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Abstract
Generative modeling, representation learning, and classification are three core
problems in machine learning (ML), yet their state-of-the-art (SoTA) solutions
remain largely disjoint. In this paper, we ask: Can a unified principle address all
three? Such unification could simplify ML pipelines and foster greater synergy
across tasks. We introduce Latent Zoning Network (LZN) as a step toward
this goal. At its core, LZN creates a shared Gaussian latent space that encodes
information across all tasks. Each data type (e.g., images, text, labels) is equipped
with an encoder that maps samples to disjoint latent zones, and a decoder that maps
latents back to data. ML tasks are expressed as compositions of these encoders and
decoders: for example, label-conditional image generation uses a label encoder
and image decoder; image embedding uses an image encoder; classification uses
an image encoder and label decoder. We demonstrate the promise of LZN in
three increasingly complex scenarios: (1) LZN can enhance existing models
(image generation): When combined with the SoTA Rectified Flow model, LZN
improves FID on CIFAR10 from 2.76 to 2.59—without modifying the training
objective. (2) LZN can solve tasks independently (representation learning):
LZN can implement unsupervised representation learning without auxiliary loss
functions, outperforming the seminal MoCo and SimCLR methods by 9.3% and
0.2%, respectively, on downstream linear classification on ImageNet. (3) LZN can
solve multiple tasks simultaneously (joint generation and classification): With
image and label encoders/decoders, LZN performs both tasks jointly by design,
improving FID and achieving SoTA classification accuracy on CIFAR10. The
code and trained models are available at https://github.com/microsoft/
latent-zoning-networks. The project website is at https://zinanlin.me/
blogs/latent_zoning_networks.html.

1 Introduction
Generative modeling, representation learning, and classification are three of the most widely used
machine learning (ML) tasks. Generative models like DALLE [71, 70, 5] and GPT [68, 69, 7, 1] power
applications such as question answering and content creation. Representation learning, exemplified
by CLIP [67], supports tasks like information retrieval. Classification is central to tasks such as object
recognition [17] and sentiment analysis [19, 54].

Notably, the state-of-the-art (SoTA) techniques for these tasks differ. For example, SoTA generative
modeling relies on diffusion models [32, 76, 78] and auto-regressive transformers [68, 69, 7, 1]; SoTA
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Figure 1: Latent Zoning Network (LZN) connects multiple encoders and decoders through a
shared latent space, enabling a wide range of ML tasks via different encoder-decoder combinations or
standalone encoders/decoders. The figure illustrates eight example tasks, but more could be supported.
Only tasks 1-4 are evaluated in this paper, while the rest are for illustration.
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Figure 2: The latent space of LZN has two
key properties: (1) Generative: It follows
a simple Gaussian prior, allowing easy sam-
pling for generation tasks. (2) Unified: It
serves as a shared representation across all
data types (e.g., image, text, label). Each
data type induces a distinct partitioning of
the latent space into latent zones, where
each zone corresponds to a specific sample
(e.g., an individual image or label). The
latent space is shown as a closed circle for
illustration, but it is unbounded in practice.
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Figure 3: Training and inference in LZN rely on two
atomic operations: (1) Latent computation (§ 2.2.1):
Computes latent zones for a data type by encoding sam-
ples into anchor points and using flow matching (FM)
[53, 51] to partition the latent space. Conversely, any la-
tent point can be mapped to a sample via the decoder (not
shown). (2) Latent alignment (§ 2.2.2): Aligns latent
zones across data types by matching their FM processes.
This figure also illustrates the approach for LZN in joint
conditional generative modeling and classification (§ 5).

representation learning employs contrastive loss [28, 10, 26]; and SoTA classification uses dedicated
models trained with cross-entropy loss and its variants [46]. Although using distinct methods for these
tasks has long been established and widely accepted in the community, we revisit this methodology
from first principles and question its necessity. Specifically, we ask, out of curiosity:

Can a single principle unify generative modeling, representation learning, and classification?

Part of our motivation stems from Occam’s Razor [83], which favors simpler solutions when possible.
More importantly, while these tasks differ in formulation, they are fundamentally related and can
benefit from one another; a unified principle could facilitate such synergy.2

In this paper, we reflect on the strengths and limitations of existing techniques and propose a new
unified framework, Latent Zoning Network (LZN), illustrated in Figs. 1 and 2. At the core of our
design is a shared latent space that connects a series of encoders and decoders, each corresponding
to a specific data type (e.g., images, text, labels). Encoders map data into a zone in the latent
space, and the corresponding decoder maps it back to the data. Different tasks can be interpreted as

2While auto-regressive (AR) transformers with large-scale pre-training provide one approach to unify these
tasks [68, 69, 7, 1], SoTA transformer-based representation learning still relies on contrastive learning [45, 89].
More importantly, our approach can be viewed as an orthogonal layer on top of transformers and should be seen
as complementary rather than competing. See § 2.4 for further discussion.
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performing “translations” within the latent space—either using encoder–decoder pairs or leveraging
a single encoder or decoder. Compared to popularrepresentation learningapproaches, which place
no constraint on the latent distribution [10], LZN's latent space isgenerative: it follows a simple prior
distribution for easy sampling. In contrast to moderngenerative modelingapproaches, where different
conditions (e.g., class labels, text) are treated as separate inputs [87], LZNmaintains asinglelatent
space that uni�es different types of conditional information. Finally, unlike standardclassi�cation,
where class labels are model outputs,LZNtreats “class labels” as a data type connected through the
latent space like any other data type.

To train and perform inference withLZN, we rely on two atomic operations (Fig. 3 and § 2):(1) Latent
computation: Given an encoder, we compute thelatent zonesfor a batch of samples. Speci�cally,
we �rst use the encoder to compute each sample'sanchor point, then apply �ow matching [53, 51]
to map these points to their corresponding latentzones. This procedure ensures that the resulting
zones collectively follow a simple Gaussian distribution, facilitating generation tasks, while also
guaranteeing that zones from different samples remain disjoint–allowing them to serve as unique
latents for classi�cation and representation learning.(2) Latent alignment: Aligning thelatent zones
produced by two different encoders to facilitate the tasks that require translations between encoders
and decoders from different data types. This is a fundamentally challenging task due to its discrete
nature. To address it, we introduce a novel “soft” approximation that performs the alignment midway
through the �ow matching process, enabling effective and tractable training.

We demonstrate that, despite its simplicity and reliance on just two atomic operations,LZNis capable
of supporting a wide range of seemingly diverse tasks. To illustrate its versatility and practical utility,
we present threelevelsof applications:

� L1: Enhancing one existing task (§ 3). BecauseLZNlatents can be computed without su-
pervision, they can be seamlessly integrated into existing models as an additional conditioning
signal–without requiring any changes to the training loss or methods. In this setup,LZNlatents
hopefully can learn to improve the task performance. To demonstrate this, we incorporateLZNinto
recti�ed �ow models [53]–a state-of-the-art generative approach for images–and observe improved
sample quality acrossCIFAR10, AFHQ-Cat, CelebA-HQ, LSUN-Bedroomdatasets. Speci�cally,
onCIFAR10, LZNcloses the FID gap between conditional and unconditional generation by 59%.

� L2: Solving one task independently(§ 4). LZNcan also tackle tasks entirely on its own,
without relying on existing methods. As a case study, we useLZNto implement unsupervised
representation learning, a task traditionally addressed with contrastive loss. We �nd thatLZNcan
even outperform the seminal methods such as MoCo [28] and SimCLR [10] by 9.3% and 0.2%,
respectively, on downstreamImageNet linear classi�cation.

� L3: Solving multiple taskssimultaneously(§ 5). Pushing further,LZNis capable of handling
multipletasks at once. In particular, we employ two encoder–decoder pairs—one for images and
one for labels—enablingLZNto jointly support class-conditional generation and classi�cation
within a single, uni�ed framework. Built on recti�ed �ow, this implementation outperforms the
baseline conditional recti�ed �ow model in generation quality, while also achieving state-of-the-
art classi�cation accuracy. Notably, the performance on both generation and classi�cation exceeds
that of training each task in isolation. This supports our core motivating intuition: seemingly
distinct tasks can bene�t from shared representations, andLZNprovides a principled framework
for enabling such synergy.

While the early results are promising, many challenges, open questions, and exciting opportunities
remain unexplored. In principle, as more encoder–decoder pairs are added to the shared latent space,
the range of applicationsLZNcan support should grow at least quadratically (Fig. 1). WhetherLZN
can scale gracefully and realize this potential remains to be seen. We hope this work opens a new line
of research toward this ambitious vision. See more discussions in § 6.

2 Latent Zoning Network (LZN)

2.1 Overall Framework

Revisiting existing approaches.To motivate our design on a uni�ed framework for diverse ML
tasks, we �rst analyze the strengths and limitations of existing approaches.

� Generative modeling.Given samplesx � p from an unknown distributionp, generative models
aim to learn a decoderD x such thatD x (z) approximatesp, wherez is random noise drawn

3



from a simple distribution.3 While z can carry useful information for representation learning
and classi�cation [50], this pipeline has key limitations:(1) The mapping fromz to x lacks
�exibility. For example, in diffusion models, the optimal mapping is �xed once the distributions
of x andz are �xed [78]. To introduce controllability, models often augmentD with additional
condition inputsc1; : : : ; ck : G(z; c1; : : : ; ck ) [87]. This is suboptimal–conditions may overlap
or con�ict (e.g., text vs. label conditions in image generation), and the resulting representation
(z; c1; : : : ; ck ) becomes fragmented.(2) InvertingD to recoverz from a samplex is non-trivial
for some SoTA generative models [36]. These issues limit the effectiveness of generative models
for representation learning, as also observed in prior work [24].

� Unsupervised representation learning.4 SoTA representation learning typically uses contrastive
loss [10], where an encoderE maps related sample pairs–either from the same modality (e.g.,
image augmentations) or across modalities (e.g., image–text pairs)–to similar embeddings, while
pushing unrelated samples apart. These embeddings can perform zero-shot classi�cation by
comparing pairwise cosine similarities [67] or be adapted for classi�cation using a linear head
trained with cross-entropy loss [10]. However, contrastive loss leadsE to discard important
details (e.g., augmentations, modalities), making the representations unsuitable for standalone
generation. Moreover, with few exceptions [2], the representations lack distributional constraints,
making them hard to sample from for generative tasks unless training an additional generative
model [44].

� Classi�cation. The most common and SoTA classi�cation approach trains a dedicated model
with cross-entropy loss to map inputs to class labels [19, 54]. Intermediate layer outputs can be
used as representations [80]. However, because the objective focuses solely on classi�cation,
these representations tend to discard class-irrelevant information, limiting their utility for general-
purpose representation or generation. As with contrastive learning, they also lack distributional
constraints for generative tasks.

While one could combine the above objectives and methods into a single training setup [60, 43], our
focus is on designing a clean, uni�ed framework that naturally integrates all these tasks.

Desiderata. We observe that all the above tasks can be framed aslearning mappings between
data and a latent space. The main differences lie in: the mapping direction (e.g., latent-to-data for
generation, data-to-latent for representation/classi�cation), constraints on the latent space (e.g., a
simple prior for generative models, none for others), and the amount of information encoded (e.g.,
class labels for classi�cation tasks, detailed reconstructions for generative models). To support all
these tasks in a single framework, we seek:(1) A uni�ed latent space that captures all necessary
information of all tasks;(2) A generative latent spacethat follows a simple distribution; and(3)
Easy mappingsbetween data and latent in both directions.

Framework. To address the above desiderata, our key designs are (Fig. 2):

� A uni�ed latent space. In existing frameworks, a sample like text can play inconsistent roles–
appearing as input latent in text-to-image generation or as output in text generation. This makes it
hard to de�ne a uni�ed latent space across tasks.
We address this by introducing a hypotheticalfoundation latent spacethat represents all possible
samples in the world. Each foundation latent is an abstract entity that appears throughobservations
in differentdata types, such as images, text, and even class labels (e.g., “cat” or “dog”).
Importantly, different latents can share the same observation (e.g., multiple cat images all labeled
“cat” and described as “a cat image”). As a result, each observed sample de�nes alatent zone—a
subset of the latent space that produces the same observation in that data type. This provides a
uni�ed way to represent and connect all data types within the same latent space.

� A generative latent space.We enforce the latent space to follow a Gaussian distribution, enabling
easyunconditionalsampling without constraining any data type. Our framework also supports
easyconditionalsampling from alatent zoneinduced by an observed sample (e.g., a label).

� Easy mappings.Given samples of a data type, we compute their latent zones via the correspond-
ing encoder. Conversely, a latent point can be decoded into a data type using itsdecoder.

Tasks.This design naturally supports a variety of tasks (Fig. 1):

3For diffusion models [32, 76, 78], z is the initial Gaussian noise in the sampling process, plus intermediate
noise if using SDE sampling [79]. For AR transformers,z can be seen as the randomness in token sampling.

4We use “latent”, “representation”, and “embedding” interchangeably in the paper.
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� Single-module tasks.A standalone encoder or decoder can perform speci�c tasks independently.
For instance, the image encoder alone produces image embeddings (representations), while the
image decoder alone enables unconditional image generation.

� Cross-module tasks.Any encoder–decoder pair de�nes a task. For example,label encoder
+ image decoder enables class-conditional image generation,image encoder + label
decoder does classi�cation, andtext encoder + text decoder supports text generation.

We expect that tasks can bene�t from each other through this uni�ed framework (validated in § 5).
Each task contributes its core information to the latent space, making it increasingly expressive and
powerful. Conversely, since all tasks interface through the same latent space, improvements in the
latent representations can facilitate learning across tasks.

As the latent space partitions into zones, we name this frameworkLatent Zoning Network (LZN).

2.2 Implementation of Atomic Operations

Training and inference inLZNrely on two operations (Fig. 3):latent computationandlatent alignment.
We will see in § 3 to 5 that these two operations are suf�cient to implement a variety of tasks.

2.2.1 Latent Computation

Desiderata.Latent computation is important in both training and inference ofLZN. Given samples
X = f x1; : : : ; xn g of the same data type (e.g., images, text, labels), the goal is to sample their latents
z1; : : : ; zn = C (X ) with a randomlatent computation functionC such that:(1) Prior distribution
is Gaussian:the latentz � Uniformf z1; : : : ; zn g follows Gaussian distributionN (0; I ), and(2)
The latent zones of different samples are disjoint:Supp(zi ) \ Supp(zj ) = ; for i 6= j .

Approach. To achieve this, we �rst use a deterministic encoderEx to map each sample to an
anchor pointai = Ex (x i ). We then apply the seminal �ow matching (FM) method [53, 51], which
establishes a one-to-one mapping between distributions, to transform these anchor points into latent
zones. Speci�cally, we de�ne a family of distributions� t with endpoints� 0 = N (0; I ), the desired
prior latent distribution, and� 1(s) = 1

n

P n
i =1 � (s � ai ), the distribution of the anchor points.5

The intermediate distribution� t is induced by linearly interpolating between sampless0 � � 0 and
s1 � � 1 via ' (s0; s1; t) = (1 � t)s0 + ts1 (i.e., � t is (1 � t) � 0 + t� 1). The velocity �eld in FM
[53] can then be computed as

V(s; t) , Es0 � � 0 ;s1 � � 1

�
@'(s0; s1; t)

@t
j' (s0; s1; t) = s

�
=

P n
i =1 (ai � s) exp

�
� (s� ta i )2

2(1 � t )2

�

(1 � t)
P n

i =1 exp
�

� (s� ta i )2

2(1 � t )2

� :

We can obtainst by integrating along the FM trajectory:st = FM x (s0; t) , s0 +
Rt

� =0 V(s� ; � )d�
for s0 � � 0. It has been shown [53] that the distribution ofst is � t . Similarly, integrating backward
st = IFM x (s1� g; t) , s1� g +

Rt
� =1 � g V(s� ; � )d� for s1� g � � 1� g , (1 � g)� 1 + gN (0; I )

also yields� t , whereg is a small constant.6 With a slight abuse of notation, we also writest =
IFM x (ai ; � i ; t) to representIFM x (s1� g; t) with s1� g = (1 � g)ai + g� i . With these setups, we
de�ne the latent computation as

zi = C (X ) i , IFM x (ai ; � i ; 0) ; where� i � N (0; I ): (1)

Due to the discussed FM properties, we can see that this approach (approximately) satis�es the two
desiderata by construction (see App. A.1 for more details).

Implementation. ComputingC involves an integral, which we approximate using standard numerical
solvers such as Euler or DPM-Solver [55, 56] that operates on a �nite list of time stepst1; : : : ; t r ,
as in prior work on diffusion and RF models [53, 79]. A key property of our approach is that all
operations are differentiable, allowing gradients to backpropagate all the way from latentzi to the
encodersEx during training. More details are deferred to App. A.2.

Ef�ciency optimization. Computing the velocityV requires access to all samples, making the
memory and computation cost ofC high. To address this, we introduce several optimization

5� denotes the Dirac delta function.
6FM is well-de�ned only when both� 0 and� 1 have full support. However, in our case,� 1 is a mixture of

Dirac deltas and lacks full support. Therefore, we use the full-support distribution� 1� g as the starting point.
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techniques–latent parallelism, custom gradient checkpointing, and minibatch approximation–that
make the training ofLZNscalable. See App. A.3 for details.

2.2.2 Latent Alignment
Desiderata.Following § 2.2.1, latent zones from different data types are computed independently,
which undermines the purpose of a shared latent space. Many applications require these zones to
bealigned. We consider two types of alignment:(1) Many-to-one (and one-to-many) alignment:
for example, the latent zone of the “cat” label should cover all latent zones of all cat images.(2)
One-to-one alignment:for example, in image-text datasets, paired image and text samples should
share the same latent zone. Concrete examples will be shown in § 4 and 5.

Formally, letX = f x1; : : : ; xn g andY = f y1; : : : ; ym g be two datasets from different data types.
The pairing is de�ned byki , whereyi (e.g., a cat image) is paired withxk i (e.g., the “cat” label).
We aim to ensureSupp

�
C (X )k i

�
� Supp(C (Y) i ) for all i 2 [m], meaning the latent zone of

xk i covers that ofyi . This formulation supports many-to-one alignments directly. For one-to-one
alignment, a symmetric constraint can be added withx andy swapped.

Approach. Given the FM integral trajectories, alignment reduces to ensuring that the latent ofyi ,
when mapped via the trajectory, matches the anchor point ofxk i : FM x (C (Y) i ; 1) = Ex (xk i ) :

Challenge: discrete assignment is non-differentiable.Before introducing our solution, we illustrate
why the problem is nontrivial by examining strawman approaches. A natural idea is to directly
minimize the distance:d (FM x (C (Y) i ; 1) ; Ex (xk i )) ; whered (�; �) is a distance metric. This
approach fails because FM deterministically maps each latent to exactly one anchor pointEx (x j ), so
the above objective effectively becomes minimizing the distance between anchor points. However,
a latent zone is in�uenced by all anchor points, not just its own. Therefore, reducing the distance
between a pair of anchors does not necessarily improve zone-level alignment. More fundamentally,
the core challenge is that FM induces adiscrete assignment: each latent deterministically maps to one
anchor. This discrete operation is non-differentiable and cannot be directly optimized during training.

Technique 1: Soft approximation of alignment.To address this issue, our key idea is to introduce a
soft approximation of the discrete anchor assignment process. Let us de�nesi

t = FM x (C (Y) i ; t)
and al = Ex (x l ). By construction, the distribution� t is a mixture of Gaussians:� t =
1
n

P n
l =1 N (ta l ; (1 � t)2I ); where thel-th component corresponds to anchoral . We de�ne the

(soft) probability thatsi
t is assigned toal as being proportional to the density ofsi

t under thel-th
Gaussian component:

P
�
al jsi

t

�
= exp

�
�

k s i
t � ta l k 2

2(1 � t ) 2

�

=P n
j =1 exp

�
�

k s i
t � ta j k 2

2(1 � t ) 2

�
:

This formulation provides a smooth, differentiable approximation of the otherwise discrete assignment.
Whent = 0 , the approximation is fully smooth, withP

�
al jsi

0

�
= 1=n for all i; l , re�ecting a uniform

assignment. Ast increases toward 1, the assignment becomes sharper. In the limit ast ! 1, it
converges to the true discrete assignment, wheresi

t deterministically maps to its assigned anchor.

From this, a straightforward idea is to maximize the assignment probability over all time steps such
as

P
t 2f t 1 ;:::;t r g P

�
ak i js

i
t

�
(recall thatt i s are solver time steps; see § 2.2.1). However, our ultimate

goal is only to ensure correct assignment att = 1 . Even if this is achieved, the above objective would
continue to push the intermediate statesst towardak i , which is unnecessary and potentially harmful.

Technique 2: Optimizing maximum assignment probability.To avoid this, we propose to maximize
maxt 2f t 1 ;:::;t r g P

�
ak i js

i
t

�
. This ensures that once the trajectory reaches the correct anchor near

t = 1 , the objective is maximized (i.e., equals 1) and no further gradient is applied as desired.

Technique 3: Early step cutoff.However, this approach introduces a new issue: ifst diverges from
ak i early on, the maximum probability remains at the constant1=n (attained att = t1 = 0 ), yielding
no training signal. To mitigate this, we truncate the set of time steps used in the maximization,
restricting it to the later stages of the trajectory:f tu ; : : : ; t r g, whereu is a hyperparameter that
excludes early time steps. Putting it all together, our proposed alignment objective is:

Align ( X ; Y) , maximize
mX

i =1

max
t 2f t u ;:::;t r g

P
�
ak i js

i
t

�
: (2)

Please see App. B for more implementation details.
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Figure 4:LZNfor unconditional generative modeling (§ 3). During training, theLZNlatent of each
target image is fed as an extra condition to the recti�ed �ow (RF) model [53], making the RF learn
conditional�ows based onLZNlatents. The objective remains the standard RF loss, and theLZN
encoder is trained end-to-end within it. During generation, we sampleLZNlatents from a standard
Gaussian and use them as the extra condition. We illustrate the approach with RF, but sinceLZN
latents require no supervision and are differentiable, the method could apply to other tasks by adding
a condition input forLZNlatents to the task network.

2.3 Decoder
The decoderD x maps theLZNlatent back to its corresponding sample:D x (zi ) = x i . As we will
describe in more detail later, it can be implemented using either a generative model (§ 3) or FM (§ 5).

2.4 Relationships to Alternatives
A prominent alternative that can also uni�es different ML tasks is the use of AR transformers with
large-scale pertaining, such as large language models (LLMs) [68, 69, 7, 1]. These models unify
generationtasks by representing all data as sequences of tokens and modeling them in an AR manner.
Classi�cationtasks are cast as generation problems—for instance, prompting the model to complete
the sentence “Which animal is in this image?” [69]. Additionally, prior work has shown that the
intermediate outputs in these models can serve as strongrepresentationfor downstream tasks [72].

As such, this approach isgeneration-centric: the core formulation remains a generative modeling
problem. Tasks that can be framed as generation–such as classi�cation-can be uni�ed naturally.
However, for other tasks like representation learning, this approach must rely on surrogate methods,
such as using intermediate model outputs. In contrast,LZNoffers a new formulation that seamlessly
uni�es all these tasks within a single framework, as we will demonstrate in the following sections.

More importantly, AR transformers (and other generative models) should be seen asorthogonal
and complementaryto LZN, rather than as competitors.In particular,LZNdecoders that map latents
to data samples can be instantiated using any generative model. We demonstrate this in § 3 and 5.
This allowsLZNto leverage the strengths of existing generative models within its uni�ed framework.

2.5 Scope of Experiments
While the framework is general, this paper focuses speci�cally on theimagedomain. We present
three case studies: (1) generation (§ 3), (2) unsupervised representation learning (§ 4), and (3) joint
classi�cation and generation (§ 5). These case studies are arranged in order of increasing complexity:
the �rst enhances a single task, the second solves a task using onlyLZNwithoutany other external
objectives, and the third tacklesmultipletasks simultaneously within the same framework.

3 Case Study 1: Unconditional Generative Modeling
Approach (Fig. 4). SinceLZNlatentsC (X ) can be computed using a standalone encoder without
introducing new training objectives (§ 2.2.1), they can be easily integrated into existing pipelines
as additional network inputs, without modifying the original loss function. We apply this idea
to unconditional generative models, where the generator serves as theLZNdecoder. We modify
the decoder by adding an extra input to accept theLZNlatents. Both the encoder and decoder are
trained jointly using the original generative loss. In this setup, latent alignment (§ 2.2.2) is not
used. Importantly, the encoder is only used during training to computeC (X ). During inference,
latents are sampled from the Gaussian prior and passed directly to the decoder,maintaining the
original model's inference ef�ciency. Please see App. C.1 for detailed pseudocode of the training
and generation processes.

Why it helps. LZNlatents provide unique representations for each image. This pushes the generator
(decoder) to depend more directly on the latent for reconstruction, making the image distribution
conditioned on the latent more deterministic. As a result, the generative objective becomes easier to
optimize. Our experiments later con�rm thatLZNlatents indeed capture useful features for generation.
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Table 1: Unconditional image generation quality scores across four datasets. The best results are
in gray box. Applying LZNto generative models improves RF on most image quality metrics. RF
is a SoTA method; due to space constraints, we omit additional methods—see [53] for extensive
comparisons between RF and others. Note that Inception Score (IS) is best suited for natural images
like CIFAR10, though we report it for all datasets for completeness.

Algo. CIFAR10(32 � 32) AFHQ-Cat(256� 256)
FID# sFID# IS" Precision" Recall" CMMD# Recon# FID# sFID# IS" Precision" Recall" CMMD# Recon#

RF 2.76 4.05 9.51 0.70 0.59 0.0360 0.83 6.08 49.60 1.80 0.86 0.28 0.5145 17.92
RF+LZN 2.59 3.95 9.53 0.70 0.59 0.0355 0.41 5.68 49.32 1.96 0.87 0.30 0.3376 10.29

Algo. CelebA-HQ(256� 256) LSUN-Bedroom(256� 256)
FID# sFID# IS" Precision" Recall" CMMD# Recon# FID# sFID# IS" Precision" Recall" CMMD# Recon#

RF 6.95 10.61 2.91 0.76 0.42 1.0276 26.20 6.25 16.22 2.18 0.60 0.40 0.5218 48.72
RF+LZN 7.17 10.33 2.92 0.76 0.45 0.4901 15.90 5.95 17.84 2.22 0.59 0.41 0.4843 37.01

Figure 5: Generated images of RF+LZNonAFHQ-Cat, CelebA-HQ, LSUN-Bedroom. More in App. C.

Related work. RCG [44] and Diffusion Autoencoder (DA) [66] also aim to improve image generation
using unsupervised representations. RCG leverages a pre-trained representation model, while DA uses
an encoder trained jointly with the generator. Similar toLZN, these representations are provided as
additional inputs to the generative model. However, because their representation lacks distributional
constraints, both methods require training an auxiliary generative model over the representations to
enable unconditional generation. In contrast,LZNenforces a Gaussian representation by construction,
eliminating this extra step and allowing everything to be trained end-to-end in one stage.

Results. We plugLZNlatents into the seminal recti�ed �ow (RF) models [53], which is closely
related to diffusion models [32, 76, 78]. RF achieved SoTA image generation performance on several
datasets [53, 41], and has been used in some latest Stable Diffusion models [23] and AR models [52].

We follow the experimental setup of RF [53], evaluating on four datasets:CIFAR10, AFHQ-Cat,
CelebA-HQ, andLSUN-Bedroom. The latter three are high-resolution (256� 256). In addition to
standard metrics—FID [31], sFID [58], IS [73], precision [40], recall [40], and CMMD [33]—we
also reportreconstruction error(the`2 distance between an image and its reconstruction), which is
relevant for applications like image editing via latent manipulation [75, 50]. Results are shown in
Tab. 1, with three key �ndings:(1) LZNlatents improve image quality.During inference, the only
difference in RF+LZNis the inclusion of an additional latent drawn from a Gaussian distribution. This
improvement indicates that the decoder effectively leveragesLZNlatents for meaningful generative
features.(2) LZNsigni�cantly reduces reconstruction error across all datasets,further con�rming
that its latents capture essential image information.(3) While unconditional generation is important,
its image quality often trails that of conditional generation [44]. Compared to RF'sCIFAR10results in
Tab. 4, we �nd thatLZNsubstantially reduces the FID gap between conditional and unconditional
generation by 59%, and even outperforms conditional RF in sFID and reconstruction error.

See Fig. 5 for some generated images. Due to space constraints, please refer to App. C formore
details on implementation, datasets, metrics, and additional results such as more generated
images and ablation studies.

4 Case Study 2: Unsupervised Representation Learning

Related work. Contrastive learning is a popular approach to unsupervised representation learning
[10, 11, 28, 12, 14, 26, 13], which pulls similar images (e.g., augmentations of the same image)
together in the representation space. A central challenge is avoiding collapse, where all inputs
are mapped to the same representation. Common solutions include pushing the representations of
dissimilar samples from large batches [10] or memory banks [28] away, or adopting architectural
designs that prevent collapse [26, 13, 28]. Other unsupervised representation learning approaches
[74, 42] include masked image modeling [43, 4, 27, 63] and training on other auxiliary tasks
[84, 59, 65, 25].

Approach (Fig. 6). Inspired by contrastive learning, we train an image encoder usingAlign ( X ; Y)
(§ 2.2.2), whereX = f x i g

n
i =1 andY = f yi g

n
i =1 with mappingki = i contain image pairs(x i ; yi )

of random augmentations of the same image. Unlike traditional contrastive methods, our approach
inherently avoids collapse: different images are mapped to distinct latent zones by design, eliminating
the need for large memory banks or specialized architectures. Notably, only a singleLZNencoder for
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Figure 6:LZNfor unsupervised representation learning (§ 4). During training, each image batch
undergoes two sets of data augmentations, and latent zones for each set are computedusing the same
encoder. We then apply latent alignment (§ 2.2.2) to train the encoder. At inference, we can use the
LZNlatents, the encoder outputs (i.e., anchor points), or intermediate encoder outputs (App. D.4).
The latter two options avoid the costly latent computation process.

Table 2: Classi�cation accuracy on
ImageNet by training a linear classi�er on
the unsupervised representations. Methods
marked with§ are based on contrastive learn-
ing.7 The horizontal line separates baselines
that perform worse or better than ourLZN.
All methods use the ResNet-50 architecture
[29] for fair comparison.8

Algorithm Top-1 Acc" Top-5 Acc"

InstDisc§ [85] 54.0 [28] -
BigBiGAN [21] 56.6 [28] -
LocalAgg§ [91] 58.8 [28] -

MoCo§ [28] 60.2 [10] -
PIRL§ [57] 63.6 [10] -

CPC v2§ [30] 63.8 [10] 85.3 [10]
CMC§ [81] 66.2 [26] 87.0 [26]

SimSiam§[13] 68.1 [13] -
SimCLR§ [10] 69.3 [10] 89.0 [10]
MoCo v2§ [12] 71.7 [12] -

SimCLR v2§ [11] 71.7 [11] -
BYOL§ [26] 74.3 [26] 91.6 [26]
DINO§ [9] 75.3 [9] -

LZN 69.5 89.3

Table 3: Classi�cation accuracy onCIFAR10. Base-
line results are from [39]. “RF+LZN(no gen)” refers
to “RF+LZN” with the RF loss for generation disabled.
The horizontal line separates baselines that perform
worse or better than our RF+LZN. Note that these re-
sults refer to training purely on theCIFAR10dataset
(without pretraining or external data).

Algorithm Acc"

VGG16 92.64%
ResNet18 93.02%
ResNet50 93.62%
ResNet101 93.75%

RegNetX_200MF 94.24%
RegNetY_400MF 94.29%

MobileNetV2 94.43%
ResNeXt29(32x4d) 94.73%
ResNeXt29(2x64d) 94.82%

SimpleDLA 94.89%
DenseNet121 95.04%

PreActResNet18 95.11%
DPN92 95.16%
DLA 95.47%

RF+LZN(no gen) 93.59%
RF+LZN 94.47%

bothX andY is needed and decoders are not required. See App. D.1 for pseudocode of the training
process.

Results. We follow the canonical setting [10, 26, 28], whereLZNis trained on the unlabelled
ImageNetdataset using ResNet-50 [29] to learn representations. Alinear classi�er is then trained on
top of these representations in a supervised manner, and its accuracy is evaluated on theImageNet
test set. The results are shown in Tab. 2. Note that these results are obtained without any pretraining
or use of external data.We observe thatLZNmatches or outperforms several established methods
in the �eld, including seminal approaches such as MoCo [28] (LZNoutperforms it by 9.3%) and
SimCLR [10] (LZNoutperforms it by 0.2%). This is remarkable given thatLZNis a new framework
capable of supporting not only unsupervised representation learning but also other tasks (§ 3 and 5).
However, there remains a signi�cant gap to SoTA performance.We emphasize that our current
results are not fully optimized: (1) Training iteration. The performance ofLZNcontinues to
improve rapidly with ongoing training (App. D), so we expect the gap to SoTA to narrow with full
training. (2) Architecture. Prior work shows that more advanced architectures like ViT can improve
the results signi�cantly [14]. We leave these directions for future work.

Due to space constraints, please refer to App. D formore details on implementation, datasets,
metrics, and additional results such as representation visualization and ablation studies.

7Note that we use the termcontrastive learningbroadly to refer not only to methods employing the traditional
contrastive loss, but to all approaches that encourage relevant images to share similar representations; see § 4.

8It is known that better architectures [11] or training on larger datasets [62] can yield stronger results. To
ensure a fair comparison, we include only methods reporting results withthe ResNet-50 architecturetrained
on theImageNetdataset. This excludes potentially stronger methods lacking ResNet-50 results onImageNet,
such as DINOv2 [62]. See Tab. 6 for additional baselines using other architectures.
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Table 4: Conditional image generation quality onCIFAR10. The best results are ingray box.
Applying LZNto generative models improves or matches RF on all metrics.

Algo. FID# sFID# IS" Precision" Recall" CMMD# Recon#
RF 2.47 4.05 9.77 0.71 0.58 0.0253 0.69
RF+LZN 2.40 3.99 9.88 0.71 0.58 0.0229 0.38

5 Case Study 3: Conditional Generative Modeling and Classi�cation

Approach (Fig. 3). Building on § 3, we considerX = f x i g
n
i =1 andY = f yi g

m
i =1 , where eachx i

is a class label andyi is an image labeled asxk i . In addition to the image encoder and decoder,
we introduce a label encoder-decoder pair. Since labels come from a �nite set, both modules share
a matrixA 2 Rq� c of label anchor points, whereq is the latent dimension andc is the number
of classes. The encoder maps a one-hot labelh to its anchor viaAh. The decoder recovers the
class ID of a latentg by �rst applying FM to obtain its anchorFM A (g; 1), and then computing its
corresponding class latent zonearg max FMA (g; 1)T A, whereFM A denotes FM over anchors in
A. The training objective extends that of § 3 by addingAlign ( X ; Y). After training, the model
can perform both conditional and unconditional generation, as well as classi�cation by design. See
App. E.1 for detailed pseudocode of the training, generation, and classi�cation processes.

Related work. Joint classi�cation and conditional generation are often achieved by augmenting
generative models with classi�cation losses or networks [60, 73], treating label inputs to the generator
and outputs from the classi�er as separate components. In contrast,LZNuni�es label inputs and
outputs within a shared latent space.

Results.Following the setting in § 3, we conduct experiments onCIFAR10. Image quality metrics
are shown in Tab. 4, and classi�cation accuracies are shown in Tab. 3. Key observations are:(1) LZN
improves both image quality and reconstruction error. Similar to § 3, this con�rms thatLZNlatents
capture useful features for generation.(2) LZNachieves classi�cation accuracy on par with SoTA.
Tab. 3 includes SoTA classi�cation accuracy from networks trained solely for classi�cation. The fact
thatLZN, which jointly performs generation and classi�cation and differs signi�cantly from standard
classi�cation pipelines, can match SoTA performance is notable. Currently,LZNlags behind the
bestCIFAR10result by 1%, potentially due to architectural factors: we use the RF encoder (App. E)
without classi�cation-speci�c optimization. With a better architecture design (as in other methods
in Tab. 3),LZNcould likely improve further.(3) Joint training on generation and classi�cation
improves both. This is evident from: (i) RF+LZNin Tab. 4 showing better generation quality than in
Tab. 1; and (ii) “RF+LZN” achieving higher classi�cation accuracy than “RF+LZN(no gen)” in Tab. 3.
These results support our motivation from § 1 that different ML tasks can bene�t from each other,
and demonstrate thatLZNis a promising uni�ed framework for achieving this synergy.

Due to space constraints, please refer to App. E formore details on implementation, datasets,
metrics, and additional results such as generated images and ablation studies.

6 Limitations and Future Work

(1) Training ef�ciency. TrainingLZNrequires backpropagating through the FM trajectory (§ 2.2.1),
which is computationally expensive. In App. A, we describe several optimization strategies we
implemented to mitigate this cost. To further improve ef�ciency, we observe an interesting parallel
between trainingLZNand training large language models (LLMs) (see App. G), suggesting that
some ef�cient training techniques developed for LLMs may be applicable here.(2) Pure generative
modeling. While LZNis fundamentally capable of generative modeling without any auxiliary losses
(see App. G), in § 3, we only demonstrate how it can enhance existing generative models. Exploring
how to fully leverageLZNfor standalone generative modeling remains an open direction for future
work. (3) Improving performance. AlthoughLZNachieves competitive results in unsupervised
representation learning (§ 4) and classi�cation (§ 5), there remains a gap to the SoTA. Bridging this
gap is an interesting direction. One promising avenue is to incorporate well-established improvements
from the literature that we have not yet adopted, such as more advanced architectural designs, as
discussed in § 4 and 5.(4) Multi-modality and multi-tasks. In this paper, we focus primarily on
image-based applications and at most two tasks simultaneously (§ 5). However,LZNis designed
to be extensible: by incorporating additional encoders and decoders, it can naturally support more
modalities and perform multiple tasks concurrently (Fig. 1). We leave this exploration to future work.
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NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re�ect the
paper's contributions and scope?

Answer: [Yes]

Justi�cation: The claims are supported by experimental results in § 3 to 5.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and re�ect how
much the results can be expected to generalize to other settings.

• It is �ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justi�cation: The limitations are discussed in § 6.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci�cation, asymptotic approximations only holding locally). The authors
should re�ect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should re�ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should re�ect on the factors that in�uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational ef�ciency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci�cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justi�cation: See App. A.1.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

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

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

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

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

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justi�cation: The hyperparameters are reported in Apps. C to E. The code is inhttps:
//github.com/microsoft/latent-zoning-networks .
Guidelines:

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

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

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

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

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

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

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

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

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

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with suf�cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justi�cation: The code is in https://github.com/microsoft/
latent-zoning-networks .

Guidelines:

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

public/guides/CodeSubmissionPolicy ) for more details.
• While we encourage the release of code and data, we understand that this might not be

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

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

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

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

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

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

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi�cation: Please see Apps. C to E and the attached code.

Guidelines:

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

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

material.

7. Experiment statistical signi�cance

Question: Does the paper report error bars suitably and correctly de�ned or other appropriate
information about the statistical signi�cance of the experiments?

Answer: [No]

Justi�cation: Our baseline results were taken from prior work, which did not include error
bars. We followed the same setting and conducted each experiment only once. Additionally,
LZNincurs a high computational cost, which limits the feasibility of running multiple trials
for each experiment within a reasonable timeframe.

Guidelines:

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

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

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

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

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not veri�ed.

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

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

8. Experiments compute resources

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

Answer: [Yes]

Justi�cation: Apps. C to E reports the computation and memory cost.

Guidelines:

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

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

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

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

9. Code of ethics

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

Answer: [Yes]

Justi�cation: We followed the NeurIPS Code of Ethics.

Guidelines:

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

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

eration due to laws or regulations in their jurisdiction).

10. Broader impacts

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

Answer: [Yes]

Justi�cation: See App. G.

Guidelines:

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

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

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

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

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

11. Safeguards

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

Answer: [Yes]

Justi�cation: We will do responsible AI reviews before releasing the models.

Guidelines:

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

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

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

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

12. Licenses for existing assets

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

Answer: [NA]

Justi�cation: All the code and models of this work is created by us.

Guidelines:

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

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

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

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

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

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justi�cation: The code comes with a README.

Guidelines:

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

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

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

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

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justi�cation: We do not have such experiments.

Guidelines:

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

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

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

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justi�cation: We do not have such experiments.

Guidelines:

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

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

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

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

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti�c rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justi�cation: The method development in this work does not involve LLMs.

Guidelines:

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

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A More Details on Latent Computation (§ 2.2.1)

A.1 The Desired Properties

In this section, we explain in more detail why the construction in § 2.2.1 (approximately) satis�es the
two desired properties.

� Prior distribution is Gaussian. By de�nition, the distribution of latent z �
Uniformf z1; : : : ; zn g is induced by (1) drawinga � Uniformf a1; : : : ; an g and� � N (0; I ),
(2) computings1� g = (1 � g)a + g�, and (3) computingIFM x (s1� g; 0). In the above process,
s1� g � � 1� g by de�nition. Due to the property of FM discussed in § 2.2.1,IFM x (s1� g; 0) � � 0
whens1� g � � 1� g. Therefore, the latentz � � 0 = N (0; I ).

� Disjoint latent zones.Each latent pointz � N (0; I ) can be uniquely map to one off a1; : : : ; an g
through the de�ned FM. We de�ne the latent zone ofi -th sample as the set of latents that map to
ai : Z i = f z : FM x (z; 1) = ai g. The probability that the latent computed through Eq. (1) falls
in the incorrect latent zone can then be de�ned asP(IFM x (ai ; � ; 0) 2 Z j ) for i 6= j , where the
probability is over the randomness of� � N (0; I ). We can see that this probability can be made
arbitrarily small by choosing a suf�ciently smallg. This is because that to make the latent fall in

the incorrect latent zone, we need to havek� k on the scale of





 (1 � g)( a i � a j )

g






 , whose probability

! 0 wheng ! 0. To make this intuition more precise, we give the closed form of this probability
for a toy one-dimensional case below.

Theorem 1. Assume that there aren = 2 samplesx1; x2, with their anchor pointsa1 = � 1; a2 = 1 .
We have

P(IFM x (a1; � ; 0) 2 Z2) = P (IFM x (a2; � ; 0) 2 Z1) = �
�

g � 1
g

�
; (3)

where� is the CDF function of the standard Gaussian distribution.

Proof. With a slight abuse of notation, we de�neFM x (s; t1; t2) = s+
Rt 2

� = t 1
V(s� ; � )d� as following

the FM trajectory fromt1 to t2. We generalize the latent zone de�nition above to all time steps as
the latents at time stept that map to the anchor pointai : Z t

i = f z : FM x (z; t; 1) = ai g. Due to
symmetry, we know thatZ t

1 = ( �1 ; 0) andZ t
2 = (0 ; 1 ). Therefore, we have

P(IFM x (a1; � ; 0) 2 Z2) = P (� (1 � g) + g� > 0) = P
�

� >
1 � g

g

�
= �

�
g � 1

g

�
;

where � ( �) is the CDF function of Gaussian distribution. Similarly, we can get that

P (IFM x (a2; � ; 0) 2 Z1) = �
�

g� 1
g

�
.

A.2 More Implementation Details

We �nd that in the training or inference of some tasks bene�t from using a more concentrated latent
distribution:

zi = C (x1; : : : ; xn ) i , IFM x (ai ; �� i ; 0) ; (4)

where� i � N (0; I ) and� 2 [0; 1) is the scaling factor. Similar techniques have been used in prior
generative models for improving sample quality [35, 37, 6, 82].

A.3 Ef�ciency Optimizations

We introduce a series of ef�ciency optimization techniques so that the training ofLZNcan scale up to
large models and large batch sizes.

Minibatch approximation (reducing memory and computation cost).By design, latent computa-
tion requires usingall samples, which is infeasible for large datasets. In practice, we approximate
this by using only the current minibatch asx1; : : : ; xn , which signi�cantly reduces memory and
computation cost.

Note that this approximation has nuanced implications on the two desired properties discussed in
§ 2.2.1.
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� Minibatch approximation still preserves the Gaussian prior. LZNensures that the latent
distribution within each minibatch is approximatelyN (0; I ). As a result, the overall latent
distribution becomes a mixture of Gaussians with the same parameters, which is stillN (0; I ).
Therefore, the global prior remains valid under the minibatch approximation.

� However, minibatch approximation violates the disjoint zone property.This is because the
latent zones of each sample now depends on other samples in the same batch, which could change
across different batches. Despite this approximation, our experiments show it performs well.
� In generative modeling (§ 3 and 5), the latent does not need perfect zone disjointness—as long

as it provides some information about the input sample, it can help reduce the variance needed
to learn by the generative model (recti�ed �ow in our case) and improve the generation quality.

� In representation learning (§ 4), latent alignment occurswithin a single batch. Thus, inconsis-
tency across batches is irrelevant.

� In classi�cation (§ 5), we only need to map sampleswithin a single batchto the latent zones of
labels. Thus, inconsistency across batches is irrelevant.

That said,larger batch sizescan improve the accuracy of latent zones and thus improve perfor-
mance (§ 5).

Custom gradient checkpointing (reducing memory cost).In PyTorch, forward passes store interme-
diate results for use in backpropagation, incurring signi�cant memory cost. Gradient checkpointing10

reduces memory usage (with the cost of extra computation) by selectively discarding intermediates
in the forward pass and recomputing them during the backward pass. This technique is typically
applied within neural networks. In our case, we discover that the main memory bottleneck lies in
latent computation, which has memory complexityO(n2qr), wheren is the number of samples,q
the latent dimension, andr the solver steps. We design a custom strategy that skips storing velocity
computations and retains only the latent trajectoriesst . This reduces memory complexity toO(nqr),
which makes the training far more manageable.

Latent parallelism (making training scalable with multi-GPU). For the same reason discussed
above, the main computation overhead also lies in latent computation. A natural idea is to parallelize
it with multi-GPU. We partition the data samples across GPUs, and each GPU computes anchor
points for its assigned subset. These anchor points are then broadcast to all GPUs, allowing each
to compute latents for its own samples using the complete set of anchors. To ensure that gradients
can propagate back correctly through the anchor points to the originating GPUs, we use the undoc-
umented PyTorch functiontorch.distributed.nn.functional.all_gather , which—unlike
the standardtorch.distributed.all_gather —maintains gradient �ow to the original sources.

B More Details on Latent Alignment (§ 2.2.2)

B.1 More Implementation Details

Optionally, we can apply a logarithm to the assignment probability to make the loss resemble a
standard cross-entropy formulation. In that case, our proposed alignment objective is:

Align ( X ; Y) , max
mX

i =1

max
t 2f t u ;:::;t r g

logP
�
ak i js

i
t

�
: (5)

B.2 Ef�ciency Optimizations

We apply the same ef�ciency optimizations in App. A.3 in latent alignment.

C More Details and Results on Case Study 1

C.1 Algorithm Pseudocode

Fig. 7 and Fig. 8 show side-by-side comparisons of the training and generation processes of RF and
RF+LZN.

10https://pytorch.org/docs/stable/checkpoint.html
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Algorithm 1: RF training

Input : Training set:X
Decoder:D x
Number of iterations:T
Batch size:B

1 for iteration  1; : : : ; T do
2 x1; : : : ; xB  Draw samples fromX
3 � 1; : : : ; � B  Gaussian noise
4 t1; : : : ; tB  Random RF timesteps
5 � i  (1 � t i )� i + t i x i
6 Training usingD x (� i )

Algorithm 2: RF+LZNtraining

Input : Training set:X
Decoder:D x

Encoder:Ex (used byC)
Number of iterations:T
Batch size:B

1 for iteration  1; : : : ; T do
2 x1; : : : ; xB  Draw samples fromX

3 z1; : : : ; zB  C (x1; : : : ; xB )
4 � 1; : : : ; � B  Gaussian noise
5 t1; : : : ; tB  Random RF timesteps
6 � i  (1 � t i )� i + t i x i
7 Training usingD x (� i ; zi )

Figure 7:Comparison between the training processes of RF and RF+LZN. Left: A simpli�ed
illustration of the standard RF [53] training process. In each iteration, a batch of real samples and a
batch of Gaussian noise are drawn and interpolated to produce noisy inputs, which are then passed
through the decoder network to compute the loss.Right: A simpli�ed illustration of the RF+LZN
training process. The key differences are highlighted in gray: we computeLZNlatents for the samples
using the method in § 2.2.1, and provide these latents as an additional input to the RF decoder.

Algorithm 3: RF generation

Input : Decoder:D x

1 �  Gaussian noise
2 Generated sample D x (� )

Algorithm 4: RF+LZNgeneration

Input : Decoder:D x

1 �  Gaussian noise
2 z  Gaussian noise
3 Generated sample D x (� ; z )

Figure 8:Comparison between the generation processes of RF and RF+LZN. Left: A simple
illustration of the standard RF generation process [53]. The decoder takes Gaussian noise as input
and generates a sample. The actual process is iterative, but we leave out the steps for simplicity and
only show the starting input (Gaussian noise) and the �nal output (the generated image).Right: A
simple illustration of the RF+LZNgeneration process. The main differences are shown in gray: we
sample extraLZNlatents from Gaussian noise and use them as additional inputs to the RF decoder
during the iterative generation process.

C.2 More Implementation Details

Architecture.

� Decoder.The only change to the RF architecture [53] is concatenating theLZNlatent with the
timestep embedding.

� Encoder. We extend the UNet encoder in RF [53] by connecting the output of each ResNet block
with a latent transformation block. The sum of the outputs of the latent transformation blocks
forms theLZNlatent. Each latent transformation block consists of: (1) a1� 1 convolution that
projects the ResNet output to 20 channels, reducing dimensionality; and (2) a small MLP with a
200-dimensional hidden layer that outputs the latent from the �attened convolution output.

C.3 More Experimental Settings

Datasets.

� CIFAR10(32� 32) [38] contains 50000 training images and 10000 test images of 10 classes of
objects. We only utilize the training set for this experiment.

� AFHQ-Cat(256� 256) [15] contains 5153 catimages.
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� CelebA-HQ(256� 256) [34] contains 30000 face images.
� LSUN-Bedroom(256� 256) [86] contains 3033042 bedroom images.

Metrics.

� FID [ 31] and sFID [58] evaluate the similarity between real and generated images by projecting
both into the latent space of a pretrained network (e.g., Inception-v3 [80]), �tting each set of latents
with Gaussian distributions, and computing their Wasserstein-2 distance. The key difference
between FID and sFID is the feature layer used: FID uses pooled features, while sFID uses
intermediate features, making it more sensitive to spatial details.

� Inception score (IS) [73] measures image quality by assessing both the quality of each image
(how con�dently a classi�er predicts a class) and diversity across all images (coverage over
different classes). Since the classi�er is trained onImageNet [17], IS is best suited for natural
image datasets likeCIFAR10. We report IS for all datasets for completeness.

� Precision and recall [40] evaluate the quality and coverage of generated images. Intuitively,
precision measures the fraction of generated images that are close to real ones, while recall
measures the fraction of real images that are close to the generated ones.

� CMMD [ 33] measure the MMD distances between the CLIP embeddings of the real images and
generated images. Compared to FID, it is reported to align better with human preference and have
better sample ef�ciency.

� Reconstruction error measures how well a generative model can reconstruct an input image.
This re�ects the model's representational power and is crucial for applications like image editing,
where edits are made by modifying the image's latent representation []. For RF, we �rst apply
the inverse ODE to map the image to its latent representation, then use the forward ODE to
reconstruct the image, and compute the`2 distance between the original and reconstructed images.
For RF+LZN, we add an initial step: compute the image'sLZNlatentC (X ) and feed it into the
RF latent computation process as an additional input.

Following the convention [53, 77, 48, 90, 49], the metrics are all computed using the training set of
the dataset.

For FID, sFID, IS, precision, recall, and CMMD, we subsample the training set and generate the
same number of samples to compute the metrics. The number of samples are:

� CIFAR10: 50000 (the whole training set).
� AFHQ-Cat: 5120, the largest multiple of the batch size (256) that is less than or equal to the

training set size (5153).
� CelebA-HQ: 29952, the largest multiple of the batch size (256) that is less than or equal to the

training set size (30000).
� LSUN-Bedroom: 29952, the largest multiple of the batch size (256) that is less than or equal to

30000. We limit the number of samples to 30000 so that the computation cost of the metrics are
reasonable.

For reconstruction error, we randomly sample a batch of images (2000 forCIFAR10and 256 for the
other datasets) from the training set. Each image is reconstructed 20 times (note that theLZNlatents
C (X ) have randomness). We report the average metric over all reconstructions.

Note that for all the random subsampling procedures mentioned above, we ensure the sampled sets
are consistent between RF and RF+LZN, so that the resulting metrics are directly comparable.

Sampler. RF requires a sampler to numerically solve the ODE (integral) trajectory for sample
generation. For both RF and RF+LZN, we use the RK45 sampler from RF [53], which adaptively
determines the number of steps. In App. C.4, we also analyze the effect of varying the number of
sampling steps using the Euler sampler [].

Hyperparameters.

� CIFAR10
� RF:
� Batch size: 2000
� Optimizer: Adam
� Decoder learning rate: 0.001
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� Gradient clipping: 1.0
� Number of parameters in decoder: 61804419

� RF+LZN:
� Batch size: 2000
� Optimizer: Adam
� Decoder learning rate: 0.001
� Encoder learning rate: 0.000025
� Gradient clipping: 1.0
� Latent dimension: 200
� Number of parameters in decoder: 61906819
� Number of parameters in encoder: 49790260

� AFHQ-Cat
� RF:
� Batch size: 256
� Optimizer: Adam
� Decoder learning rate: 0.0002
� Gradient clipping: 1.0
� Number of parameters in decoder: 65574549

� RF+LZN:
� Batch size: 256
� Optimizer: Adam
� Decoder learning rate: 0.0002
� Encoder learning rate: 0.000002
� Gradient clipping: 1.0
� Latent dimension: 200
� Number of parameters in decoder: 65676949
� Number of parameters in encoder: 87768896

� CelebA-HQ
� RF:
� Batch size: 256
� Optimizer: Adam
� Decoder learning rate: 0.0002
� Gradient clipping: 1.0
� Number of parameters in decoder: 65574549

� RF+LZN:
� Batch size: 256
� Optimizer: Adam
� Decoder learning rate: 0.0002
� Encoder learning rate: 0.000004
� Gradient clipping: 1.0
� Latent dimension: 200
� Number of parameters in decoder: 65676949
� Number of parameters in encoder: 87768896

� LSUN-Bedroom
� RF:
� Batch size: 256
� Optimizer: Adam
� Decoder learning rate: 0.0002
� Gradient clipping: 1.0
� Number of parameters in decoder: 65574549

� RF+LZN:
� Batch size: 256
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Figure 9: Generated images of RF onCIFAR10.

� Optimizer: Adam
� Decoder learning rate: 0.0002
� Encoder learning rate: 0.000002
� Gradient clipping: 1.0
� Latent dimension: 200
� Number of parameters in decoder: 65676949
� Number of parameters in encoder: 87768896

Computation cost.Excluding the computation cost of periodic evaluation (i.e., only counting the
computation cost of model training), each RF+LZNexperiment takes:

� CIFAR10: 8 hours on 16 A100 (40 GB) GPUs.
� AFHQ-Cat: 10 hours on 32 A100 (40 GB) GPUs.
� CelebA-HQ: 58 hours on 32 A100 (40 GB) GPUs.
� LSUN-Bedroom: 341 hours on 32 A100 (40 GB) GPUs.

C.4 More Results

Generated images.The generated images of RF and RF+LZNare in Figs. 9 to 16.

Ablation studies on FID implementation. It is known that subtle differences in FID implementation
can result in different results [64]. In our main experiments, we use the implementation in consistency
models [77]. In Tab. 5, we additionally show the FID using two other implementations: RF [53] and
clean FID [64]. We can see that, while the numbers are different, the relative ranking across all three
implementations is consistent. Especially, RF+LZNachieves the best FID in three out of four datasets.

Ablation studies on sampling steps.In this experiment, we use the Euler sampler with varying
numbers of sampling steps. As shown in Fig. 17, RF+LZNgenerally achieves better FID than the RF
baseline across most settings. Notably, in the only case where RF+LZNperforms worse than RF in
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Figure 10: Generated images of RF+LZNonCIFAR10.

Table 5: FID with different implementations for unconditional image generation. “CM” denotes
consistency models [77]; “RF” denotes Recti�ed Flow [53]; “clean” denotes clean FID [64]. The
best results are ingray box .

Algo. CIFAR10(32 � 32) AFHQ-Cat(256� 256)
FID (clean)# FID (RF)# FID (CM)# FID (clean)# FID (RF)# FID (CM)#

RF 3.18 2.77 2.76 5.99 6.20 6.08
RF+LZN 3.05 2.61 2.59 5.66 5.69 5.68

Algo. CelebA-HQ(256� 256) LSUN-Bedroom(256� 256)
FID (clean)# FID (RF)# FID (CM)# FID (clean)# FID (RF)# FID (CM)#

RF 7.10 7.00 6.95 6.39 6.25 6.25
RF+LZN 7.31 7.23 7.17 5.88 5.87 5.95

Tab. 1, we observe that the underperformance occurs only at the highest number of sampling steps in
the Euler sampler (Fig. 17c).

31



Figure 11: Generated images of RF onAFHQ-Cat.

Figure 12: Generated images of RF+LZNonAFHQ-Cat.
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