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Figure 1: An overview of ToddlerDiffusion capabilities: 1) Speed-Up: Performing on the bar compared to LDM
while being 2× faster, using 3× smaller architecture. 2) Interactivity: Producing intermediate outputs, e.g.,
sketch and palette. 3) Editing: Offering free, robust editing capabilities even for real images. 4) Robustness: Our
method is robust against input condition perturbations, e.g., sketch sparsity.

ABSTRACT

Diffusion models break down the challenging task of generating data from high-
dimensional distributions into a series of easier denoising steps. Inspired by this
paradigm, we propose a novel approach that extends the diffusion framework into
modality space, decomposing the complex task of RGB image generation into
simpler, interpretable stages. Our method, termed ToddlerDiffusion, cascades
modality-specific models, each responsible for generating an intermediate represen-
tation, such as contours, palettes, and detailed textures, ultimately culminating in a
high-quality RGB image. Instead of relying on the naive LDM concatenation condi-
tioning mechanism to connect the different stages together, we employ Schrödinger
Bridge to determine the optimal transport between different modalities. Although
employing a cascaded pipeline introduces more stages, which could lead to a more
complex architecture, each stage is meticulously formulated for efficiency and
accuracy, surpassing Stable-Diffusion (LDM) performance. Modality composition
not only enhances overall performance but enables emerging proprieties such as
consistent editing, interaction capabilities, high-level interpretability, and faster con-
vergence and sampling rate. Extensive experiments on diverse datasets, including
LSUN-Churches, ImageNet, CelebHQ, and LAION-Art, demonstrate the efficacy
of our approach, consistently outperforming state-of-the-art methods. For instance,
ToddlerDiffusion achieves notable efficiency, matching LDM performance on
LSUN-Churches while operating 2× faster with a 3× smaller architecture. The
project website is available at: https : //toddlerdiffusion.github.io/website/
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Figure 2: Trajectory comparison. We compare our approach (Top) against LDM (bottom) in terms of trajectory.
Instead of starting from pure noise such as LDM, our approach, ToddlerDiffusion, leverages the intermediate
stages to achieve a more steady and shorter trajectory.

1 INTRODUCTION

In recent years, diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al., 2020b)
have made signi�cant strides across diverse domains, revolutionizing image synthesis and related
tasks by transforming noisy, unstructured data into coherent representations through incremental
diffusion steps (Ho et al., 2020; Preechakul et al., 2022; Dhariwal & Nichol, 2021; Nichol & Dhariwal,
2021). Their versatility extends beyond image generation to tasks such as image denoising (Gong
et al., 2023; Kulikov et al., 2023; Zhu et al., 2023), inpainting (Lugmayr et al., 2022; Alt et al.,
2022), super-resolution (Li et al., 2022; Gao et al., 2023), and applications in 3D content creation
(Anciukevi�cius et al., 2023; Qian et al., 2023; Poole et al., 2022), data augmentation (Carlini et al.,
2023; Li et al., 2023c; Voetman et al., 2023), medical imaging (Chung et al., 2022; Kazerouni
et al., 2022; Wu et al., 2022; Wolleb et al., 2022), anomaly detection, and more. Diffusion models,
such as Denoising Diffusion Probabilistic Models (DDPMs) (Ho et al., 2020), draw inspiration
from the diffusion process in physics, breaking down the intricate task of generating data from
high-dimensional distributions into a sequence of simpler denoising steps. In this framework, instead
of generating an image in a single step, the task is reformulated as a gradual denoising process, where
a noisy image is iteratively re�ned until the �nal, detailed image emerges. This step-by-step approach
leverages the power of decomposition: by solving a series of simpler tasks, we can ultimately solve
the original, more challenging problem.

Inspired by this philosophy, we propose ToddlerDiffusion, a novel method extending this decom-
position principle beyond just noise removal. Instead of tackling the image generation problem in
one go, we decompose it into modality-speci�c stages. Each stage focuses on generating a different
aspect or modality of the image, such as abstract contours or sketches, followed by color palettes, and
�nally, the detailed RGB image. This approach mimics the learning process of a child developing
artistic skills (Stevens, 2012; Marr, 2010; 1974), where the child �rst learns to draw basic outlines,
then adds colors, and �nally �lls in the details. We use the term “ToddlerDiffusion” to re�ect this
gradual, step-by-step learning and generation process.

Despite the intuitive appeal of task decomposition, it introduces signi�cant challenges. More stages
mean more parameters, longer training times, and potentially slower sampling speeds. However, our
hypothesis is that by addressing simpler tasks at each stage, we can leverage smaller architectures
tailored to each modality, resulting in a more compact overall model compared to traditional single-
stage architectures. Moreover, multi-stage frameworks often suffer from error accumulation (Ho
et al., 2022; Huang et al., 2023), where inaccuracies in earlier stages can propagate and amplify
through subsequent stages. However, we showed that by using simple techniques such as condition
truncation dropout, we can signi�cantly mitigate the error accumulation, Appendix A.7 Additionally,
learning these intermediate representations, e.g., counters, explicitly or implicitly is challenging,
where the �rst requires paired data and the latter requires special complicated designs (Singh et al.,
2019; Li et al., 2021). To tackle the guidance challenge, we leverage pseudo GT and show that this
noisy GT is enough to learn robust intermediate modalities.
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To implement this framework, we considered two approaches. The �rst is the standard Latent
Diffusion Model (LDM) (Rombach et al., 2022) conditioning mechanism, using techniques such as
cross-attention and concatenation to link stages. Given our focus on spatial modalities like sketches,
concatenation seemed more appropriate. However, this method proved insuf�cient for achieving our
hypothesis due to its weak conditioning, which results in poor information transfer between stages.
We instead adopt a more principled approach by employing the Schrödinger Bridge (Wang et al.,
2021; Li et al., 2023a), a method from stochastic optimal transport theory, to determine the optimal
path between modalities at each stage. Unlike simple concatenation, which starts each stage from a
state of pure noise, the Schrödinger Bridge enables us to begin each stage from a meaningful signal
with a higher Signal-to-Noise Ratio (SNR) (Kingma et al., 2021), as illustrated in Figure 2. This
leads to more effective and stable progression through the generation process, signi�cantly reducing
the denoising steps required during training and testing.

This structured, multi-stage approach not only allows for a more ef�cient and stable generation process
but also enables a range of emerging capabilities. ToddlerDiffusion supports consistent editing of
both generated and real images and facilitates user interaction in both conditional and unconditional
settings, as shown in Figure 1. Moreover, while sampling ef�ciency was not our primary objective,
our approach yields faster sampling and training convergence due to the shorter trajectories between
stages (Figure 2), resulting in fewer denoising steps and less computational cost (Figure 1). For
instance, LDM is trained using 1k steps; in contrast, ToddlerDiffusion could be trained using only 10
steps with minimal impact on generation �delity. To the best of our knowledge, ToddlerDiffusion is
the �rst work to successfully integrate and achieve advancements across multiple domains, including
controllability, consistent editing, sampling and training ef�ciency, and interactivity, within a uni�ed
framework, as shown in Figure 1. Our extensive experiments on datasets such as LSUN-Churches
(Yu et al., 2015), ImageNet, and CelebA-HQ (Karras et al., 2017) demonstrate the effectiveness of
this approach, consistently outperforming existing methods. ToddlerDiffusion not only rede�nes the
image generation process but also paves the way for future research into more structured, interpretable,
and ef�cient generative models.

Our contributions can be succinctly summarized as follows:

• We introduce a cascaded structured image generation pipeline, denoted as ToddlerDiffusion,
that systematically generates a chain of interpretable stages leading to the �nal image.

• Leveraging the Schrödinger Bridge enables us to train the model from scratch using a
minimal number of steps: 10 steps only, in addition to, performing on the bar compared to
LDM while being 2� faster, using 3� smaller architecture.

• ToddlerDiffusion provides robust editing and interaction capabilities for free; without
requiring any manual annotations.

• Introduce a novel formulation for sketch generation that achieves better performance than
LDM while using 41� smaller architecture.

2 TODDLERDIFFUSION

We introduce ToddlerDiffusion, which strategically decomposes the RGB image generation task
into more straightforward and manageable subtasks, such as sketch/edge and palette modalities. In
Section 2.1, we detail the formulation of each stage. By breaking down the generation process into
simpler components, our model not only allows for a more compact architecture but also enables
dynamic user interaction with the system, as illustrated in Figure 1. Notably, these advancements are
achieved without relying on manual ground truth annotations, instead utilizing human-free guidance
for enhanced ef�ciency and practical applicability (Section 2.2). Lastly, we demonstrate how our
method facilitates robust, consistent edits across stages (Section 2.4).

2.1 TODDLER GROWTH

The development of our method is inspired by child's growth, where the learning process in their
brains is decomposed into stages and developed step-by-step (Stevens, 2012; Marr, 2010; 1974).
By analogy, we decompose the 2D image synthesis into different, more straightforward stages.
We employ the sketch and palette as intermediate stages, resulting three cascaded stages approach.
However, our approach is generic and seamlessly we can add or remove intermediate steps, based
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on the application needs. Mainly, the pipeline can be clustered into two main modules: 1) The
unconditional module, that generates the �rst modality, e.g., sketches, based on pure noise. 2)
The conditional module, that condition on the previous modality to generate the next intermediate
modality, e.g., palette, or the �nal RGB image. Both modules can be implemented using Latent
Diffusion Models (LDM), where unconditional LDM will start from noise to generate sketches, then
by employing the concatenation conditioning mechanism we can condition on our spatial intermediate
modalities; sketches and palettes. We instead adopt a more principled approach by employing the
Schrödinger Bridge to determine the optimal path between modalities at each stage. Unlike simple
concatenation, which starts each stage from a state of pure noise, the Schrödinger Bridge enables us
to begin each stage from a meaningful signal with a higher Signal-to-Noise Ratio (SNR).

Schrödinger Bridge. The Schrödinger Bridge problem arises from an intriguing connection between
statistical physics and probability theory. At its core, it addresses the task of �nding the most likely
stochastic process that evolves between two probability distributions over time,� 0 and� T , governed
by Brownian motion, while minimizing the control cost. Mathematically, it could be written as:
P � = argmin

P 2P
KL(P jj W ), whereP is the probability path that minimizes the Kullback-Leibler (KL)

divergence with respect to a reference Brownian motionW, and subject to marginal constrains;
P0 = � 0 andPT = � T . The process can be described as a stochastic differential equation (SDE):

dX t = v(t; X t ) dt + � dW t ; (1)

whereX t represents the state at timet, v(t; X t ) is the optimal drift that minimizes the KL divergence
anddWt is the Wiener process (Brownian motion).

Conditional Module. By analogy, the two probability distributions� T and� 0 represent the distribu-
tions of features from simpler (sketch) and more complex (RGB) modalities, respectively. In this
context, the goal of the Schrödinger Bridge is to �nd the optimal stochastic process that transforms
the simpler modality (e.g., sketch) into the more complex one (e.g., RGB image) while minimiz-
ing a divergence measure like KL divergence while respecting the boundaries. Given a condition
y 2 RH � W � 3, that could be sketch, palette, or any other modality, we de�ne the forward process as
an image-to-image translation and formulate the problem using the discrete version of schrödinger
bridge as follows:

x t = (1 � � t )x
i
0 + � t y

i + � 2
t � t ; : � 2

t = � t � � 2
t ; (2)

wherei is the stage number,x0 andy are the boundaries of the bridge,� 2
t controls the noise term,

and� t blends the two domains. In the SDE, the term “v(t; X t )” is the deterministic drift, while
“dWt ” represents the diffusion term. In contrast, we follow the DDPM formulation, which works in
the discrete space. Therefore, by analogy, the terms “� t x0 + (1 � � t )y” and “� 2

t � t ” represent the
drift and diffusion terms, respectively.� 2

t represents uncertainties, following a sphere formulation
that constructs a bridge between the two domains. Whereas, at the edge of the bridge, we are fully
con�dent we are in one of the distributions� T and� 0, thus� 2

t = 0 . In contrast, the uncertainties
increase while moving away from the edges, reaching their maximum value in the middle between
the two domains, forming the bridge shape. Eq. 2 forms the skeleton for2nd and3rd stages, where:

x i
0 =

(
x p

0 = F p (x rgb
0 ) : _{ = 2 ( Palette)

x rgb
0 : _{ = 3 ( Detailed Image)

y i =

(
x s

0 = F s (x rgb
0 ) : _{ = 2 ( Palette)

x p
0 = F p (x rgb

0 ) : _{ = 3 ( Detailed Image)
(3)

wherei is the stage number,Fp andF s are palette and sketch functions that generate the pseudo-GT,
respectively, detailed in Section 2.2.

Figure 3: Comparison between different formulations for the1st

stage. This depicts the forward process for each formulation.

Unconditional Module: 1st Stage (Sketch).This
stage aims to generate abstract contoursxs

0 2 RH � W

starting from just pure noise or label/text conditions.
In both cases, we name this module unconditional
as it does not condition on a previous modality be-
cause it will generate the �rst modality, the sketch.
One possible solution is to utilize the original LDM,
which is not aligned with the sketch nature, as shown
in Figure 3, case A. More speci�cally, we are starting
from a pure noise distributionxT and want to learn
the inverse mappingq(x t � 1 j x t ) to be able to sam-
ple real dataxs

0. The issue relies upon the vast gap
between the two domains:xT andx0. Following (Kingma et al., 2021), this can be interpreted as
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signal-to-noise ratio (SNR), where SNR(t)= � t
� 2

t
. Consequently, at the beginning (t = T), � T yields to

0, therefore SNR(T)=0. On the contrary, to �ll this gap, we propose a unique formulation tailored
for sketch generation that adapts Eq. 2. Speci�cally, we introduced two changes to Eq. 2. First, we
replaced the Gaussian distribution� t with a discretized version, the Bernoulli distribution, as shown
in case B, Figure 3. However, this is not optimized enough for the sparsity nature of the sketch, where
more than 80% of the sketch is black pixels. Thus, we set our initial condition toy = Fd(xs

0), where
Fd is a dropout function that takes the GT sketchxs

0 and generates more sparse version. To align
our design with the sketch nature, as shown in Figure 3, part C, we changed� 2

t to follow a linear
trend instead of the bridge shape by setting the variance peak atxT . We have to make sure to set the
variance peak to a small number due to the sparsity of the sketch. This could be interpreted as adding
brighter points on a black canvas to act as control points during the progressive steps (T ! 0) while
converging to form the contours, as shown in Figure 3, part C. More details about the sparsity level
importance are shown in Section A.6.

2.2 TODDLER GUIDANCE

A crucial factor for the success of our framework, ToddlerDiffusion, is obtaining accurate and
human-free guidance for the intermediate stages. Two modules,F s andFp, are employed to generate
contours/sketches and palettes, respectively.

Sketch. The �rst module,xs
0 = F s(x rgb

0 ), serves as a sketch or edge predictor, wherex rgb
0 2

RH � W � 3 is the ground-truth RGB image, andxs
0 2 RH � W is the generated sketch. For instance,F s

could be PidiNet (Su et al., 2021) or Edter (Pu et al., 2022) for sketch generation, or Canny (Canny,
1986) and Laplacian (Wang, 2007) edge detectors.

Palette.The palette can be obtained without human intervention by pixelating the ground-truth RGB
imagexp

0 = Fp(x rgb
0 ), wherexp

0 2 RH � W � 3 is the palette image, andFp will be the pixelation
function. However, we introduce a more realistic way to have high-quality palettes for free by �rst
generating the segments from the RGB image using FastSAM (Zhao et al., 2023b). Then, a simple
color detector module is utilized to get the dominant color, e.g., the median color per segment. This
design choice is further analyzed in Section A.6. More details are mentioned in the Appendix.

2.3 TRAINING OBJECTIVE & REVERSEPROCESS

Training Formulation. We adapt the conventional diffusion models' learning objective (Ho et al.,
2020; Sohl-Dickstein et al., 2015), i.e., Variational Lower Bound (ELBO), to include our new
conditiony, whereas, each marginal distribution has to be conditioned ony, as follows:

L ELBO = � Eq
�
D KL (q(x T j x i

0 ; y i ) jj p(x T j y i )) +
TX

t =2

D KL (q(x t � 1 j x t ; x i
0 ; y i ) jj p� (x t � 1 j x t ; y i )) � log p� (x i

0 j x 1 ; y i )
�
;

(4)
wherep� is a function approximator intended to predict fromx t . Using Bayes'rule, we can formulate
the reverse process as follows:

q
�

x t � 1 j x t ; x i
0 ; y i

�
= N

�
x t � 1 ; ~�

�
x t ; x i

0 ; y i
�

; ~� 2
t I

�
(5)

~� t (x t ; x i
0 ; y i ) =

� 2
t � 1

� 2
t

1 � � t

1 � � t � 1
x t + (1 � � t � 1 (1 �

� 2
t � 1 (1 � � t )2

� 2
t (1 � � t � 1 )2

)) x i
0 + ( � t � 1 � � t

1 � � t

1 � � t � 1

� 2
t � 1

� 2
t

)y i (6)

~� 2
t = � 2

t � 1 �
� 4

t � 1

� 2
t

(1 � � t )2

(1 � � t � 1 )2
(7)

The derivation for Eq. 6 and Eq. 7 is detailed in Appendix A.1. The overall training and sampling
pipelines are summarized in Appendix A.5 Algorithms 1 and 2, respectively.

Training Objectives. Previous work (Rombach et al., 2022) showed that learning directly the noise�
enhances the performance compared to predicting thex0 directly. This is intuitive as predicting the
difference� t / x t � x0 is easier than predicting the original complicatedx0. However, in our case,
this is not valid due to the conditioned domainy, which makes predicting the difference much harder,
as shown in Eq. 8

x t � x0 = � t (y � x0) + � t � t (8)

Accordingly, we directly predict thex0. Please refer to Section A.6 for a detailed analysis.
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2.4 TODDLER CONSISTENCY

Our novel framework, ToddlerDiffusion, inherently provides interactivity, allowing users to ob-
serve and engage with the intermediate outputs of various modalities. This interactivity is further
strengthened by ensuring consistency, a crucial element for effective control and editing capabilities.

Generated Images Editing.To ensure consistency during editing, we store the noise� t and the
intermediate modalities used in generating the initial reference image, creating a memory that will
help us achieve outstanding consistency. Throughout the editing session, the memory, that was
constructed while generating the reference image, remains �xed until the user resets it by generating
a new reference image. Figure 10 demonstrates our framework's editing capabilities, highlighting the
strong consistency it achieves. Additional editing examples can be found in our demo.

Real Images Editing.Real image editing is much more challenging as we cannot access intermediate
modalities and noise. Therefore, given a real imagex rgb

0 , �rst, we run F s(x rgb
0 ) andFp(x rgb

0 ) to
get the corresponding sketchxs

0 and palettexp
0, respectively. Then, we utilize the recent DDPM

inversion technique (Huberman-Spiegelglas et al., 2024) to store the noise� t . More speci�cally, to
get the noise, we have �rst to run our forward process, Eq. 2, using random noise� t and store the
corresponding intermediate statesx t . Then, run our reverse process, Eq. 6, to try to recover the
original image. During the reverse process, the model will predict~� t (x t ; x i

0; yi ) using Eq. 6. Then,
our goal is that given the predicted~� t , the predicted conditionsy and the stored intermediate states
x t � 1, we want to estimate the noise� t Following these two steps, we construct our memory, which
will be used similarly to edit real images.

3 EXPERIMENTAL RESULTS

To probe the effectiveness of our proposed framework, we �rst compare our approach against LDM
when trained from scratch on unconditional datasets, LSUN-Churches and CelebHQ, and conditional
ones, ImageNet. Then, we show that our approach can leverage from the high-quality SD-v1.5
weights, enabling the model to be conditional on new modalities seamlessly without adding additional
modules (Zhang et al., 2023; Zhao et al., 2024) or adapters (Mou et al., 2024).

3.1 TODDLERDIFFUSION FROMSCRATCH

In this section, �rst we will holistically compare our method, ToddlerDiffusion, against LDM regard-
ing generation quality and ef�ciency, e.g., convergence rate and number of denoising steps. Then,
we will compare our conditioning ability with ControlNet and SDEdit. Generally, ToddlerDiffusion
consists of three cascaded stages: sketch, palette, and RGB generation. However, in the following
section, we will show the versatility of our method by omitting the1st or the2nd stages, enabling our
method to start from a reference sketch or palette, respectively, instead of generated ones.

Unconditional Generation. We evaluated our framework, ToddlerDiffusion, against LDM on two
unconditional datasets, i.e., LSUN-Churches (Yu et al., 2015) and Celeb datasets (Karras et al., 2017).
For a fair comparison, and as we notice challenges in replicating LDM results1, we have reproduced
LDM results. As shown in Table 1, we boost the LDM performance by 1 FID point on the two
datasets, using 3x smaller architecture and 2x faster sampling, as shown in Table 2.

Ef�cient Architecture. While the primary focus of this paper is not on designing an ef�cient
architecture, our method inherently bene�ts from architectural ef�ciency due to the shorter trajectory
between stages, as illustrated in Figure 2. The key insight is that ToddlerDiffusion simpli�es each
generation task by breaking it into modality-speci�c stages (e.g., from sketch to palette). This
approach allows us to leverage signi�cantly smaller networks at each stage because solving the
problem is easier, where the distributions of the domains, such as sketches and palettes, are much
closer than the distribution between pure noise and RGB images. As a result, the neural network
at each stage can be more lightweight. Furthermore, as shown in Table 2, we operate directly in
the image space for the �rst two stages (i.e., noise to sketch and sketch to palette). This eliminates
the need for complex encoder-decoder architectures, such as VQGAN, typically used to generate

1See issues 325, 262, 90, 142, 30, and 138 in the LDM GitHub repository.
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Table 1: Benchmark results on three datasets; CelebHQ Karras
et al. (2017), LSUN-Churches Yu et al. (2015) and ImageNet
Deng et al. (2009).

Dataset Method Epochs FID# KID # Prec. " Recall "

CelebHQ LDM 600 8.15 0.013 0.52 0.41
Ours 600 7.10 0.009 0.61 0.47

Churches LDM 250 7.30 0.009 0.59 0.39
Ours 250 6.19 0.005 0.71 0.44

ImageNet LDM 350 8.55 0.015 0.51 0.32
Ours 350 7.8 0.010 0.58 0.40

Table 2: A detailed analysis of our method complexities compared to LDM
on the CelebHQ dataset Karras et al. (2017). We report the training and
sampling throughput per each stage. For ef�ciency, the �rst two stages are
operating on the pixel space. Therefore, the VQGAN encoder and decoder
are not used (N/A). The training time is reported till convergence, i.e, 600
epochs, using 4 A100.

VQGAN UNet Train Samp.
Stage # Param # Param Time Time

1) Noise! Sketch N/A 1.9M 1 hr 85 fps
2) Sketch! Palette N/A 1.9M 1 hr 85 fps
3) Palette! RGB 55.3M 101M 24 hr 2.3 fps

Ours (3 Stages) 55.3M 104.8M 26hr 2.27fps
LDM 55.3M 263M 38 hr 1.21 fps

Figure 4: Training convergence comparison
between ToddlerDiffusion and LDM.

Figure 5: Trimming denoising steps abla-
tion study during training and sampling.

Figure 6: Training steps ablation study on
LSUN-Churches dataset.

detailed images from latent representations. Combining these factors, ToddlerDiffusion achieves a 3x
reduction in network size despite cascading across three stages.

Faster Convergence.In addition to outperforming LDM across multiple datasets and metrics, as
shown in Table 1, ToddlerDiffusion exhibits a signi�cantly faster convergence rate. We analyzed the
convergence behavior by reporting the FID score every 50 epochs, as shown in Figure 4. Remarkably,
our method achieves the same performance after just 50 epochs as LDM does after 150 epochs.
Furthermore, after 150 epochs, ToddlerDiffusion matches the performance LDM achieves after 500
epochs. This substantial improvement in convergence speed highlights the strength of our approach in
ef�ciently navigating the feature space between stages. It's important to note that faster convergence
was not an explicit target of our method but rather an emergent property of the pipeline's design.
Other techniques tailored explicitly for improving convergence speed, e.g., (Hang et al., 2023), can
be considered orthogonal and complementary to our method.

Trimming Denoising Steps.Another unique characteristic of ToddlerDiffusion is its ability to reduce
the number of denoising steps during both training and sampling without signi�cantly impacting
performance. As shown in Figure 5, our framework maintains consistent and robust results when
the number of steps is reduced from 1000 to 100. In contrast, the performance of LDM degrades
drastically under the same conditions. ToddlerDiffusion can trim denoising steps while maintaining a
good Signal-to-Noise Ratio (SNR), particularly for larger time steps, as further discussed in Section
2.1. Additionally, Figure 6 highlights another intriguing capability of our method: models trained with
fewer denoising steps outperform those trained with larger step counts when later using techniques
like DDIM (Song et al., 2020a) to reduce sampling steps. For example, as seen in Figure 6, the blue
curve (trained with 100 steps) achieves an FID score of around 60 when using only ten steps for
sampling. However, if we initially train the model with just ten steps, as represented by the purple
curve, the performance improves signi�cantly, achieving an FID score of 15. This demonstrates the
ef�ciency and adaptability of ToddlerDiffusion, even when minimizing the denoising process.

Class-Label Conditional Generation.To holistically evaluate the performance of ToddlerDiffusion,
we tested it on the widely-used ImageNet dataset, where the condition type is a class label. Due to
limited resources, we conducted our experiments on ImageNet-100, a subset of ImageNet containing
100 classes instead of the full 1,000. As shown in Table 1, ToddlerDiffusion performs better than
LDM on key metrics such as FID, KID, Precision, and Recall.

Controllability. We evaluated our editing capabilities against two notable methods: SDEdit (Meng
et al., 2021) and ControlNet (Zhang et al., 2023). As illustrated in Figure 7, SDEdit struggles
when conditioned on binary sketches, which is expected given that it is a training-free approach
designed to operate with conditions closer to the target domain (i.e., RGB images). Consequently,
compared to ControlNet, a training-based method that adds copy of the encoder network, our approach
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Figure 7: Comparison between our
editing capabilities and SDEdit (Meng
et al., 2021). Figure 8: Sketch robustness analysis.

demonstrates superior faithfulness to the sketch condition, consistency across the generated images,
and overall realism. Starting from the converged model train on the CelebHQ dataset for 600 epochs,
we train our method and ControlNet for and additional 50 epochs with the sketch as a condition.
Despite ControlNet's larger model size, our method achieves these improvements without adding
additional parameters. Quantitatively, we achieved an FID score of 7, outperforming SDEdit and
ControlNet, which achieved 15 and 9, respectively.

3.2 ROBUSTNESSANALYSIS

Label Robustness. Beyond these quality comparisons, we also conducted a robustness
analysis to assess our model's behavior when faced with inconsistencies between condi-
tions. Speci�cally, we deliberately provided incorrect class labels for the same sketch.

Figure 9: Our results on the ImageNet dataset. The �rst col-
umn depicts the input sketch. The diagonal (green) represents
the generated output that follows the sketch and the GT label.
The off-diagonal images show the output given the sketch and
inconsistent label. These adversarial labels show our model's
robustness, where the successful cases are in yellow, and the
failure ones are in red.

This mismatched the sketch (geometry) and the desired
class label (style). Despite the inconsistent conditions,
as illustrated by the off-diagonal images in Figure 9,
our model consistently adheres to the geometry de�ned
by the sketch while attempting to match the style of the
misassigned category, demonstrating the robustness of
our approach. Successful cases are highlighted in yel-
low, and even in failure cases (highlighted in red), our
model avoids catastrophic errors, never hallucinating
by completely ignoring either the geometry or the style.
More examples can be seen in Appendix B.3.

Sketch Robustness.To further validate the robustness
of ToddlerDiffusion, we designed an aggressive robust-
ness test aimed at evaluating the model's ability to
handle sketch perturbations. Speci�cally, we generated
three variants of the input sketches using the Structured
Edge (SE) detector (Dollár & Zitnick, 2014), varying
the kernel sizeK to introduce different detail and noise
levels. As shown in Figure 8, our model consistently
demonstrates strong robustness despite these perturbations being absent during training. The left part
of Figure 8 depicts our model's output using the2nd stage only (Sketch to RGB), while the right part
demonstrates the output when using both the2nd and3rd stages. Even with signi�cant variations in
the sketches, ToddlerDiffusion maintains high �delity to both the geometry and style, underscoring
its ability to adapt to unseen input distortions without compromising output quality.

3.3 EDITING CAPABILITIES

Generated Images Editing.In Figure 10, we showcase the editing capabilities starting from a gener-
ated sketch and RGB image (A). Our method allows for the removal of artifacts or unwanted elements,
highlighted in red (B), the addition of new content, shown in yellow (C-D), and modi�cations to
existing content, marked in green (E-F), simply by manipulating the underlying sketch. These consis-
tent edits are supported in unconditional and conditional generation scenarios. While sketch-based
conditional generation naturally lends itself to such control, ToddlerDiffusion extends this capability
to unconditional settings and other conditional models like Text-to-Image. In these cases, we refer
to this property as "interactivity," allowing users to seamlessly edit through intermediate modalities
(sketch and palette) regardless of the original input format, whether class-label or text.
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