has also demonstrated promising capabili-
ties in visual generation [23, 40, 44, 64, 68].

3. Approach
3.1. Mapping Images to AR Distributions via NFs

As mentioned in Sec. 2.1, mapping the high-dimensional
and highly dispersed image data distribution to a simple
isotropic Gaussian distribution via an NF can induce out-of-
distribution issues and degrade the sampling quality [20].
Inspired by JetFormer [70], we propose a framework that
combines the strengths of NF and AR models. Rather than
using a fixed standard Gaussian, we employ an NF to trans-
form images into a latent sequence whose distribution is
modeled implicitly by an AR model. Then the NF and AR
components are optimized jointly in an end-to-end fashion,
preserving the tractable, exact likelihoods of NFs while en-
dowing the target distribution with the expressivity of AR
modeling. The objective Eq. (2) is formulated as:

N

. OF (x
gl}‘%*;bgpm(zz‘\za)*log (z)

det( 3
x

)‘7 3)

where z = F'(x) denotes the forward transformation of the
NF. The target distribution over z is parameterized autore-
gressively. To enhance the expressivity of the AR base, fol-
lowing JetFormer and GIVT [69], we model each condi-
tional probability p(z;|z<;) with a K -component Gaussian
Mixture Model. Furthermore, different from JetFormer, we
implement the NF component F'(x) as an Autoregressive
Flow (AF) [34, 50, 86]. This design ensures the entire
pipeline maintains a consistent and powerful causal formu-
lation. Notably, when K = 1, our model, composed of an
AF and an AR model, reduces to a single, deeper AF (see
Supplement Sec. 9.1).

3.2. Flow AutoRegressive Transformer

We devise Flow AutoRegressive transforMER models
(FARMER) that unify an invertible autoregressive flow with
an autoregressive model into a single framework, which en-
ables end-to-end training on raw image pixels by mapping
the data onto an implicit distribution modeled by the AR.
Dequantize and Patchify. Given an input image
I € REXWXC following previous works [53, 70, 86],
FARMER first add a small Gaussian noise N (0, o2) to the
raw image [ to dequantize the discrete pixel values and
create a more continuous data distribution. Following Jet-
Former [70], we enhance this technique by employing an
annealed noise strategy, where the noise level o is annealed
from 0.1 to 0.005 using a cosine decay schedule. Then
we patchify the noised image with a downsampling factor
p into a representation I’ € R"*wxd where h = H/p,
w = W/p,and d = C - p?. Finally, we reshape I’ into
a sequence of N = h - w continuous-valued visual tokens
r = {x1,%9,...,2N}, where each token z; € R% No-
tably, there is no dimension compression in this process.
Forward and Reverse of Autoregressive Flow. During
training, FARMER utilizes an autoregressive flow F' to map
token sequence x € RV*? to latents z € RV*4 je., 2 =
F(x). By design, F is invertible (see Fig. 2) and composed
of n invertible blocks: F' = f, o f,_1 0---0 f;. Letting
20 = 2 and 2" = 2, the forward transformation for the ¢-th
AF block, 2t = f;(2'71), is defined for each token 2! ! as:

ifi=1,

t—1
t Z1
%= - - - o 4)
{(Zzt Yo m(R5Y) @ou(25Y) ifi> 1,

t—1 : t—1 t—1
where 2, denotes the preceding tokens {z;" ", ...,2; " }.

The bias factor 11;(2;") and the scaling factor o4 (z";") are
predicted by the ¢-th block conditioned on zt<_il in a causal
manner. Accordingly, the inverse transformation of the ¢-th

block, 2t~ = f;(2), is derived as (as shown in Fig. 3a):

ifi=1,

¢
t—1 21
z = . T (5)
{(zf © oi(z5;1)) + (251 ifi > 1,

where @ denotes element-wise division. Notably, for each
block ¢, the causal formula of forward transformations en-
sures that the Jacobian 8%{1 is lower triangular. Thus, its
determinant equals the product of its diagonal entries, oy
and can be computed efficiently during training. By the
chain rule, the total log-det of F' is the sum over blocks:

0z - 0zt LA 1
log‘det%‘ = ;log‘de‘c W‘ = ;;;bg)[m(zd )]]‘ 6)

Permutation. To improve AF expressiveness [86], we
apply a permutation 7; (which reverses the token order) to

!'Subscripts denote indexing 4 along the token sequence dimension, and
superscripts denote the ¢-th AF block indices.
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Figure 2. Overview of FARMER. Left, FARMER consists an autoregressive flow (AF) and an autoregressive (AR) model. The AF maps
image patches to latent sequences, while the AR predicts Gaussian Mixture Models (GMMs) conditioned on these latents, optimizing their
likelihood end-to-end. Middle, Each AF block performs an invertible next-token transformation of the input sequence to obtain a new
sequence. Right, AR splits latent channels into informative and redundant groups, modeling each informative token’s likelihood via a
GMM conditioned on its previous tokens, and redundant tokens jointly via a shared GMM conditioned on all informative tokens. This

separation enables disentangling structural and detailed information.

2!~ 1 at the start of each block ¢. After the forward AF trans-
formation 2! = f;(2'~1), we apply the inverse permutation
T ! to 2* to restore the original ordering (see Fig. 2).

AR Modeling. After the AF forward mapping, we get
the latent representation z = {z1, 22, ..., zx } from the in-
put image. Then we model its probability distribution with
a large causal AR Transformer. The AR Transformer is
conditioned on an embedding ¢ € R P which encodes
conditional information such as a class label. To amplify
its effect, we replicate the condition embedding M times
and prepend it to the latent sequence z. By the chain rule,
P(zle) = va:l p(2i|2<i, ¢). For each token, the AR Trans-
former predicts the parameters of a K -component Gaussian
Mixture Model (GMM) distribution G:

K
P(zilz<i €) = > mi(z<i, ) N (215 p(2<i, €, diag(0k (2, ), (7)
k=1
where 7 € R, ug, 0 € R are mixture weights, means,
and standard deviations of the k-th GMM component.
Learning Objective. Combining the AR likelihood
(Eq. (7)) and the AF log-determinant (Eq. (6)) to Eq. (3),
the training loss of FARMER is the negative log-likelihood
(NLL) of data and average over all dimensions:

0z
det o > . ®)

3.3. Self-supervised Dimension Reduction

N
1
L= “N.d <; log p(zi|2<i, ¢) + log

A fundamental challenge in pixel AR modeling is redun-
dancy: natural images are intrinsically low-dimensional sig-
nals whose spectrum is dominated by low frequencies [70].
Although an invertible AF can faithfully map the data dis-
tribution, its bijective nature preserves dimensionality. For

a 256 x 256 x 3 image with patch size 16, the latent se-
quence has N = (%)2 = 256 tokens, each with dimen-
sion d = 768. This high-dimensional latent Z exacerbates
two issues: (i) per-token AR modeling with a K-component
GMM in R? becomes exceptionally challenging. (ii) The
enlarged latent volume expands the sampling space, reduc-
ing sampling efficiency and often degrading sample quality.

Prior work like RealNVP [15] factors out half of the
dimensions and models them with Gaussian priors. Jet-
Former [70] adopts a similar strategy: it models the in-
formative dimensions Z! autoregressively and assigns the
redundant dimensions to Z% a standard Gaussian prior, as-
suming P(Z | ¢) = P(Z®) P(Z" | ¢),i.e., Z is indepen-
dent of both Z and c. This is a strong assumption that is
often violated in practice: informative and redundant parts
typically remain correlated, so enforcing independence can
discard information. Moreover, decoupling Z from ¢ and
Z! restricts how other modalities interact with the full la-
tents, leading to potential suboptimal performance on multi-
modal tasks.

To this end, we propose a novel self-supervised dimen-
sion reduction technique to address the above issues. It re-
duces the complexity of AR modeling, reduces the sampling
space, and reduces computational cost, all while avoid-
ing information loss. As shown in Fig. 2, we split the
latent Z € RM*? channel-wise into an informative part
YANS RN*4" and a redundant part ZE ¢ RNXdR, with
d = d! + d®. Then we correctly factorize the joint proba-
bility via the chain rule:

P(Z|c)=PZ" | c)P(Z% | Z! ).
Rather than assuming that Z is independent of (Z7, ¢) in
JetFormer, we explicitly condition Z% on both ¢ and Z7,
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where Z! serves as the global image context. Furthermore,
we constrain all tokens in ZF to share a GMM distribution,
while modeling tokens in Z7 in a token-by-token manner.
This design encourages self-supervised disentanglement of
distinct information across channel groups, without relying
on a standard Gaussian prior.

For P(Z'|c), we model each informative token Z; au-
toregressively with an individual GMM distribution G; pre-
dicted by the AR Transformer conditioned on c and the
preceding Z ii, thereby being capable of capturing com-
plex distributions. In contrast, for P(Zf|Z! c), we use
the entire informative sequence Z/ (global context) together
with c to predict a single shared GMM Gy 41 for all redun-
dant tokens ZF. By maximizing the combined likelihoods,
our method successfully encourages complex contour and
structural information to be isolated in Z!, while the sim-
ple color and fine-detail information is allocated to Z R ag
shown in Fig. 6 and discussed in Sec. 4.3.

After dimension reduction, the final training loss L is
rewritten as the sum of the NLL for both components:

N N
_ 1 I R
L=-%"p (Zl logp(z; |2<i, ¢) + Zlogp(zi |z<n, €) + log

=1

dz
det % D
)

3.4. Resampling-based Classifier-Free Guidance

Classifier-Free Guidance (CFG) has become a standard
technique for improving sample quality in diffusion mod-
els [45, 55, 61] and visual autoregressive models [40, 64,
68]. Conceptually, CFG steers the sampling process from
a base distribution towards a target conditional distribution.
For FARMER, the guided log-probability for a latent token
z can be formulated as:

logp’(2) oc log pe(z) + w - (log pe(2) — log pu(2)) (10)
=logpu(z) + (w+ 1) - (logpe(z) — log pu(2)),

where p.(z) = p(z|c) and p,(z) = p(z|0) are the condi-
tional and unconditional GMM, and w is the guidance scale.
However, the guided distribution p’(z) is an intractable mix-
ture of GMMs, making direct sampling infeasible.

To make it practical, we introduce a novel Resampling-
based CFG. The key insight is that the target distribution
p’(z) can be decomposed into two components as shown
in Eq. (10): the first term (blue) is a tractable GMM distri-
bution and can be sampled directly, while the second term
(red) is not samplable but allows evaluation of the sample
probability under this distribution. Therefore, we approx-
imate the sampling from p’(z) via a three-step resampling
scheme detailed in Supplement Algorithm 1. For each to-
ken z;, the procedure is: (i) Propose. Sample s candidates
from the conditional GMM p.(z;) and s’ candidates from
the unconditional GMM p,,(z;) respectively. (ii) Weigh.
Compute the corresponding log probability of all candidates
as the second term in Eq. (10), and normalize the weights.

(iii) Resample. Resample from the categorical distribution
that consists of the normalized weights of all candidates, to
obtain the final sample. In summary, the probability of can-
didate z is selected in the “propose” step is p.(z)/pu(2),

: i (22" ) (e )
and that in the “resample” step is (m) /<m) .

This resampling procedure ensures that the overall proba-
bility p.(z) (p “(Z)) matches the target probability p/(z).

Pu (Z)
More details are provided in the Supplement Sec. 8.2.

3.5. Fast Inferring via One-Step Distillation

A significant drawback of Autoregressive Flows is the slow
inference speed, due to its sequential reverse process. As
shown in Eq. (5), during the inverse mapping ft_1 of AF
block ¢, the calculation of each token z;_1 ; is conditioned
on preceding tokens z;_; ;. Such dependency brings a
substantial inference speed bottleneck, which is also noted
in recent AF works like TARFlow [86] and STARFlow [20]
whose token sequence length is 1024 with a patchsize of 8.

Benefiting from Normalizing Flow invertibility, whose
forward and reverse paths are exact inverses, we can train
a new AF whose forward path mirrors the original AF’s re-
verse path. Furthermore, because the forward/reverse path
of NF consists of finite steps, we can invert the original
AF’s forward path (Zy, Z1, ..., Z,, ) to obtain its reverse path
(Zn, Zn—1, .-, Zp), and utilize such reverse path to super-
vise the new AF, thereby avoiding the original AF to per-
form slow reverse process to obtain its reverse path.

As shown in Fig. 3 and inspired by the generative dis-
tillation works [62, 74, 81], we propose a one-step distil-
lation scheme that learns a single-step student reverse path
from the trained teacher’s forward path. Supplement Algo-
rithm 2 details the procedure: we first obtain a teacher AF
model, trained within the FARMER framework. Then, we
initialize the student by copying the teacher AF and enable
its attention bidirectional. At each distill iteration, we in-
put training data 2 to the teacher AF to obtain a teacher
forward path F((Z°) = (Z% Z*, ..., Z™) and use its rever-
sal (Z™, Z"1, ..., Z°) as the supervision target for the stu-
dent’s forward path G(Z") = (Z", Z", ..., Z°). For ro-
bustness, we use a noised latent (Z™ = Z"+s-noise) as the
student AF’s input. Then, the output Z'=1 of each student
AF block ¢ is supervised by minimizing the Mean Squared
Error (MSE) against the Z'~! from the teacher path. By
distilling one such student AF model, we significantly ac-
celerate the reverse process from 0.1689 to 0.0076 seconds
per image. As discussed in Sec. 4.3 and Tab. 4, such one-
step distillation brings a 22X acceleration for AF reverse
process while maintaining comparable generation quality.

Notably, unlike progressive diffusion distillation, our ap-
proach distills the entire AF model in an end-to-end man-
ner, ensuring robustness to cumulative inference error; it
eliminates the need for teacher models to run the inference
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forward path in an end-to-end manner, approximating the reverse process of each AF block by the corresponding student AF block’s
forward process, thereby enabling 22 x faster AF reverse process and 4 X overall inference speed-up.

process, thereby accelerating the distillation process; and it
requires fewer additional training epochs on the AF.

4. Experiments

4.1. Experimental Settings

We verity our proposed FARMER on ImageNet [12] at 256
x 256 resolution. We evaluate Fréchet Inception Distance
(FID) [24], Inception Score (IS) [63] and Precision/Recall
[37] on 50K generated samples. We design two model
scales: FARMER-1.1B/1.9B. By default, for the GMM pre-
diction heads, the informative dimensions (d') are set to 128
with K = 64 mixtures, while redundant dimensions (d’?)
are set to 640 with K = 200. The network architecture and
training setup are detailed in Supplement Sec. 8.1.

4.2. Results

System-level Comparison. As shown in Tab. 1, we com-
pare FARMER with various generative models, including
both latent and pixel-based approaches. Notably, FARMER
significantly outperforms JetFormer [70], the most compa-
rable baseline to our model, reducing the FID by 3.04. Fur-
thermore, FARMER demonstrates superior generation qual-
ity compared to the NF-based models, TARFlow [86] and
STARFlow [20]. FARMER also achieves competitive per-
formance and faster convergence speed against mainstream
Generative Adversarial Networks (GANs), diffusion mod-
els, and AR models. While methods like PixelFlow [7]
and PixNerd [77] employ complex multi-stage pipelines to
achieve better results, our approach remains highly compet-
itive by utilizing a simple, single-stage, end-to-end training
strategy. Compared to latent generative models, our method
maintains strong generative performance. Latent generative
models often benefit from a well-structured continuous la-
tent space, modeled by VAEs, that facilitates high-quality
sampling. However, by operating directly in pixel space,
our model gains direct access to the raw data distribution,

FARMER

Figure 4. Qualitative Comparison. Images of class 0 in Ima-
geNet generated by FARMER, MAR, and DiT.

which can potentially capture more detailed data semantics
without the information bottleneck imposed by VAEs.
Qualitative Results. We show qualitative results generated
by FARMER-1.9B using resampling-based CFG in Supple-
ment Sec. 7. FARMER generates diverse images with high
quality. A key advantage of FARMER over latent gener-
ative models is its ability to preserve fine-grained details.
This is because our end-to-end training directly accesses the
raw data distribution, and the invertible nature of NFs pre-
vents information loss. As shown in Fig. 4, our FARMER
can reconstruct intricate features, such as faces, which are
often blurred or distorted by the compression of VAEs.

4.3. Experimental Analysis

Ablation Study. Here we investigate the impact of each
component within the FARMER framework on overall per-
formance. As shown in Tab. 2, all experiments are con-
ducted using FARMER-1.1B with K=1024 GMM mixtures
on ImageNet 256256 for class-conditional image genera-
tion. Natural images typically possess a high degree of re-
dundancy, and low-dimensional signals with low-frequency
components dominating the spectrum [70]. Direct transfor-
mation of original images using normalizing flows yields
latent representations with unchanged dimensionality. Par-
titioning these high-dimensional latents into equal-length,
high-dimensional tokens complicates AR modeling and
sampling. By introducing a self-supervised dimension re-
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Table 1. System performance comparison on ImageNet 256 x 256 class-conditioned generation. “|”/*1” indicate lower/higher values
are better. Metrics include FID, IS, precision and recall. Resampling-based CFG is applied on FARMER.

Types | Models | Params | Epochs | FID| 1St Pre.t Rec.t
Latent Generative Models
LDM-4 [61] 400M + 86M 170 3.6 247.7 0.87 0.48
DiT-XL [55] 675M + 86M 1400 2.27 278.2 0.83 0.57
Diff SiT-XL [45] 675M + 86M 1400 2.06 270.3 0.82 0.59
1. FlowDCN [76] 618M + 86M 400 2.00 263.1 0.82 0.58
REPA [85] 675M + 86M 800 1.42 305.7 0.80 0.64
DDT-XL [78] 675M + 86M 400 1.26 310.6 0.79 0.65
REPA-E [39] 675M + 86M 800 1.12 302.9 0.79 0.66
GIVT [69] 1.67B+53M 500 2.59 - 0.81 0.57
AR MAR-AR [40] 479M+66M 800 4.69 244.6 - -
MAR-L [40] 479M + 66M 800 1.78 296.0 0.81 0.60
NE STARFlow [20] one-step denoise 1.4B+86M 320 2.96 - - -
STARFlow [20] finetune decoder 1.4B+86M 320 2.40 - - -
Pixel Generative Models
GAN \ BigGAN [4] \ 112M \ - \ 6.95 224.5 0.89 0.38
ADM [13] 554M 400 4.59 186.7 0.82 0.52
CDM [26] - 2160 4.88 158.7 - -
Diff. SimpleDiffusion [27] 2.0B 800 2.77 211.8 - -
PixelFlow-XL/4 [7] 677TM 320 1.98 282.1 0.81 0.60
PixNerd-XL/16 [77] 700M 320 1.93 298 0.80 0.60
SiD2 patch 1 [28] - 1280 1.38 - - -
AR | FractalMAR-H [41] | 844M | 600 | 6.15 348.9 0.81 0.46
NE TARFlow [86] patch 8 1.3B 320 5.56 - - -
STARFlow [20] patch 8 1.4B 320 4.69 - - -
JetFormer [70] 2.8B 500 6.64 - 0.69 0.56
FARMER 1.1B patch 16 1.1B 320 5.40 212.23 0.78 0.45
NF+AR FARMER 1.1B patch 8 1.1B 320 5.02 237.00 0.80 0.45
FARMER 1.9B patch 16 1.9B 320 3.96 250.64 0.79 0.50
FARMER 1.9B patch 8 1.9B 320 3.60 269.21 0.81 0.51

Table 2. Ablation study of FARMER. We demonstrate relative
impact of various components on generation quality.

Self. Dim. Reduce Cond. Repeat Final Permute ~ CFG Method |FID] ISt
X X X X |61.17 22.10
v X X X 49.29 30.61
v v X X 4534 33.87
v X v X 45.69 33.73
v '4 v X 44.56 33.17
v '4 v Naive Method | 8.66 233.84
v v v Resampling-based | 5.67 215.53

duction design as Eq. (9), the FID notably decreases from
61.17 to 49.29, and IS also improves from 22.10 to 30.61.
Next, we repeat the class embedding 64 times to enhance
the conditional guidance, the FID further decreases to
45.34. If we consider the AR model as a block of AF, adding
a token permutation operation between AF and AR is ben-
eficial to preserve the fixed dependency between token se-
quences. The FID further decreases to 44.56. CFG is essen-
tial for improving generation quality in modern generative
models during sampling. We first adopt a naive CFG sam-
pling method from JetFormer [70], the FID score notably
decreases to 8.66. Then, we upgrade the CFG sampling
method to a resampling-based method described in Sec. 3.4,
and the FID score further decreases to 5.67. Together, these
designs enable FARMER to achieve strong performance.

Normalizing Flow Architecture Comparison. The archi-
tecture of NFs critically affects representational capacity,
training, and inference efficiency [14, 15, 32, 34, 36, 50,

Table 3. Impact of Normalizing Flow Architectures.

NF Architectures | FID| ISt  Forward Speed Reverse Speed
Jet 106.23 13.14  0.0065 s/img  0.0099 s/img
AF 5.55 194.63 0.0066 s/img  0.1689 s/img
AF+One-step Distll. | 5.63 193.49 0.0066 s/img  0.0076 s/img

60, 72, 86]. Here we primarily compare two architectures,
Jet [36] and AF [34, 50], which have demonstrated strong
performance in modern generative models Jetformer [70]
and TARFlow [86], respectively. For fairness, both mod-
els utilize same block numbers, layers per block, and AR
modules with similar parameters. Their representational
capacity is assessed by FID/IS, while forward and reverse
speeds are also reported. Tab. 3 summarizes these results.
Specifically, in both forward and reverse processes, Jet ap-
plies an affine transform from half of the latent channels to
the other half in each block, stacking N such blocks for the
full model. This simple and efficient design enables Jet to
achieve fast forward and reverse computations, but it also
limits its representational capacity, leading to a failure to
separate different information of the image into two chan-
nel groups. In contrast, AF updates each token sequentially
based on previous tokens, enhancing expressiveness but in-
curring slow reverse process as described in Sec. 3.2. To
overcome this, we introduce one-step distillation: a student
AF model is distilled from a frozen teacher AF model, re-
quiring only 60 additional epochs. This significantly accel-
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erates reverse process from 0.1689 seconds to 0.0076 sec-
onds per image, providing a fast and expressive NF archi-
tecture for both training and inference.

Dimension Reduction Method Comparison. We also
compare our self-supervised dimension reduction method
with the approach adopted in JetFormer [70]. Our method
achieves improved generative performance, reducing FID
from 7.81 to 5.67, and increasing IS from 182.87 to 215.53.

—— FID  —— IS —— FID  ——Is

32 64 128 256 512 1024 32
GMM component nums

. 64 . 125. 256
informative dim

(a) Impact of GMM mixture num (b) Impact of informative dim

Figure 5. The ablation study of different properties.

Impact of GMM Mixture Component Number. We ana-
lyze the impact of the number of GMM mixtures predicted
by AR models, which reflect the complexity of the approx-
imated distribution. A larger number of mixtures enables
the model to represent more complex distributions; how-
ever, it also increases sampling difficulty and training com-
putational costs. As shown in Fig. 5a, the FID varies only
slightly across different mixture numbers and attains its op-
timal value at 64 mixtures. Notably, reducing the number
further—to 32 mixtures—prevents the model from perform-
ing effective dimension reduction, resulting in a significant
decline in generation quality. Thus, 64 mixtures are chosen
to best balance quality and efficiency.

Impact of the Informative Dimension. We analyze the
impact of the informative dimension, which reflects how in-
formation is separated and allocated by the NF models. As
shown in Fig. 5b, the FID initially decreases as the informa-
tive dimension increases and achieves the optimal value at
128. Further increasing the dimension leads to a rise in FID.
This phenomenon demonstrates a trade-off: increasing the
informative dimension allows capturing more information,
but also makes AR modeling and sampling more challeng-
ing. Therefore, we set the informative dimension to 128.

0.0 0.2 0.4 0.8 1.0 1.2 1.5 2.0

Figure 6. The impact of redundant channels. The numbers
above indicate scaling factors applied to the variance of the shared
GMM distribution for redundant channels.

Information Separation of Two Dimension Groups.

Here, we visualize the information contained in the in-
formative and redundant channels. During inference, to-
kens for informative channels are sequentially predicted,

followed by sampling redundant channels from a shared
GMM conditioned on the informative tokens. By varying
the GMM component variances, we control the diversity
of redundant channel samples. As shown in Fig. 6, lower
variance leads to sampled tokens clustering near Gaussian
means, producing smoother color regions and reduced di-
versity, while the global structure of the images remains
largely unaffected. Higher variance increases diversity but
raises the risk of out-of-distribution samples, which can
lead to color artifacts or, at extremes, incoherent images.
These observations demonstrate that our self-supervised di-
mension reduction method successfully decouples struc-
tural contour information from fine color details.

Table 4. Inference Speed Accelerate.

AR infer. time NF reverse time

Method ‘Ep"d‘s FIDL IS g intotal) (% in total)

Total time

FARMER | 280  5.55 194.63 0.0500s(22.8%) 0.1689s(77.2%) 0.2189s
w/. Distll. | 280+60 5.63 193.49 0.0500s(88.2%) 0.0076s(13.4%) 0.0567s

Inference Speed Acceleration. As reported in Table 4, the
baseline FARMER model requires 0.2189 seconds per im-
age for inference, with the NF reverse process constituting
the majority of this time (77.2%). Applying one-step distil-
lation dramatically reduces the NF reverse time from 0.1689
to 0.0076 seconds, yielding a 22 x acceleration for this com-
ponent. The total inference time decreases from 0.2189 to
0.0567 seconds per image, an almost 4 x acceleration, while
maintaining comparable image quality (FID 5.63 vs. 5.55,
IS 193.49 vs. 194.63). This demonstrates that one-step
distillation effectively eliminates the sequential bottleneck
of NF reverse process, enabling FARMER to achieve both
high fidelity and efficient generation.

5. Conclusion

We introduce FARMER, a novel generative framework that
integrate invertible AF with AR model, enabling end-to-end
training directly on raw image pixels. FARMER learns by
mapping the data distribution to an distribution modeled by
the AR model and maximizing the negative log-likelihood
of the raw images. This design permits both high-quality
image synthesis and explicit likelihood estimation. Further-
more, we propose key techniques: a self-supervised dimen-
sion reduction to alleviate the complexity of AR model-
ing/sampling, a resampling-based CFG strategy to enhance
image quality, and a one-step distillation scheme to ac-
celerate the inference speed. Through the contributions,
FARMER demonstrates competitive performance in im-
age generation relative to pixel-based and latent generative
models. However, beyond the curse of high-dimensionality
that we have addressed, two challenges persist in NF-AR,
i.e., (i) dequantization relying on noise injection and (ii) the
complications arising from the log-determinant loss. We
leave these for future works.
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