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Abstract

Generative models have undergone many generations of evolution, from
VAEs/GANSs to diffusion/flow matching. Along the way, the underlying tech-
niques have become more complicated and various beliefs about what drives strong
empirical performance have taken hold. Due to the success of diffusion models and
flow matching, one of the more common beliefs is the importance of iterative de-
noising. We ask whether iterative denoising is truly necessary, and take a minimalist
approach to designing a competitive generative model. We start with the bare-bones
essentials, namely just a training objective and a model. We purposefully make
both simple. For the training objective, we choose Implicit Maximum Likelihood
Estimation (IMLE), and eschew more complicated alternatives such as variational
inference, adversarial training and numerical integration. For the model, we eschew
transformers and instead choose a moderately sized convolutional network. Then
we judiciously added elements that are truly essential, which surprisingly do not
include iterative denoising. The result is a one-step parameter-efficient generative
model that produces high quality samples at fast speed: it achieves an FID of 2.56
on ImageNet 256 and simultaneously attains good precision and recall.

1 Introduction

Image generation has advanced through a succession of paradigms over the past decade. Variational
autoencoders (VAEs) [29] and generative adversarial networks (GANs) [[19] were among the first
models to generate realistic images in a single forward pass, yet each approach carries a characteristic
weakness. GANS are unstable to train and prone to mode collapse, which limits the diversity of their
samples. VAEs train stably but tend to produce blurry, low-fidelity samples. Stochastic interpolant
models (SI for short), including diffusion and flow-matching models [23} 147,35} 4], resolved many
of these issues and now define the state of the art in image synthesis. Inspired by this success,
subsequent work has grown steadily more complicated, introducing elaborate architectures [41] 38]],
sophisticated sampling schemes [28 46], and intricate training objectives [48l 17,156, [16].

We ask whether all of the complex machinery introduced in recent years is truly necessary. Rather
than add to it, we take a minimalist approach: we start from the simplest generative model we can
and add only the components from modern approaches that prove essential. We choose to build
on Implicit Maximum Likelihood Estimation (IMLE) [34], which offers a stable, mode-covering
training objective that is easy to understand. IMLE fits this minimalist aim because it optimizes a
likelihood-based objective without the variational bounds of VAEs, the adversarial training of GANSs,
or the iterative numerical integration used by stochastic interpolant models.

The advantage of modern SI models over earlier single-step models is widely attributed to how they
decompose generation [53, [13]]: instead of mapping the prior to the data distribution in one large
transformation, they break it into a sequence of smaller, simpler transformations, which is thought to
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Figure 1: Random samples from our class-conditional model trained on ImageNet

be the key to producing high-quality samples. Each of these transformations is typically carried out
by a separate step in the sampling process, and as a result sampling takes many steps to iterate over
all the transformations. Iterative sampling is, however, computationally expensive, since it involves
multiple forward passes through the model. If we can achieve high-quality generation without the
cost of iterative sampling, we can make image generation both cheaper and simpler.

To that end, we start with a single-step model and add only a minimal set of modifications that are
necessary to achieve competitive performance. To devise the modifications, we find the mechanisms
behind SI models that are truly important, abstract them at a high level to enable application to
the single-step setting and add them to our single-step model. Rather than viewing SI models as
performing iterative sampling, we take a testing-centric view. We hypothesize that two ingredients
that power their success are per-stage supervision and spectral specialization and add them to our
single-step model. In addition, we identify challenges specific to the one-step setting, develop simple
fixes and add them to our design. In line with our minimalist design philosophy, we use a ConvNeXt-
based architecture [36] rather than the transformer-based architectures that now dominate. Together,
these design choices yield Robust Multi-Stage IMLE (ROMS-IMLE), a single-step generative model
that combines spectrally-aware per-stage supervision with a robust training loss. Across three diverse
datasets, our model attains competitive FID and strong precision and recall. In pixel space, ROMS-
IMLE attains the highest precision and recall compared to baselines on CIFAR-10 and CelebA-HQ.
For latent generation on ImageNet 256, it reaches an FID of 2.56 in a single forward pass, with
54% fewer parameters and 250 x fewer function evaluations than DiT-XL/2 and SiT-XL/2. Through
our results, we demonstrate that a simple single-step generative model can indeed retain the sample
quality and diversity commonly exhibited by popular SI models.

2 Related Works

Power law in images Early works [49] [T]] in computer vision observed that the average power
spectrum for natural images is approximately of the form 1/, where f is the spatial frequency and
a ~ 2. This implies that lower spatial frequencies contain significantly more magnitude and encode
the dominant structural components of images, whereas higher frequencies contribute relatively
less to the overall image content. This fact has been used for many applications including image
compression. In particular, JPEG [52]] truncates DCT [3]] coefficients of image blocks, keeping only
the low-frequency components.

One-step generative models GANSs remain strong one-step image generators [[10, but
are difficult to train [6] 5] and prone to mode collapse [9] [15]. A separate line of research tries to
make iterative stochastic interpolant models fast by reducing the number of sampling steps, through



distillation [44], consistency training [48]], or redesigned objectives such as shortcut models [16]],
MeanFlow [17,[18]], and inductive moment matching [S6]. In recent years, IMLE [34] has received
increasing attention for its mode-covering objective and strong performance in few-shot image
synthesis [S1} 2]]. IMLE has also been adopted beyond image generation, in areas such as visuomotor
policy learning [42], trajectory planning [33]], and shape completion [[7]].

3 Method

3.1 Background: IMLE

The goal of generative modeling is to transform a simple, easy-to-sample prior distribution into
the complex data distribution we wish to model. One way to approach this problem is to learn the
transformation directly, using a neural generator that maps samples from the prior to data samples in a
single pass. In general, this approach is difficult because the likelihood of the data under the generator
is intractable (refer to Appendix [A] for more details). Implicit Maximum Likelihood Estimation
(IMLE) [34,[2] provides a workaround by implicitly maximizing the likelihood without requiring to
know it explicitly.

Formally, IMLE learns a direct mapping fy from a prior 7(x) to the data distribution pqat.(Xx) by
minimizing the following objective. At each training step, m latent codes zi, ..., z,, are sam-
pled from the prior and each real image x; is matched to its nearest generated sample in the set
{fo(z1),..., fo(2m)}. The parameters are then updated to bring each generated sample closer to its
matched real image. Here, d(-, ) is a distance function. The objective can be written as follows:

boaie = argminEy, g, ~n(0.1) [Z min d(xi, ﬁ(z;))] ey
i=175"

Our goal in this paper is to test whether IMLE, a single-step generator, can match the sample quality
of modern generative models that generate an image over many sequential steps. We hypothesize
that the sample quality of these many-step models stems not from iterative sampling itself but from
their parameter estimation strategy that can be adapted to IMLE. To this end, we first present an
alternative view of stochastic interpolant models, and use it to identify the training properties behind
their success.

3.2 Testing-Centric View of Diffusion and Flow Matching

Stochastic interpolant (SI) methods, such as diffusion and flow matching, are commonly understood
to perform iterative denoising. At training time, SI methods train a model, commonly known as a
denoising network, to convert a noisy image to a clean image. At test time, the denoising network is
repeatedly applied to convert pure noise to a generated sample. For the purposes of this analysis, we
use diffusion as a representative case; the argument applies equally to other SI methods.

A key distinguishing feature of SI methods is the iterative application of the denoising network, and
this is what SI methods are believed to owe their success to. This creates a mismatch between training
and test; the denoising network is applied once for each sample during training, whereas it is applied
iteratively to generate a sample during test.

We consider an alternative view of this mismatch. Rather than viewing the model as one instance
of the denoising network, we unroll the different iterations of the sampling procedure and view the
model as a composition of the different iterations. Under this view, at test time, the model is just
applied once to convert pure noise to a generated sample, and at training time, only a part of the
model is evaluated at a time. This is in some sense the flip side of the conventional view; under
the conventional view, the test time procedure is what deviates from the norms, whereas under the
alternative view, the training time procedure is what deviates from the norms. Hence, we will term
the conventional view the training-centric view and the alternative view the testing-centric view.

We now construct concretely the model under the testing-centric view. Consider a deterministic
sampler in an SI method, such as those used in DDIM or flow matching. Starting from Gaussian
noise, the sampler applies a succession of updates parameterized by the denoising network evaluated
at different time steps. More precisely, if we denote the update at iteration ¢ as a function g}, the
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Figure 2: Per-stage supervision: Each row is a generator drawn as a composition of stages; blue
arrows are the inference path and red dotted arrows show where the loss is applied. Vanilla IMLE
(top) supervises only its final stage, whereas diffusion (middle) supervises every denoising stage. Our
proposed method (bottom) retains IMLE’s architecture and one-step inference while extending direct
supervision to every stage.

sampler starts by sampling x ~ pr(x) and produces a sequence X7 — X7p_1 — -+ - — Xg, where
at each iteration x;_; is obtained from g} (x;).

Under the testing-centric view, the model is the composition of all the updates done by the sampler,
T 1
namely g; ,...,9;.

Xo = ggogso---ogs (Xr), )
N———
he

This allows us to view the reverse process as a single compositional model hg, that maps a sample

from the prior x7 to a data sample x(. Under this view, each x;_1 = gf, (x¢) is an intermediate layer
of hg.

Now we consider the training objective of SI methods. In general, they supervise the prediction of
the denoising network at each time step, with equal weight applied to all time steps. More precisely,
the training objective takes the following form:

‘c(e) = ]EtNZ/I(O,T], X0 ~Pdatas Xt ~qt (Xt |X0) [zt (gt (X07 Xt) ) gé (Xt))] (3)
where g is the supervision target and ¢; characterizes the interpolation between the empirical data

distribution pg,, and the prior pr. If we restrict the support of ¢ to integer time steps, we can rewrite
the objective as:

T

~ 1 t t

E(a) - f ZEXOdialayxtht(xtlxo) Vt(g (X07 Xt)a ge(xt))] “
t=1

Hence, what the training-centric view treats as an iteration over time steps is now viewed as an

iteration over depth in the compositional model.

3.3 Spectrally-Aware Per-Stage Supervision

Recall that our goal was to add desirable properties of SI models to our minimalist IMLE framework.
In the previous section, we presented the SI sampler as a single compositional model hg. We can
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Figure 3: The noising process in diffusion methods behaves like a progressive low-pass filter. Top row:
log-magnitude vs. frequency plots at different diffusion time steps, illustrating how high-frequency
components of the original image are increasingly suppressed. Blue denotes the original unnoised
images, green represents the added noise, and orange indicates the resulting noised image. Bottom
row: corresponding noised images at each time step.

now contrast this compositional model with the single-step generation setup of vanilla IMLE. Two
training-time properties stand out, which we argue are the reason for high-quality generation in SI
models.

Per-stage supervision Let us examine how the compositional model hy is trained by reconsidering
the loss in Equation@ We note that each stage g}, in the composition is directly supervised. Under
the testing-centric view, the diffusion training objective therefore performs intermediate per-stage
supervision: every intermediate layer g of the compositional model hg receives a direct training
signal (Figure [2).

Spectral specialization This intermediate supervision is also spectrally structured. It has been
observed that diffusion models produce samples in a coarse-to-fine manner: coarser-scale structure
appears in earlier denoising steps, whereas later denoising steps add more and more fine-grained
details. Recent work [[14] shows that adding noise to an image in the forward process has an effect
similar to applying a low-pass filter, with high noise levels progressively removing higher frequencies
(illustrated in Figure [3). Hence, within the composition hyg, the earlier layers are responsible for
coarse, low-level structure while later layers progressively add higher frequency details. In short,
generation happens in a spectrally-aware fashion.

3.4 Adapting Spectrally-Aware Per-Stage Supervision to IMLE

We now bring this training signal to the IMLE framework. The unrolled view introduced above
applies naturally to IMLE: its generator can also be seen as a prior-to-data network composed of
stages, only executed in a single forward pass rather than through iterative sampling. What it lacks is
per-stage supervision, which we add through a change to the training objective; spectral specialization
then follows as a corollary.

Compositional scaffold We choose to build the IMLE generator fy as a stack of upsampling blocks.
We adopt this design deliberately; similar to Section[3.2] it lets us write fy as a composition

fo = for o for-10---0 fo,
in which each stage f,: operates at a progressively higher resolution, with per-stage parameters

6 = (6*,...,0). This recasts IMLE in a form similar to the diffusion construction, with each fy
now analogous to gj, only indexed by resolution rather than noise level.

Property 1: Per-stage supervision The architecture of fy in existing IMLE methods is
compositional, but the training is not. The loss in Equation [I]is computed only at the final output
fo(z), which directly supervises only stage L. Stages 1,...,L — 1 receive a training signal only
through gradients that flow back from this final loss. We address this by supervising every stage
directly, at the resolution at which it operates.



Concretely, two things are needed: a way to read out a prediction at each stage, and a way to obtain a
target at the matching resolution. We add a per-stage output head (see Figure [2), so that stage fy:
outputs an image X' at its own resolution. We obtain the target by downsampling the real image x; to
the same resolution with a kernel K. The training objective then sums a per-stage loss across all L
stages, comparing each X! against K;(x;).

Property 2: Spectral specialization It is well known that the downsampling kernel K is a low-pass
filter: K;(x;) retains only the frequencies representable at stage I’s resolution and discards the rest.
Stage [ is therefore supervised to produce only the low-frequency content of x; at that resolution,
leaving finer detail to later stages. The composition fy as a whole generates coarsely first and
progressively refines, like the spectral specialization property of diffusion models.

Algorithm 1 ROMS-IMLE training procedure

Require: Dataset {x;}? ;, generator fy = fsr o --- o fp with parameters § = (01,..., 6%),
downsampling kernel K(-), robust loss function d(-, -)
1: Initialize 6 to a random vector
2: fort =1toT do

3. Draw i.i.d. latent codes z1, . . . , Z,, ~ N (0, 1)

4: Generate X; < fg(z;) forall j € [m)]

5: o (i) < argmin;ep,, [|x; — %[5 Vi € [n] > Nearest-neighbour matching
6: for 7 = 1 to Ry do

7: Pick a random batch S C [n]

8: Compute per-stage outputs if;(i) — (for o0 for1)(25()) foralli € S, 1 € [L]

9: L<+0

10: for! =1to L do

11: L+ L+ fé‘ Yics d(Kl(xi), fcff(i)) > Per-stage supervision
12: end for

13: 0 6—1VoeL > Gradient step
14: end for

15: end for

16: return 6

We test this new training procedure on Oxford Flowers [39], an image dataset of roughly 1000 images
at 256 x 256 resolution. We use this dataset for the ablation because it is small enough to train and
iterate over quickly, yet visually diverse enough that mode collapse is easy to spot in the generated
samples. Table[I|reports the results and Figure 4] shows random samples from each configuration:
our proposed training paradigm with multi-stage supervision (B) substantially outperforms vanilla
IMLE (A).

Table 1: Ablation study on Oxford Flowers [39] (256 x256). Row B adds multi-stage supervision to
the baseline. Rows C-E each replace the loss function in Row B with a different robust loss.

Configuration FID|{ Pr.T Re.?
A Vanilla IMLE 69.35 037 040
B + Multi-stage supervision 35.07 0.75 0.70
C (B) + Cauchy loss 3270 078 0.71
D (B) + Pseudo-Huber loss 1726 0.89 0.74
E (B) + Geman-McClure loss (ours) 1546 091 0.73

3.5 Robust Loss for Mismatched Pairs

SI models interpolate between the noise distribution and the empirical data distribution along a
predetermined trajectory, and so the flow between them does not need to be recomputed during
training. On the other hand, in a single-step model, the model distribution changes during training, so
the matching between model samples and ground truth data points needs to be recomputed. Due to
randomness in the sampling, there may be no samples drawn from a mode of the model distribution,
and as a result, a ground truth data point that can otherwise be explained by that mode would not



(a) Conf-A: Vanilla IMLE (b) Conf-B: Multi-stage supervision (c) Conf-E: Multi-stage supervision
+ Geman-McClure loss

Figure 4: Qualitative ablation: Random samples from IMLE models trained on Oxford Flowers
(256x256) for selected configurations in Table[T] The multi-stage supervision in Conf-B substantially
improves sample quality over the vanilla IMLE in Conf-A. The robust loss in Conf-E further improves
sample quality, yielding sharper and more realistic images.
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Figure 5: Mismatch in nearest-neighbour pairing. Ground-truth image (top) and its nearest
neighbours among generated samples in the current round (middle) and the previous round (bottom).
For most images, both are close to the ground truth. For the highlighted image, the current-round
nearest neighbour does not resemble the ground truth.

be well matched. Note that this is different from mode collapse: the poor matching results from
randomness in the sampling, not a deficiency in the model distribution.

Figure [5] shows this phenomenon, where the ground truth image (top row) alongside its nearest-
neighbour matches in the current round (middle) and the previous round (bottom). For most images,
both matches found in consecutive rounds of sampling are close to the ground truth, indicating that
the generator has learned these targets well. For the highlighted image, however, the current-round
match does not look like the ground truth, while the previous-round match does.

The standard squared /5 loss lets these mismatches dominate training, since its gradient with respect
to the generated sample is proportional to the residual. A mismatched pair has a large residual and
therefore contributes a correspondingly large gradient. The problem is, in essence, one of outliers:
a small number of large-residual pairs distort the gradient computed from a much larger pool of
well-matched pairs.

The classical remedy in robust statistics is to replace the squared loss with a function that grows
sub-quadratically in the residual. We adopt this approach: we replace d(-,-) with a robust loss
function. When a mismatch occurs and produces a large residual, the robust loss reduces its influence
on the gradient, allowing the remaining well-matched pairs to dominate the update. We apply
the robust loss at each decoder stage and ablate three candidates [8]]: Cauchy, Pseudo-Huber, and
Geman-McClure. As shown in Table[T] all three improve performance over the non-robust loss, with
Geman-McClure performing best. Figure ] shows that Geman-McClure with multi-stage supervision
also yields the best qualitative performance, producing sharper and more realistic images than the
other configurations.

3.6 Round-Trip Rejection for Latent-Space Generation

For high-resolution datasets, a common paradigm is to generate in the latent space [50, 43] of a
frozen, pretrained autoencoder and decode the generated latents into images. In the literature on SI



Figure 6: Random samples from our unconditional model trained on CelebA-HQ

models and GANS, inference-time tradeoffs of quality against diversity are popular and are enabled
by techniques such as classifier-free guidance (CFG) [22]] and the truncation trick [10]. To enable the
same tradeoff, we design a simple technique, which we call round-trip rejection.

Latent space generation introduces a distribution mismatch: the autoencoder faithfully reconstructs
only the images it was trained on, but our generator is not constrained to stay within that distribution
and occasionally produces images the autoencoder does not represent well, which decode into visibly
degraded samples. We add an inference-time step that identifies and discards these samples. We
detect them using a round-trip cost: the distance between a generated image and the image obtained
by encoding and then decoding it again. This round trip projects an image onto the distribution
the autoencoder can represent, so a well-represented image changes little (low cost) while a poorly-
represented one changes substantially (high cost). We reject generated samples whose round-trip cost
is high. We include further implementation details in Appendix [B]

Putting it together. Combining per-stage supervision with the robust Geman-McClure loss yields
our final training recipe, which we refer to as Robust Multi-Stage Implicit Maximum Likelihood
Estimation (ROMS-IMLE). The architecture and inference path are unchanged from vanilla IMLE;
the changes are entirely in the training objective. Algorithm [I]states the full procedure.

4 Experiments

Datasets We demonstrate the performance of our method on three datasets: unconditional generation
on CIFAR-10 (50K images, 32 x 32 resolution) [31]] and CelebA-HQ (30K images, 256 x 256
resolution) [26]], and class-conditional generation on ImageNet 256 [12].

Evaluation metrics We use the FID-50k metric to assess the perceptual quality of the generated
images, as is standard in prior work. Since FID is not always a perfect indicator of perceptual
quality [23]], we additionally evaluate the fidelity and coverage by computing precision and recall
using the metric defined by Kynké#nniemi et al. [32]].

Implementation details Our network architecture comprises a fully-connected mapping network
inspired by and a synthesis network constructed using ConvNeXt [36] modules. We use bicubic
interpolation for downsampling images/latents. We use the AdamW optimizer with (1, 5o
set to 0.9. Our method works in both pixel and latent space: directly in pixels for CIFAR-10 and
CelebA-HQ, and in the EQ-VAE [30] latent space for ImageNet 256.



Table 2: Results for unconditional generation on
CIFAR-10

Method NFE FID| ISt Pr.t Re. !
DDIM [46] 100 11.18 8.62 0.62 0.57
CT [48] 1 879 861 070 0.42

Mean Flows [17] 2.87 10.10 0.69 0.59
IMM [56]] 3.16 10.10 0.66 0.60

1
1
StyleFormer [40] 1 288 10.26 0.64 0.54
Ours (Pixel) 1 4.01 10.16 091 0.80

Table 3: Results for unconditional generation
on CelebA-HQ

Method NFE FID | Pr.t Re.t

Shortcut [[16] 1 2465 0.75 0.18
Shortcut [16] 128 12.88 0.61 042
StyleSwin [54] 1 532 0.70 0.39

Ours (Pixel) 1 6.70 096 0.61

Table 4: Results for class-conditional image generation on ImageNet 256

Model Params M) NFE FID| Pr.{T Re.?
BigGAN][10] 112 1 6.69 047 0.14
StyleGAN-XL[45]] 166 1 2.08 0.29 0.40
DiT-L/2 [41]] 458 250 23.30 - -

DiT-XL/2
DiT-XL/2 (cfg = 1.5)

675 250  9.60 - -
675 250 264 054 0.60

SiT-L/2 [38]]

458 250 18.80 - -

SiT-XL./2 675 250 8.30 - -

SiT-XL/2 (cfg = 1.5) 675 250 1.74 0.48  0.59
MeanFlow|[17] 130 1 13.04 0.29 0.31
iMeanFlow[18]] 1000 1 1.48 0.48 0.57
IMM (1 step, cfg = 1.5)[56] 676 1 8.13 0.32  0.62
IMM (2 steps, cfg = 1.5) 676 2 3.64 0.38  0.68
Ours (Latent-based) 310 1 4.16 0.77 0.49
Ours (Latent-based) + Round-trip rejection 310 1 2.56 0.79  0.50

4.1 Results and Analysis

CIFAR-10 Table [2| shows that our model attains the best precision and recall in the table by wide
margins: precision of 0.91 against 0.70 for the next best method, and recall of 0.80 against 0.60.
Notably, these margins hold even against the 100-step DDIM baseline (0.619 / 0.567), so a single
forward pass of our model covers the data distribution better than a hundred evaluations of a diffusion
sampler. At one NFE (number of function evaluations), our FID is competitive with the strongest
one-step baselines, and our Inception Score (10.16) is within their range.

CelebA-HQ Table [3|shows that our model has the best precision and recall, while being the second-
best on FID. The 128-step Shortcut model [[16] is outperformed on every metric despite it using more
evaluation steps. Compared to StyleSwin, which achieves the best FID, our model produces more
diverse samples (recall 0.61 vs. 0.39) at a small cost in fidelity.

ImageNet 256 Table 4] shows that our latent-space model reaches an FID of 4.16 at one NFE with
310M parameters. With round-trip rejection, our FID improves to 2.56. Our FID is competitive
with strong one-NFE and multi-step baselines such as iMeanFlow, StyleGAN-XL, DiT-XL/2, and
SiT-XL/2, while using a single forward pass and no classifier-free guidance. Our model also achieves
the best precision (0.79) among all the methods.

5 Discussion and Conclusion

Limitations Although ROMS-IMLE substantially outperforms vanilla IMLE, it processes images
across multiple resolutions during training, which marginally increases training time.



Figure 7: Latent space interpolation for CelebA-HQ. We observe that the output images change
smoothly in a meaningful manner.

Figure 8: Random samples from our unconditional model trained on CIFAR-10

Societal Impact We are aware that generative models can facilitate creating fake images (“deepfakes”)
that can be exploited for disinformation or fraudulent activities, but note that watermarking techniques,
e.g., [20], have been developed that can mitigate such harms.

Conclusion We introduced ROMS-IMLE, a single-step IMLE-based generative model. The method
modifies IMLE training in two ways: per-stage supervision at each upsampling resolution, and a
robust loss that handles mismatched nearest-neighbour pairs. Across CIFAR-10, CelebA-HQ, and
ImageNet 256, these changes make ROMS-IMLE competitive in FID while attaining strong precision
and recall among one-step methods. More broadly, our results show that a single-step generator
like IMLE can match much of the quality and diversity of iterative models when it is trained with a
spectrally-aware, per-stage signal.
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A Note on Maximum Likelihood Estimation

Maximum Likelihood Estimation (MLE) is widely used in generative modeling because it provides
a principled method for fitting models to data by maximizing the likelihood that observed samples
originate from the model’s distribution. Consequently, samples generated from models optimized
with MLE (and its variants) are, by design, expected to closely resemble the data points. Directly
optimizing the likelihood is often computationally intractable, since the data is generally high-
dimensional and the model’s mapping from the prior to the data distribution is typically not surjective.
Different generative models take different approaches to get around this issue.

Diffusion models, for example, circumvent this by maximizing a variational lower bound known as
the Evidence Lower Bound (ELBO). Specifically, diffusion models factorize the generation process
into multiple small, iterative transitions from a known prior distribution p(xr). This can be written
as follows:

p(xo | x1) = /---/m(xO | x0) po(xs | %) po(r_y | x7) dxs - - dxp_s

:// [ﬁlp@(xt_l |xt)1 dx; - dxp_s ©)

In contrast, Implicit Maximum Likelihood Estimation (IMLE) models the transition from the prior
x7 to the data distribution x¢ in a single step, implicitly optimizing the MLE without explicitly
factorizing into intermediate distributions.

B Architecture and training details

We provide the detailed network architecture in Figure [0}

Our generator maps a latent code (z ~ N(0,I),z € R'?%) to a style vector w via an MLP
(mapping layer), which modulates each layer of a ConvNeXt-style decoder using Adaptive Instance
Normalization (AdaIN)[24]]. Starting from a learned constant feature map at low resolution, the
decoder progressively upsamples the representation through a stack of residual ConvNeXt[36] blocks
with per-resolution width control.

Training Details The training was done on NVIDIA L40S GPUs. The training time depends primarily
on the size of the dataset. Default PyTorch implementation of bicubic interpolation was used for
all resizing operations, as we saw that achieved the best results. We used a cosine scheduler with
warmup for 100 iterations.

Pixel-based models We used a weighted combination of LPIPS [55]] loss, DINO [[11]] loss and pixel
loss for optimization, with weighting factors of 1.0, 1.0 and 0.1 respectively. Since DINO expects
224 x 224 inputs, all images were resized before being passed into the DINO network. LPIPS
requires images to be of at least 32 x 32 resolution; hence images below this resolution were resized
to 32 x 32 before being passed into the LPIPS network. The 32 x 32 variant (used for CIFAR-10)
contains 110 million trainable parameters, while the 256 x 256 variant (used for CelebA-HQ) has
138 million. We do not use any data augmentation.

Latent-based models For ImageNet, we train our generator in the latent space of an EQ-VAE [30],
which is kept frozen throughout training. The model contains 310 million trainable parameters. The
per-stage training loss is the Geman-McClure loss applied to elementwise residuals computed directly
on the latent representations. Per-stage targets are obtained by encoding the real image with the frozen
EQ-VAE encoder and downsampling the resulting latent map with K to each stage’s resolution.

We use rejection sampling to remove low-quality samples, with a different rejection criterion: at
evaluation time, we compute for each generated sample the round-trip reconstruction cost of encoding
and decoding it with the EQ-VAE. The distance between the generated sample and its round-trip
reconstruction is measured in LPIPS [S5]] space. Low-quality samples incur a high round-trip cost,
and we reject samples whose cost exceeds a fixed threshold, which removes roughly 5% of generated
samples. We find that removing these samples improves FID. Reported ImageNet metrics are
computed on samples that pass this filter.

We provide additional details about the training setup that are relevant for reproduction and for
clarifying the experimental protocol.
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Figure 9: (a) Network architecture, which comprises a mapping network, upsampling layers and
ConvNeXt blocks. (b) Inner workings of a standard ConvNeXt block.

Budget for nearest-neighbour search. For each training round, we draw m = 5n candidate latents,
where n is the number of real images, giving 5 generated samples per real image on average. This
setting is held fixed across all three datasets (CIFAR-10, CelebA-HQ, ImageNet 256).

Distance metric for nearest-neighbour selection. The distance d(-, -) used in the arg min; step
of Algorithm |1 differs between pixel-space and latent-space models. For our pixel-space models
(CIFAR-10, CelebA-HQ), we use LPIPS [535]] as the selection distance. For our latent-space model
on ImageNet 256, we use the squared /- distance in the EQ-VAE [30]] latent space.

Robust loss usage. As shown in Algorithm [I] the robust loss is applied only during the optimization
step (the per-stage training loss in Algorithm [I), not during nearest-neighbour selection. It wraps
each component of our training loss: pixel residuals, LPIPS, and DINO for the pixel-based models,
and latent residuals for the latent-based model. Selection always uses the unwrapped distances above.

Nearest-neighbour search at scale. We use FAISS-GPU to accelerate exact nearest-neighbour
search across the m candidate samples.

Precision and recall. We report precision and recall using the standard implementation of Kynkéian-
niemi et al. [32]], with the InceptionV3 feature extractor and & = 3 for the k-nearest-neighbour radius.
This matches the protocol most commonly used in prior one-step generation literature.
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