
JSON: Jigsaw Self-play Optimization for
Normalizing Flows

Fengxiang Yang1 , Tianyi Zheng1 , Jinwei Chen1 , and Bo Li1†

1vivo BlueImage Lab, vivo Mobile Communication Co., Ltd., China
{yangfx, zhengtianyi, libra}@vivo.com

Abstract. Normalizing Flows (NFs) is a principle generative framework,
which learns to generate images by establishing a bijective mapping tra-
jectory between noise and data with likelihood maximization. In this
paper, we leverage the self-play paradigm, a general trajectory fine-tuning
method to improve generative capability of NFs without auxiliary fine-
tuning data. The general self-play mechanism formulates competition
between model and its historical counterpart in favoring real data trajec-
tory (i.e., “wining trajectory”) while forgetting trajectory of self-generated
synthesized data (i.e., “losing trajectory”), improving model capability
through preference alignment. However, NF-based self-play faces two
challenges. (1) Enforcing NF to forget data synthesized with historical
model contradicts with NF’s original training goal, leading to potential
training collapse. (2) Self-play is naturally plausible for generative model
with pre-defined data trajectory (e.g ., diffusion models), but faces com-
patibility problem with NFs due to its implicit wining data trajectory
definition. We thus propose jigsaw self-play optimization for NFs (JSON)
to overcome these challenges. Our core contribution is the integration of
a jigsaw puzzle reassembly task to serve as an intrinsic spatial coherence
evaluator, identifying “winning” trajectories that exhibit superior spatial
logic for self-play fine-tuning. We further propose a bounded self-play loss
and a nested-loop optimization strategy to mitigate training collapse and
ensure stable fine-tuning. By aligning the model with high-quality struc-
tural anchors mined during self-play, JSON achieves promising results on
ImageNet-1K, providing a robust framework for high-fidelity NF-based
generation.

Keywords: Normalizing Flows · Generative Models

1 Introduction

The rapid development of generative models have achieved remarkable success,
driven by the advancements in Diffusion Models (DMs) [20, 37], Auto-Regressive
models (ARs) [44,53], and Normalizing Flows (NFs) [15,56,57]. Building upon
“change of variable formula”, modern NFs [15,56] implicitly learn the dynamics
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Fig. 1: Schematic illustration of DM-based self-play and our NF-based self-play. (a)
DMs explicitly definite data-noise dynamics, enabling accurate preference alignment and
self-play between main model and its competitor; (b) NFs implicitly achieve data-noise
transformation, posing a challenge for “wining” and “losing” trajectory definition. We
propose to integrate jigsaw reassembly into NF’s self-play, providing a complementary
way to define wining / losing trajectories and benefiting subsequent fine-tuning.

from standard Gaussian noise to real world data, without imposing time-scheduled
trajectories [29, 32]. This unique trait eliminates the need for iterative denoising,
facilitating efficient sampling compared to its continuous-time, flow-matching
counterpart [4,13]. However, NFs often require specialized layers to maintain strict
invertibility and ensure tractable Jacobian determinant computation, constraining
model’s expressive capacity [24, 33, 56]. Consequently, scaling NFs to generate
high-fidelity images without violating inherent constraints remains a challenge.

Generally speaking, enhancing generative capability relies on advanced archi-
tecture design [12,34], or trajectory fine-tuning (TFT) [14,27,47,54]. TarFlow [56]
and StarFlow [15] establish modern NFs by introducing scalable and novel ar-
chitecture. Although effective, NF’s implicit training and under-constrained
transformation trajectory hinder high-level semantic learning [25], increasing the
training difficulty. As a representative method to improve model’s generative ca-
pability, TFT has achieved a huge success in diffusion by requiring model to align
with diffusion trajectories that finally leads to high quality images. The whole
process requires manually assigning each trajectory with human [47] or AI prefer-
ence [22,30] to encourage the emergence of better noise-image transformation. For
example, SimFlow-REPA-E [57] achieves this by incorporating pre-trained vision
encoders [36] for feature (i.e., trajectory) alignment, but it introduces additional
overhead. Other solutions adopt PPO [1] or DPO-based [47] reinforcement learn-
ing to achieve this. However, TFT’s application in NFs is largely hindered by the
high cost of preference collection [38]. Recently, Large Language Models (LLMs)
and DMs have successfully adopted self-play [2,7,43,55] for more efficient training.
As demonstrated in Fig. 1-(a), self-play TFT for DMs can be summarized as
a competition between two models (main model and its competitor) for better
alignment with real trajectory generated by diffusion dynamics (e.g ., DDIM [42]),
where main model should achieve better / worse trajectory alignment than its
competitor for real / synthesized data. It is worth noting that main model and
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its competitor refer to the same model, but instantiated with parameters from
different epochs. The intrinsic preference eliminates the requirement of preference
set, showing promising results. However, self-play is not compatible with NFs due
to two challenges. (1) Directly deploying self-play to under-fit synthesized data
will contradict with its previous training goal, leading to the potential training
collapse. (2) NFs lack the pre-defined real data trajectories, causing challenges
in discerning wining and losing trajectories. Although likelihood itself could be
used to define wining samples, concurrent works claim its deficiencies in terms of
spatial unconscious [23] and low sensitivity [49]. Therefore, it is necessary to seek
for a complementary metric.

In this paper, we introduce JSON (Jigsaw Self-play Optimization for Normal-
izing flows), effectively boosting the generative capacity of NFs. (1) Considering
the unstable training with original self-play objective, we propose a bounded
self-play that limits the unconstrained forgetting of synthesized data to avoid
training collapse. (2) To formulate wining and losing trajectories, we use jigsaw
puzzle reassembly as complementary task and organize our training into two
stages, i.e., NF pre-training and self-play fine-tuning. During NF pre-training,
we deploy jigsaw head at intermediate NF block, feeding it with features that
are deliberately random-shuffled at the spatial dimensions for the prediction of
their original locations. The idea is built upon the hypothesis that high-fidelity
visual representations must maintain spatial coherence and be friendly to jigsaw
puzzle reassembly [3, 35]. At NF self-play stage, the trained jigsaw head provides
spatial coherence evaluation as shown in Fig. 1-(b) for both real and synthesized
data, judging whether synthesized trajectory should be focused by using bounded
self-play or self-play solely with synthesized data. Based on the proposed two
mechanism, we design a nested-loop (inner- & outer-loop) training pipeline. (1)
At inner-loop self-play, the competitor model (snapshot model at last epoch)
synthesize images based on the given condition, conducting self-play with main
model, bounded self-play, and jigsaw puzzle reassembly. (2) At the outer-loop
self-play, the competitor is updated with main model to track the learned evolving
distribution. JSON bootstraps the generative performance of NFs by alternatively
training between inner and outer loops. To sum up, our contributions can be
summarized into three points:

– We introduce jigsaw puzzle reassembly as the auxiliary task for NF training,
encouraging spatial coherence representation learning while establishing
intrinsic trajectory evaluation.

– We formulate a novel self-play fine-tuning, termed as “JSON”. The algorithm
is built upon novel bounded self-play and inherent jigsaw evaluation, avoiding
potential training collapse and improving NF generative capability.

– JSON achieves state-of-the-art performance on ImageNet-1K benchmark,
demonstrating a novel and promising solution for NFs in image generation.



4 F. Yang et al.

2 Related Work

Normalizing Flows. Normalizing Flows (NFs) is a family of likelihood-based
generative models [10, 11, 15, 16, 19, 24, 40, 56], synthesizing images or videos
from simple prior distribution (e.g ., standard Gaussian) with a series of inherent
and invertible transformations. Building upon change of variable formula, NFs
eliminates iterable denoising steps, improving generation efficiency and is thus
different from typical diffusion models [13, 20]. Early NFs [11, 19, 24] are built
upon restrictive architectures to meet the constraint of invertible transforma-
tion and easy determinant computation, limiting model’s generative capacity.
TarFlow [56] advances NFs by introducing causal transformer for model’s scal-
ability. StarFlow [15] diverts the training space from pixel to latent, devising
deep-shallow architecture for more stable training and better sampling. Recently,
SimFlow [57] proposes joint training pipeline for NF and further boosting its
generative capability with pretrained vision encoder (e.g ., DINOv2 [36]) in REPA-
like [54] manner. Different from previous works, we construct a self-play training
pipeline, enabling NF to enhance generative capability without pre-trained vision
encoders.
Trajectory Fine-tuning. With the success of preference alignment in LLMs [12,
45], trajectory fine-tuning is becoming the main-stream technology to scale
language and vision models in an online [1,12,14] or offline reinforcement learning
manner [38,47, 55], which assigns high reward to trajectories that leads to high-
quality results and encourages their emergence. Although effective, most research
inject the preference through pre-trained reference model [31, 52], introducing
high cost. Recently, the success of reinforcement learning with verifiable reward
(RLVR) [7,17,21] in LLM and MLLM [50] has inspired the research of fine-tuning
generative models with correct and easily obtained reward. However, most RL
fine-tuning are restricted within diffusion [20]. Our paper mainly focuses on NFs
and establishes a self-contained trajectory fine-tuning method by training jigsaw
puzzle reassembly head at pre-training stage, which formulates subsequent RLVR
paradigm for better generative capability.

3 Methodology

3.1 Preliminaries

Normalizing Flows. An NF model fθ := fn−1 ◦ fn−2 ◦ · · · ◦ f0, parameterized
by θ, is typically consists of n invertible blocks fi (0 ≤ i < n) to establish the
step-by-step bijective transformation between real data distribution p(x0) and
a simple Gaussian prior p(z). During the forward process, fθ constructs model
distribution pnf through “change-of-variable formula”, which could be formulated
as:

pnf(x; θ) = p0(z)

n−1∏
i=0

| det
(∂fi(xi)

∂xi

)
|, (1)
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where xi is the input of i-th NF block. det(·) is the determinant operator. z =
fθ(x0) is NF’s final output, conditioned on NF trajectory T = {xi|0 ≤ i ≤ n−1}.
The training is thus performed by maximizing log-likelihood (MLE) over the
given training data x0:

Lnf(x0; θ) = − log pnf(x; θ) = − log p0(z)−
n−1∑
i=0

log |det
(∂fi(xi)

∂xi

)
|. (2)

Considering fi’s invertibility and Jacobian determinant’s high computational cost,
specially designed architectures like affine coupling [10, 11] or causal transformer-
based auto-regressive flows [56,57] are required. We take the latter for further
demonstration. Under this scenario, the i-th NF block predicts the scaling αi
and shifting µi parameters conditioned on all previous input tokens to perform
an affine transformation:

xi+1,m =

{
xi,m m=0
(xi,m − µi,m)⊙ exp (−αi,m) otherwise,

(3)

where 0 ≤ m ≤ HW − 1 and H,W are height and width of latents. As the
Jacobian matrix of a causal transformer is lower triangular, the det(·) term
simplifies to the product of diagonal entries [56]:

Lnf(x0; θ) =
1

2
||xn||22 +

n−1∑
i=0

HW−1∑
m=0

D−1∑
d=0

αi,m,d, (4)

where D is the feature dimension. Once the training is finished, its inverse function
f−1
θ := f−1

0 ◦ f−1
1 ◦ ... ◦ f−1

n−1 estimates αi and µi with next-token prediction,
enabling kv-cache [45] for faster inference and achieving generation from Gaussian
noise ϵ ∼ N (0, 1) by reversing Eq. 3. Our baseline follows this causal transformer
paradigm [56] but operates within a latent space [15, 57], where input images
I are first encoded with a VAE-encoder ψ to obtain latent x0 for subsequent
training, while generated x̂ are decoded with VAE-decoder ϕ to obtain images.
Self-play in NF. Trajectory Fine-tuning (TFT) encourages model to mimic
trajectories that leads to high-quality images while suppresses the emergence of
low-quality ones. Previous works have demonstrated its effectiveness on DMs
through feature alignment [54], online [1, 14, 30], or offline [47] reinforcement
learning. However, highly-reliable vision encoder [36], reward model [51] or
manually annotating the preference set are costly and may introduce additional
overhead. Self-play [55] emerges as a remedy by constraining the current model θ
to compete with its predecessor θk in capturing pre-determined real data dynamics.
As NFs also establish a noise-data evolving trajectory, a similar paradigm can be
adapted to enhance their generative capability.

Generally speaking, for the given real data x and their condition c, we denote
x′ as the synthesized images conditioned on c with θk. The objective for self-play
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Fig. 2: Overall pipeline of our jigsaw self-play. We formulate our overall training into
“stage 1: pre-training” and “stage 2: jigsaw self-play”. At stage 1, we insert additional
jigsaw head to manually perform jigsaw puzzle reassembly task. At stage 2, we formulate
the self-play between current model (main model) and its competitor (model at last
epoch) to improve NF generative capability. This is achieved by first synthesizing data
and conducting self-evaluation with frozen jigsaw head to discern wining and losing
trajectory for trajectory alignment (Eq. 8).

is defined with Bradly-Terry model [2]:

Lsp(x, x
′, θk; θ) = E

[
σ(log

pθ(x)

pθk(x)
− log

pθ(x
′)

pθk(x
′)
)
]

= σ(−Lnf(x; θ) + Lnf(x; θk) + Lnf(x
′; θ)− Lnf(x

′; θk)),

(5)

where σ(·) is a monotonically decreasing function (e.g ., σ(x) = − log(1/(1 +
exp(−x)))). pθ(·) is the predicted marginal distribution, which has various defi-
nitions over different generative models. By substituting pθ(·) and pθk(·) with
Eq. 1 we formulate a basic self-play algorithm (B-NSP) under the context of
NF, which intuitively encourages θ / θk to achieve smaller loss than θk / θ on
real data x / synthesized data x′. This imposes a generative constraint such that
pθ(x) > pθk(x) and pθ(x′) < pθk(x

′).

3.2 Jigsaw Self-play Optimization

Limitations of B-NSP. Despite the intuitive design, B-NSP suffers from
two fundamental issues. (1) Eq. 5 enforces θ to “under-fit” x′. However, as x′
is generated by θk, the snapshot of θ at last epoch, these samples inherently
reside within the model’s high-likelihood region. Penalizing them creates a direct
conflict with the NF’s foundational MLE objective, leading to the potential
training collapse. (2) NF training relies on maximum likelihood estimation (MLE),
prioritizing global density matching without anchoring trajectories obtained
through diffusion dynamics [20]. Consequently, B-NSP blindly follows MLE
objective while ignoring potentially valuable information within x′. Moreover,
concurrent works [23, 49] note the limitations of likelihood modeling within
generative models, which further demonstrates the necessity of introducing
trajectory-level constrains.
Bounded Self-play. Considering the limitation-(1) of B-NSP, we propose a
revised preference relation for fine-tuning, termed as “bounded self-play”. Specifi-
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cally, we constraint pθ(x′) to pθk(x) and change self-play objective to:

Lbsp(x, x
′, θk; θ) = E

[
σ(log

pθ(x)

pθk(x)
)− σ(log

pθk(x)

pθ(x′)
)− σ(log

pθ(x
′)

pθk(x
′)
)
]

= σ(Lnf(x; θk)− Lnf(x; θ))− σ(Lnf(x
′; θ)− Lnf(x; θk))− σ(Lnf(x

′; θk)− Lnf(x
′; θ)).

(6)
The revision avoids potential training collapse by modifying the generative
constraint to pθk(x) < pθ(x

′) < pθk(x
′). Therefore, θ tries to strike the balance

between “forgetting synthesized trajectories” (pθ(x′) < pθk(x
′)) and “staying at

θk’s high-likelihood region” (pθk(x) < pθ(x
′)).

Jigsaw Puzzle Reassembly for Spatial Coherence. As demonstrated in B-
NSP’s limitation-(2), lacking pre-defined diffusion dynamics increases the difficulty
of defining wining and losing trajectories for self-play fine-tuning. Therefore,
B-NSP fails to learn potentially valuable information within trajectories of
synthesized data. We thus integrate a specialized jigsaw head into Normalizing
Flow (NF) block during NF pre-training, regularizing the model to perform spatial
reassembly tasks [35]. Specifically, a jigsaw head gi is deployed at the output of
each invertible block fi. For the intermediate feature oi+1 = fi(xi) ∈ RHW×D,
we patchify it with patch size p and assign ground-truth spatial index labels to
each patchified token along the HW dimension in a zigzag scanning order. These
tokens are then stochastically permuted to form õi+1, which serves as the input
of gi(·). The optimization objective for the jigsaw head is to predict the original
spatial coordinates of each shuffled token:

Ljig,i(x; θ) = −
∑
m

Ym ⊙ log[softmax(g(õi+1,m))], (7)

where Ym ∈ RHW/p2 is the one-hot encoded ground-truth location of the m-th
(1 ≤ m ≤ HW/p2) permuted token. As jigsaw head is not initially introduced
in NF, we organize our training as two-stage training pipeline. As illustrated in
Fig. 2, we adopt jigsaw head and Eq. 7 during NF pre-training (Fig. 2-“Stage 1”)
to equip NF with spatial evaluation capability, while freezing NF heads during
subsequent self-play stage. On the one hand, Ljig explicitly requires NF to learn
spatially coherent features from real data x, benefiting NF to find optimal affine
parameters; on the other hand, frozen jigsaw heads enable us to explicitly assess
transformation trajectories of synthesized data x′ during self-play.
Jigsaw Self-play Optimization for NFs. Building upon the synergy between
bounded self-play and jigsaw-based feedback, we formulate our “Jigsaw Self-play
Optimization for NFs” (JSON) algorithm. JSON is used after NF pre-training,
where jigsaw heads are already well-trained and frozen. As illustrated in Fig. 2-
“Stage 2”, our core strategy involves dynamically analyzing optimal training
objectives based on the spatial coherence evaluated by jigsaw heads. Specifically,
for the given condition c, we first synthesize x′ with θk. The synthesized data
x′, coupled with real data x, are forwarded to θ to obtain jigsaw reassembly
loss for spatial coherence evaluation. (1) When the trajectory of x′ exhibits
inferior spatial coherence to x (as evidenced by a higher Ljig), we adopt our
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Algorithm 1 Overall Process of JSON.
Inputs: Training images I from ImageNet training set D, NF model θ, VAE-decoder ϕ,
encoder ψ, total training epochs E
Outputs: NF and VAE model.

1: for e in E do
2: if e ≤ 155 then
3: Setting λ1 = 1, λ2 = 0;
4: while D is not Empty do
5: Sampling images and class labels from dataset, i.e., I, c ← D;
6: Compute Eq. 10, optimize θ, ψ, ϕ;
7: end while
8: else
9: Initialize competitor model θk with θ;

10: Setting λ1 = 0, λ2 = 1;
11: while D is not Empty do
12: Sampling images and class labels from dataset, i.e., I, c ← D;
13: Synthesize x′ with θk and c;
14: Conducting Self-evaluation for x and x′ based on Eq. 7 and jigsaw head;
15: Compute Eq. 10, optimize θ, ψ, ϕ;
16: end while
17: Update θk with θ;
18: end if
19: end for
20: Return θ, ψ, and ϕ.

bounded self-play loss Lbsp to encourage learning from real data for better spatial
coherence. (2) When the trajectory of x′ exhibits superior spatial coherence to
that of the real data trajectory (as evidenced by a lower Ljig), it indicates that
real data trajectory should not be favored. Considering both constraints, we
propose the following alternative self-play loss:

Ljsp(x, x
′, θk; θ) =

{
Lbsp(x, x

′, θk; θ) Ljig(x; θ) ≤ Ljig(x
′; θ)

0 otherwise,
(8)

where Ljig =
∑
i Ljig,i denotes the cumulative jigsaw loss across all NF blocks. In

our design, we inherently evaluate the spatial coherence of real and generated
images and assign optimal training objective to improve NF generative capability
based on the feedback from the frozen jigsaw head.
Joint Optimization. Considering the computational efficiency, we restrict
our NF training at latent space while taking standard VAE optimization into
training [57].

Lvae(I;ψ, ϕ) = ||I− qϕ(̂I|x)||22 +KL(qψ(x|I)||p(x)), (9)

where ψ and ϕ are VAE encoder and decoder, respectively. Î are the reconstructed
images, p(x) denotes standard Gaussian. The overall loss for our NF training
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could be formulated as:

Ltotal(I;ψ, ϕ, θ, θk) = Lvae(I;ψ, ϕ)+Lnf(x; θ)+λ1Ljig(x; θ)+λ2Ljsp(x, x
′; θ, θk),

(10)
where x ∼ qψ(·|I) is the encoded real data while x′ is synthesized data with
model at last epoch. Crucially, our self-play objective (Ljsp) requires an on-the-fly
inference step to synthesize x′ using θk during each training iteration. Given the
non-trivial computational overhead introduced by this, we conduct two-stage
training as demonstrated at “Jigsaw Puzzle Reassembly for Spatial Coherence”.
During the pre-training stage, the model is trained with Lvae, Lnf , and Ljig

to establish a stable latent manifold. During the self-play stage, we conduct
nested-loop self-play training. Specifically, we clone NF model (main model) after
pre-training as its competitor. (1) At inner-loop self-play, competitor and main
model perform jigsaw self-play by setting λ1 = 0, λ2 = 1 and freeze jigsaw heads
for fine-tuning. (2) After finishing one training epoch, we perform outer-loop
self-play, updating competitor with the latest NF model to track learned evolving
distribution. The nested-loop training strategy allows NF to refine its generative
fidelity using high-quality synthetic data without significantly increasing the
cumulative training time. We summarize the overall training of JSON at Alg. 1.

4 Experiment

Experiment Setup & Evaluation Protocol. We conduct experiments on the
large-scale ImageNet-1K benchmark at resolutions of 256× 256 [8]. Following the
established protocols in previous Normalizing Flow (NF) [15, 56, 57], we evaluate
generative performance using four standard metrics: FID [18], IS, Precision, and
Recall [26]. All metrics are calculated based on 50,000 generated samples.
Implementation Details. Our NF architecture follows the state-of-the-art
deep-shallow design [15], comprising 5 shallow layers (each containing 2 NF
blocks) and 1 deep layer consisting of 46 NF blocks. The VAE used in our method
is MAR-VAE [28], which is the same as previous state-of-the-art SimFlow [57] for
a fair comparison. Regarding the jigsaw head architecture, we adopt conv-based
implementation to maintain the spatial information within NF features. NF
model is trained with a global batch size of 160 over E = 160 training epochs,
with patch size p = 1. We set pre-training epochs to 155 while self-play epochs as
5, indicating that λ1 = 1, λ2 = 0 for the initial 155 epochs while λ1 = 0, λ2 = 1
for the last 5 epochs. The overall training could be conducted on 16 NVIDIA H20
GPUs. During inference, we apply classifier free guidance (CFG) proposed in
StarFlow [15] and set CFG value to 1.1. We use the minus log-sigmoid function
to implement σ(·), i.e., σ(x) = − log(1/(1 + exp(−x))).

4.1 Comparison with State-of-the-arts

We compare our method with previous Diffusion, AR, and NF models under both
pixel and latent scenario. As shown in Tab. 1, we obtain the following conclusions.



10 F. Yang et al.

Table 1: Comparison with state-of-the-art. “Blue background” : using external pre-
trained vision encoder for feature alignment. “P”: Precision, “R”: Recall.

Methods Epochs #Params w/ Guidance w/o Guidance
Pixel-Level Diffusion FID IS P R FID IS P R

ADM [9] 400 554M 3.94 215.8 0.83 0.53 10.94 101.0 0.69 0.63
DiP [6] 160 631M 2.16 271.8 0.82 0.61 - - - -

PixelFlow [5] 320 667M 1.98 282.1 0.81 0.60 - - - -
PixelNerd [48] 160 700M 2.15 297.0 0.79 0.59 - - - -
Pixel-Level NF
TarFlow [56] 320 1.4B 4.69 - - - - - - -

JetFormer [46] 500 2.8B 6.64 - 0.69 0.56 - - - -
FARMER [59] 320 1.9B 3.60 269.2 0.81 0.51 - - - -
Latent-Level Diffusion

DiT [37] 1400 675M 2.27 278.2 0.83 0.57 9.62 121.5 0.67 0.67
SiT [34] 1400 675M 2.06 270.3 0.82 0.59 8.61 131.7 0.68 0.67

MaskDiT [60] 1600 675M 2.28 276.6 0.80 0.61 5.69 177.9 0.74 0.60
REPA [54] 800 675M 1.29 306.3 0.79 0.64 5.78 158.3 0.70 0.68

REPA-E [27] 800 675M 1.12 302.9 0.79 0.66 1.69 219.3 0.77 0.67
RAE [58] 800 839M 1.13 262.6 0.78 0.67 1.51 242.9 0.79 0.63

Latent-Level AR
VAR [44] 350 2B 1.73 350.2 0.82 0.60 1.92 323.1 0.82 0.59
MAR [28] 800 943M 1.55 303.7 0.81 0.62 2.35 227.8 0.79 0.62
xAR [39] 800 1.1B 1.24 301.6 0.83 0.64 - - - -

Latent-Level NF
StarFlow [15] 320 1.4B 2.40 - - - - - - -
BiFlow [33] 160 133M 2.39 303.0 - - 31.88 - - -

SimFlow [57] 160 1.4B 2.15 276.8 0.83 0.57 13.72 105.2 0.67 0.62
JSON 160 1.45B 2.10 306.2 0.82 0.58 11.68 118.4 0.68 0.64

(1) Our method achieves state-of-the-art performance for NF models under both
pixel and latent scenario without additional prior knowledge. Specifically, our
method achieves 2.10 FID and 306.2 IS scores, which outperforms previous best
pixel-level NF [59] and latent-level NF model [57]. These results demonstrate the
effectiveness of our method in improving NF generative capability without external
supervision. (2) Our method is also comparable to other modern generative
architectures. Specifically, JSON outperforms the representative diffusion model
DiT [37] in terms of FID, and popular AR model MAR [28] in terms of IS,
demonstrating its effectiveness in generating images with high fidelity.

4.2 Ablation Study

We summarize the main contributions of our JSON into “spatial-aware jigsaw
head” and “jigsaw self-play”. To study the effectiveness of each component, we
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Table 2: Ablation Study. We conduct our ablation study at the resolution of 256× 256.
“N/A”: training collapsed.

No. Jigsaw Head Lsp Lbsp Ljsp FID IS P R
1 × × × × 2.15 276.80 0.83 0.57
2 ✓ × × × 2.37 284.27 0.79 0.58
3 ✓ ✓ × × N/A
4 × × ✓ × 2.46 311.64 0.81 0.58
5 ✓ × ✓ × 2.19 291.85 0.82 0.56
6 ✓ × × ✓ 2.10 306.20 0.82 0.58

conduct ablation study and report the results at Tab. 2. The included variants
are: (1) “Baseline”: a simple NF model without any proposed element, which is
the same as SimFlow [57] and its results are shown at “No.1”; (2) “Jigsaw NF”:
integrating jigsaw head into SimFlow and its results are shown in “No.2”; (3)
“B-NSP”: NF with original self-play. We report its results at “No.3”; (4)“Bounded
Self-play”: the results of using bounded self-play without jigsaw head (“No.4”) and
with jigsaw head (“No.5”). It should be noted Lbsp itself does not necessarily
require jigsaw head. We thus remove all jigsaw heads and conduct experiment
“No.4” by using the same architecture, but with different loss (Lbsp) with SimFlow;
(5) “JSON”: the results when using all proposed components (“No. 6”).
Effectiveness of Introducing Spatial Coherence Constraint. By comparing
“No. 1” and “No. 2” of Tab. 2, we conclude that introducing spatial constraints into
NF training is beneficial to improving generative capability. Specifically, our jigsaw
head is a stack of convolutional layers to keep NF features’ original spatial cue.
The architecture is proven to be valid in previous generative research [41] while
supervising NF training with Ljig improves IS from 276.80 to 284.27. Although
“No. 2” achieves worse FID score than “No. 1”, the result is comparable and better
than previous state-of-the-art BiFlow (FID=2.39). These results demonstrate the
effectiveness of introducing additional spatial coherence constraint.
Effectiveness of Bounded Self-play. In Tab. 2:“No. 3”-“No.5”, we compare
the results of proposed bounded self-play with original self-play. As analyzed in
previous sections, the original self-play poses unlimited penalization on synthesized
data, creating a direct conflict with the NF’s foundational MLE objective. The
contradictory causes training collapse of NF model and leads to NAN losses.
Distinct from B-NSP, our bounded self-play ensures stable training and yields
consistent improvements in IS, regardless of whether the jigsaw head is integrated.
Moreover, Lbsp achieves comparable FID scores with SimFlow when jigsaw head is
involved, demonstrating the necessity of using jigsaw head when joint optimizing
model with our Lbsp.
Effectiveness of JSON. At “No.6” of Tab. 2, we report the results of using Ljsp,
which mines valuable trajectories of synthesized data for further training. The
NF generative capabilities are further improved, demonstrated by both better
FID and IS scores than all previous variants. The results prove the necessity of
each proposed component.
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Table 3: Architectural
Design of Jigsaw Head.

Method FID IS
MLP 2.28 294.03

Conv Proj. 2.10 306.20

Table 4: Sensitivity to
Patch Size p.

p FID IS
4 2.47 290.54
2 2.18 301.38
1 2.10 306.20

Table 5: Training Speed (ms
/ batch) Comparison.

Method #Params Speed
SimFlow 1.4 B 580.6
JigsawNF 1.45 B 614.9

Ours 1.45 B 1263.2

Architectural Design of Jigsaw Head. The default architecture of our
jigsaw head is the stacked convolutional projection layers to maintain the spatial
information within NF features. We also explore other architectural design of
jigsaw head at Tab. 3. The included architectures are: (1) “MLP”: the commonly
used 3-layer MLP projection to map NF features for jigsaw puzzle reassembly. As
pooling is used before MLP mapping, the spatial information within NF features
are largely diluted, which may lead to potential performance degradation. (2)
“Conv Proj.”: default setting in our experiments, which adopt stacked convolutional
layers to maintain the spatial information before jigsaw puzzle reassembly. As
demonstrated in Tab. 3, the “Conv Proj.” variant achieves best results, indicating
the necessity of keeping spatial information within NF features for subsequent
jigsaw self-play. The finding also align with recent research about representation
alignment [41]. Different from their work, this work mainly adopt “Conv Proj.”
for better spatial information preservation.
Training Efficiency. We also compare the training speed with “SimFlow” and
our “Jigsaw NF” in Tab. 5. We conclude that introducing additional jigsaw head
does not significantly slow down the training speed. However, after integrating
the training with self-play, the overall training speed is reduced due to the on-the-
fly inference to obtain synthesized data x′. However, we constrain the self-play
training at the final 5 training epochs, partially alleviating the relatively slow
training speed problem and strike a balance between generative capability and
training efficiency.

4.3 Sensitivity Analysis

Sensitivity to Patch Size. We also explore the sensitivity of our method to
different patch sizes p. For input images with size of 256×256, the encoded latent
size at spatial dimension is 16×16. We thus change p from 1 to 4 with step size of
2 and report the experimental results at Tab. 4. We conclude that smaller patch
size leads to better generative capability of NF models. As jigsaw heads post
additional puzzle reassembly task on NF features, using small p enables fine-level
constraint for NF to learn feature spatial coherence, thus improves generative
capability.
Sensitivity to CFG. We change CFG value from 0.5 to 2 and visualize FID
of “Jigsaw NF” and our method in Fig. 4. The visualization demonstrates our
method achieves optimal FID when setting CFG value to 1.1. Moreover, our
jigsaw self-play outperforms “Jigsaw NF” with most CFG values, showing its
effectiveness in improving NF generative capability.
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(a) Qualitative comparison among all self-play training epochs (b) x’ with lower jigsaw loss than x

(c) More visualized results 

Fig. 3: Qualitative evaluation of our jigsaw self-play. (a) We visualize the change of
generated samples among all self-play training epochs for two given classes (“Norwegian
Elkhound” and “Beaver”); (b) Visualization of synthesized data that achieves lower
jigsaw losses than their real-world counterparts; (c) More visualized results.

4.4 Visualization

Qualitative Evaluation. We choose “Norwegian Elkhound” and “Beaver” as the
given class condition and visualize generated images at different training epochs
at Fig. 3-(a) to illustrate the qualitative impact of our JSON. As shown in the
visualization, we note improvement on image quality with our jigsaw self-play.
The qualitative assessment underscores our method’s effectiveness in improving
NF generative capability without using external supervision. More visualized
results are shown in Fig. 3-(c).
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Fig. 4: Sensitivity to CFG.

Visualization of Samples with
lower Ljig. In our jigsaw self-
play, Ljig plays an important role
in assigning optimal training ob-
jective. We thus visualize some
synthesized images that achieves
lower Ljig values than their real-
world counterparts to qualitatively
assess the effectiveness of jigsaw
head. The paired samples are
shown in Fig. 3-(b). The first
row are synthesized samples that
achieves lower Ljig than real data at the second row. We conclude that synthesized
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Fig. 5: Further analysis for our jigsaw self-play. (a) Jigsaw self-play’s stability, “Baseline”:
model with jigsaw heads and vanilla NF optimization. “Lbsp”: NF with our bounded
self-play. “Ljsp”: NF with our jigsaw self-play. (b) Change of BSP Rate.

samples with lower Ljig have the following traits. (1) they usually contain full
semantic information for the given condition. For example, as shown in the first
column, synthesized image achieves lower Ljig than its real-world companion as
the synthesized images presents a complete bottle. This enables NF model to
learn the intact semantic information of “Beer Bottle” without being negatively
affected by cropping; (2) they may present better image quality than real data.
As shown at the second column, synthesized data present better image quality
than real data for the given condition “Pembroke Welsh Corgi”. To sum up, jigsaw
head enables useful information mining from synthesized data, which further
enhances the generative capability of NF model.
Jigsaw Self-play’s Stability. Our jigsaw self-play relies on alternative training
between “bounded self-play loss” and “no fine-tuning” based on inherent spatial
evaluation (Eq. 8). We thus show the change of IS over 5 epochs of jigsaw self-play
training and compare the results with “bounded self-play only” and “jigsaw head
only” baseline. The results are visualized in Fig. 5-(a). We conclude that our
jigsaw self-play, achieves consistent improvement and higher IS scores over the
5 epochs training, demonstrating the effectiveness of our alternative self-play
strategy.
Further Experiments on BSP Rate during Jigsaw Self-play. We also
analyze the percentage of using bounded self-play part in Eq. 8, denoted as “BSP
rate”, for the whole 5 self-play training epochs (i.e., last 5 epochs). BSP rate
roughly reflects the contribution of synthesized data in improving final generative
capability. Higher BSP rate indicates more fine-tuning steps with synthesized
data. As shown in Fig. 5-(b), synthesized data plays an important role during the
initial stages of self-play fine-tuning, demonstrating the necessity of integrating
synthesized data into NF training for better generative capability. At the end
of jigsaw self-play, BSP rate has reduced and remains stagnant, indicating the
convergence of our jigsaw self-play. Our model finally obtains better generative
capability than the baseline with the help of synthesized data.
Further Discussion on Defining Wining Trajectories. There are alterna-
tive methods to define wining and losing trajectories. For example, preferring
trajectory with high likelihood or using MLP-probing. Previous methods [23, 49]
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demonstrates the deficiency of using likelihood to define wining trajectory. More-
over, training accurate MLP for MLP-probing requires binary labels (win/lose)
that are often noisy or heuristically defined. Compared to these solutions, jig-
saw task provides deterministic and verifiable ground truth, ensuring accurate
supervision for better generative capabilities.

Table 6: Results of differ-
ent self-play strategies.

Method FID IS
SPIN [7] Collapsed

SPACE [49] 2.25 286.2
Ours 2.10 306.2

Fig. 6: Reordering acc.
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Jigsaw Accuracies.
We visualize the change
of reordering accura-
cies at Fig. 6. As
demonstrated in the
figure, the jigsaw re-
ordering accuracy in-
creases with training
going on, which con-
firms the compatibility of Jigsaw objective with the standard MLE.
Comparison with Different Self-play Strategies. We also note alternative
solution in recent studies. For example, SPACE [49] stabilizes self-play by sep-
arately optimizes real and synthesized responses. We conduct experiments by
using their strategy and report the results in Tab. 6. We note little improvement
from SPACE. We speculate that introducing additional task like jigsaw puzzle
benefits wining sample mining and outperforms concurrent self-play strategies.

5 Conclusion

In this paper, we devise a self-play paradigm to improve NF generative capa-
bility without auxiliary fine-tuning data. The main challenges of self-play in
NFs are twofold, encompassing unstable training due to the contradictory of
original self-play objective, and lack of pre-defined data trajectory for wining
and losing trajectory mining. To alleviate these problems, we propose jigsaw
self-play optimization for NFs (JSON), which integrates jigsaw puzzle reassembly
task to serve as an intrinsic spatial coherence evaluator, identifying “winning”
trajectories that exhibit superior spatial logic for self-play fine-tuning. Based on
this contribution, we further propose a bounded self-play loss and a nested-loop
optimization strategy to ensure stable fine-tuning. Extensive experiments on
ImageNet-1K benchmark demonstrate our method’s effectiveness.
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