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Abstract

We introduce a new task of generating “Illustrated In-
structions”, i.e. visual instructions customized to a user’s
needs. We identify desiderata unique to this task, and for-
malize it through a suite of automatic and human evalua-
tion metrics, designed to measure the validity, consistency,
and efficacy of the generations. We combine the power of
large language models (LLMs) together with strong text-
to-image generation diffusion models to propose a simple
approach called StackedDiffusion, which generates such il-
lustrated instructions given text as input. The resulting
model strongly outperforms baseline approaches and state-
of-the-art multimodal LLMs; and in 30% of cases, users
even prefer it to human-generated articles. Most notably,
it enables various new and exciting applications far beyond
what static articles on the web can provide, such as per-
sonalized instructions complete with intermediate steps and
pictures in response to a user’s individual situation.

1. Introduction
The internet is a vast resource to find answers to all types
of questions. It is often easy to find a webpage or a video
that walks through the exact steps to achieve a user’s goal.
With the rise of Large Language Models (LLMs) trained on
internet-scale data, users can just ask the LLM for instruc-
tions to achieve a goal. This allows the users to get answers
for specific personalized queries for which there may not be
an existing webpage on the internet, e.g., modifying cook-
ing recipes with user specific dietary restrictions. Moreover,
if the users make a mistake when following the instructions,
simple follow-up questions to the LLM can generate alter-
nate instructions, a major advantage over static web search.

In spite of such advantages, LLMs still have one major
limitation – they cannot generate visuals, which are crit-
ical for users to learn from and follow instructions for a
wide range of tasks [6]. Consider, for instance, instructions
that require visual inspection, e.g., a recipe that requires
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Step 1: Brew strong 
coffee; let cool.

Step 2: Preheat the 
oven to 350F. 

Step 3: Prepare cake 
batter as usual. 

Step 4: Mix in the 
coffee; fold in coffee
grounds for texture.

Step 5: Bake for 25-
30 minutes.

Step 6: Cover the 
cake in teal fondant 
for the Seattle flag.

One great way could be to make a coffee-infused cake to honor 
Seattle’s coffee culture, with teal coloring for the Seattle flag. 

How can I bake a cake to celebrate an event in Seattle?

Figure 1. StackedDiffusion generating Illustrated Instructions.
Given a goal (or any textual user input), StackedDiffusion pro-
duces a customized instructional article complete with illustrations
that not only tells the user how to achieve the goal in words, but
also shows the user by providing illustrations.

the user to stir fry onions until golden brown, or searching
for bubbles when a flat tire is submerged under water. An
image accompanying such instructions can make following
them significantly easier. Can we develop methods with the
strengths of LLMs that can also generate such visuals?

In this work, we tackle this challenge, developing mod-
els that can not only tell a user how to accomplish their task,
but also show them how. We define the novel task of Illus-
trated Instructions: creating a set of steps with visualiza-
tions that showcase an approach to solve the user’s task. We
carefully consider the different dimensions of the problem,
laying out three desiderata unique to this setting. To mea-
sure these desiderata, we develop automated metrics based
on prior work in instructional article assessment [67] and
image generation [50].
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We propose a new model to solve the task of Illustrated
Instructions that combines LLMs with a text-to-image dif-
fusion model. We train our model on stacks of instruc-
tional images from websites such as WikiHow. The re-
sulting StackedDiffusion model creates full instructional
articles, complete with customized steps and a sequence
of images uniquely generated to describe those steps. It
leverages large-scale pretrained LLMs and finetuned text-
to-image diffusion models, and employs techniques to ac-
complish the task without the need to introduce any new
learnable parameters. This includes spatial tiling for simul-
taneous multi-image generation, text embedding concate-
nation to reduce information loss in long instructions, and a
new “step-positional encoding” to better demarcate the dif-
ferent steps in the instructions. Thus, StackedDiffusion can
generate useful illustrations even when trained even with
limited instructional data (cf . Figure 7).

We compare StackedDiffusion with various baseline ap-
proaches based on off-the-shelf tools, and find that they all
fall short, even when used in conjunction with one another.
Existing T2I models are incapable of generating visuals di-
rectly from a user query. Even when given more detailed
instructional text, we show that existing T2I models fail to
produce images that are simultaneously faithful to the goal,
the step, and consistent among each other. Given the recent
introduction of multimodal LLMs [1, 28], we also compare
with a recent open-source model, GILL [27], and show such
models also fall short of consistently generating useful visu-
als along with text. We posit that our approach of leveraging
the spatial priors learned by pretrained diffusion models to
generate multiple images together, in conjunction with pre-
trained LLMs, is significantly more compute and data effi-
cient than an approach purely based on next-token predic-
tion, without these priors. Our thorough ablations and hu-
man evaluations show that StackedDiffusion convincingly
surpasses state-of-the-art models. Our final model even out-
performs human-generated articles in 30% of cases, show-
ing the strong potential of our approach.
Contributions: 1) We introduce the novel task of Illus-
trated Instructions, which requires generating a sequence of
images and text that together describe how to achieve a goal
(§ 3 and §§ 5.1 and 5.2), along with desiderata and metrics
for this task; 2) We propose a new approach StackedDif-
fusion for Illustrated Instructions, with novel modifications
to the modeling procedure, enabling generation of visuals
suitable for instructional articles for the first time without
any additional parameters (§ 4); 3) We show that our pro-
posed method achieves strong performance on all metrics,
and confirm that human evaluators prefer it over existing
methods by wide margins–even surpassing ground truth im-
ages in some cases (§§ 5.3 to 5.5); 4) Finally, we showcase
new abilities that StackedDiffusion unlocks, including per-
sonalization, goal suggestion, and error correction, that go

far beyond what is possible with fixed articles (§ 5.6).

2. Related Work
Instructional data, tasks, and methods. In the text do-
main, learning language models on WikiHow [30, 72], has
led to advances in tasks such as summarization [71], com-
monsense procedural knowledge [72, 75], question answer-
ing [11], and hierarchical reasoning [74]. In particular,
Zhang et al. [72] introduce the goal inference task, in which
a model is presented a goal text as input and asked which of
4 candidate steps is one that actually helps achieve that goal,
as well as the analogous step inference task. In the multi-
modal setting, Yang et al. [67] introduce the Visual Goal-
Step Inference (VGSI) dataset and task, which consider ar-
ticles of interleaved text and images. In this task, a model
is again presented goal text as input but is asked which of
4 candidate images is one that actually helps achieve that
goal. They show representations learned on this data aid in
tasks related to instructional videos [39, 58].
Learning representations from multimodal data. Multi-
modal data (including multimodal instructional data, such
as from video [39, 58]) has proven to be a powerful source
of signal for tasks such as zero-shot recognition [25, 47],
text-image and text-video retrieval [3, 9, 16, 17, 34, 36, 37,
40, 60], temporal segmentation [36, 46, 56, 65, 76], activ-
ity localization [9, 33, 36, 63, 65, 77], anticipation [12, 15,
19, 52, 61], question-answering [31, 53, 64], summariza-
tion [41, 42], and even recipe personalization [14].

Existing work on instructional data has centered around
understanding, rather than generation. We instead focus on
the novel setting of generating full multimodal articles com-
plete with text and illustrations.
Generative models. Recent work has examined text-
conditioned visual generation through autogressive [8, 69]
or diffusion models [4, 18, 21, 43, 48, 49, 51]. These ad-
vances have been leveraged to create text and images to-
gether with purely autoregressive [1, 70] or combined ap-
proaches [27]. Concurrent work [2, 57] enables the ca-
pability of generating multiple images together in the au-
toregressive framework, but requires substantial additional
parameters and focus on creating images that adhere solely
to the nearby text rather than enabling consistency. (Similar
issues arise in the text-to-video setting; see Appendix 7.)
StackedDiffusion, on the other hand, leverages the priors
built into the T2I model to obtain consistency without any
additional parameters.

3. Illustrated Instructions
We now formalize our task and the corresponding desider-
ata. The input to the system is a goal text g. As output, we
would like to produce step text si as well as step illustration
Ii for each step i. The step text should be a natural language
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Goal: Make colored ice
Step 1 : Add food 
coloring to water 
until colored.

Step 2 : Place the 
water in the freezer
for 1-5 hours.

Step 3 : Once sure it 
is frozen, remove 
from the freezer.
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Figure 2. Failure modes of a naive approach. A frozen T2I
model is not able to capture both the goal and the step, showing
only one or the other depending on how it is prompted. Further, it
can not produce consistent images, leading to odd changes such as
the color of the ice varying between images.

description of the step, while the step illustrations should be
an image corresponding to the step.

On first glance, one might think that this task is a
straightforward amalgamation of textual instruction gener-
ation and text to image generation. While these tasks are
closely related and necessary substeps towards illustrated
instructions, they are not sufficient. The naive approach–
simply creating step text si from goal text g, and each im-
age Ii individually from each si–fails to recognize the fresh
new challenges that do not exist in either of these two other
tasks. We identify three key requirements for useful illus-
trated illustrations: goal faithfulness, step faithfulness, and
cross-image consistency.

The first requirement is clear: if the images do not relate
to the goal, they cannot be good illustrations. This motivates
the desiderata of goal faithfulness, which requires that each
image faithfully reflects the goal text.

However, goal faithfulness alone is not enough. Con-
sider the first row of images in Figure 2. The images all re-
flect the ultimate goal–creating colored ice–but fail in their
role as step illustrations. This in turn motivates step faith-
fulness, which requires that each image be faithful to the
step text. We see in this example that baseline T2I models
fail dramatically along this metric; every image reflects the
goal rather than the specifics of the step requested.

Finally, the generated images should be consistent with
each other. While the second row of images in Figure 2 are
all faithful to the step text, the color of the ice (and even the
style of the images, cartoon or real) changes between im-
ages. This is jarring and confusing to the reader. This mo-
tivates the final criterion of cross-image consistency, which
requires that each image be consistent with the other images
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Ground Truth User InputLLM

Training

Training

Inference

Inference

Figure 3. Overview of StackedDiffusion. At training time, we
use the given goal and step text, and stack the encoded ground
truth step-images. At inference time, we obtain the goal and step
text from an LLM, and unstack denoised latents to produce the
output images. See § 4 for details and notation.

produced for a particular generation.

4. StackedDiffusion
We propose a new architecture, StackedDiffusion, to over-
come the limitations of existing text-to-image (T2I) ap-
proaches for the task of generating interleaved text and im-
ages for instructional tasks. StackedDiffusion builds upon
T2I models based on latent diffusion models (LDMs) [49],
which are diffusion models [48] that operate on a low-
resolution ‘latent’ encoding of the original images. Our pri-
mary desiderata is that the images generated must be faith-
ful to both the goal and step text. However, in initial experi-
ments we found that simply encoding the goal and step texts
joined together (as strings) leads to an uninformative encod-
ing. For instance, generations conditioned on this combined
text tended to ignore certain steps or the goal. Furthermore,
the length of this combined text will likely exceed the con-
text length limitations of the text encoders [47] commonly
used in T2I models, leading to undesired truncation and in-
formation loss.

Hence, we elect to use a more general approach, appli-
cable to text encoders with any context length. Rather than
encoding the combined goal and step text to obtain the con-
dition, we first separately encode the goal and step texts and
then concatenate the encodings. This allows the model to
learn to use the goal and step text independently, as well
as in combination. We add a ‘step-positional encoding’
�i to this concatenation. It is broadcast across the dimen-
sions pertaining to a particular step, to indicate to the model
where a step begins and ends. �0 denotes the positional
encoding reserved to indicate the goal embedding. Hence,
given a text encoder  , and N steps in a given goal, we
compute the overall text conditioning C as

C =
n
 
 (g) + �0,

Nn

i=1

 (si) + �i

!
(1)

6276



where
f

is the concatenation operation. This is shown
in Figure 3 (top). This design decision is critical to obtain
good goal and step faithfulness.

In addition, independently generating each image does
not achieve the requirement of cross-image consistency
as the model cannot exchange information across im-
ages. Thus, we generate all the Ii images at once, which
allows the model to jointly generate the sequence and
achieve cross-image consistency. The remaining question,
of course, is how to accomplish this simultaneous genera-
tion such that it gives rise to cross-image consistency. Our
key observation is that T2I models already have a strong
prior for consistency within a single image. Could we make
use of this previously-learned knowledge?

We propose a simple method to accomplish this: spa-
tial tiling. As illustrated in Figure 3, the denoising U-Net is
given latents zi corresponding to each of the output images
simultaneously, tiled spatially as if a single image. At train-
ing time, training images are encoded into the latent space
as usual, then reshaped into the tiled format. In detail,

zi = E (Ii) , z =
Nn

i=1

zi (2)

LLDM := Ez,✏sN (0,1),t

h
k✏� ✏✓(z

(t), t, C)k22
i

(3)

where E is the encoder to map the image to the latent space
(for instance, using a VAE [26]), LLDM is the training ob-
jective for the LDM, t denotes a timestep of the diffusion
process, ✏ denotes the noise added at a given timestep, and
✓ denotes the parameters of the learned denoising U-Net. At
inference, we use classifier-free guidance [43] to generate a
latent z̃ given conditioning goal and N step texts. We split
the latent into z̃1, ..., z̃N , and decode into generated im-
ages using a decoder D corresponding to the encoder E , i.e.
Ĩi = D (z̃i). (We opt for tiling along a single spatial dimen-
sion for simplicity, and find that alternative tiling strategies
do not significantly affect performance; see Appendix § 8.)
We refer the reader to the Appendix § 9 and [49] for further
details on LDMs. Given the stacked conditioning and gen-
eration operations, we refer to our final model as Stacked-
Diffusion.

During training, goal and step text are obtained from
ground truth, while at inference, a pretrained LLM is used
to transform arbitrary user input text to an inferred goal and
generated step texts. We describe the LLM inference pro-
cedure and prompt engineering in the Appendix § 10. We
initialize the U-Net using a pretrained T2I model, and fine-
tune all layers when training with the stacked input. Our
stacked conditioning only increases the spatial resolution of
the input to the U-Net for which can be modeled entirely us-
ing the existing parameters (spatial convolutions, attention)
of the U-Net. We use the T2I model’s text encoder ( ), kept
frozen, to encode the goal and step texts.

2 4 6 8
0

0.1

0.2

D
en

si
ty

Figure 4. Illustrated Instructions data. The histogram shows
the distribution of step counts in the data. We find that more than
80% of articles consist of 6 or fewer steps.

Since the spatially stacked latent has a spatial resolution
comparable to the ones used for high resolution image gen-
eration, we encounter issues observed by prior work [32] for
high resolution training. Specifically, [32] finds that high
resolution latents retain substantial information about the
input being noised with typical noise addition schedules,
even at the final diffusion timestep t = T . This results in an
unintentional distribution shift between train time (when all
observed inputs contain signal) and test time (when the first
inputs are pure noise with no signal). We address this by
adjusting the training diffusion noise schedule such that the
signal-to-noise ratio (SNR) at the final diffusion timestep
T is zero [32]. This ensures enough noise is added during
training so as to mitigate this difference between train and
test time usage.
Implementation Details. We build upon a text-to-image la-
tent diffusion model [49] trained on a large in-house image-
text dataset. It leverages a VAE [26] to map the images to
a 4D latent space, with a 8⇥ reduction in spatial resolution.
The U-Net largely follows the implementation from [49],
with minor architectural modifications. As conditioning, it
uses the Flan-T5-XXL text encoder [10]. We train Stacked-
Diffusion for 14000 steps using the AdamW optimizer [35]
with a learning rate of 10�4, weight decay of 0.01, and gra-
dient clipping at `2 norm of 1.0. For classifier-free guid-
ance, we use a conditioning dropout rate of 0.05. We choose
to generate at most N = 6 images simultaneously, because
as we will see in § 5.1, the vast majority of the data avail-
able has 6 or fewer steps. For shorter training sequences,
we pad with empty frames and dummy step texts, and for
longer, we drop the extra steps and images. We ablate this
choice of N in § 5.4. Hence in practice, for batch of 8 sets
of 6 steps at 256px resolution, we get an encoded latent of
8 ⇥ 6 ⇥ 4 ⇥ 32 ⇥ 32. We concatenate the latents spatially
into 8 ⇥ 4 ⇥ (6 ⇤ 32) ⇥ 32. The denoising U-Net is fine-
tuned to denoise these stacked images, leveraging what it
has previously learned about spatial consistency, and adapts
to this new setting. At inference time, steps are generated
using a pretrained LLM [44], prompted to generate at most
N steps (§ 10). To generate illustrations, noise is sampled
in the shape of the tiled latent with N steps, and the steps
generated by the LLM are padded with dummy steps if less
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Goal Faithfulness

Goal: Baking Muffins

Step Faithfulness

Step: Put the muffins in 
the oven

Cross-Image Consistency

Previous 
Image:

Figure 5. Metrics. We introduce three metrics, one for each
desideratum presented in § 3. Goal faithfulness: the second im-
age does not show muffins. Step faithfulness: the second image
does not show the step. Cross-image consistency: the second im-
age shows a different number of meatballs with different visuals.

than N . The resulting noise is denoised using the U-Net as
usual, and finally reshaped to obtain the N output images
upon decoding. See Appendix § 15 for further details.

5. Experiments
We train and evaluate StackedDiffusion on web-based in-
structional data. We compare the generations to multiple es-
tablished baselines and ground truth, using automatic met-
rics and human evaluations. We now describe the data,
metrics, baselines, and the key results. Finally, we demon-
strate some new applications that StackedDiffusion enables,
showing how it goes beyond standard instructional articles.

5.1. Illustrated Instructions Dataset

We introduce a new dataset to train and evaluate models for
the Illustrated Instructions task, by repurposing the Visual
Goal-Step Inference (VGSI) dataset [67]. VGSI consists of
WikiHow articles, each of which have a high-level goal, 6-
10 natural language steps (see Figure 4), and associated im-
age illustrations. We observe that the same data can be used
for generating instructional articles. It can provide signal
for how the goal and step texts should map to output im-
ages, and how images should match with each other.

For evaluation, we construct a held-out set from this
same data. Used directly, however, the data is not well
suited as many of the tasks are too high-level to be use-
ful for consistent illustration. For instance, “How to Start
a Business in North Carolina” may have steps “Brainstorm

Human (") GF (") SF (") CIC (#) FID (#)

T2I (Frozen) 22.0 92.9 43.2 51.3 69.3
T2I (Finetuned) 33.3 78.8 52.4 51.5 53.5

StackedDiffusion (ref) 74.3 61.5 50.7 39.5
Ground Truth 82.5 81.7 73.7 50.6 (N/A)

Table 1. Comparison to baselines. Human evaluation is reported
as win rate vs our full StackedDiffusion model. GF corresponds to
goal faithfulness accuracy, SF to step faithfulness accuracy, CIC to
cross-image consistency, and FID to Fréchet Inception Distance.

ideas” and “Go to the courthouse” that have no shared vi-
sual content. As such, we filter the data for evaluation to the
“Recipes” category, which always has a visually clear end
state and where illustrations must be consistent with each
other. Please see Appendix § 11 for more details.

5.2. Metrics

Having established three desiderata in § 3, we now turn to
the question of how to evaluate them. In addition to evaluat-
ing the quality of images using FID [22], we propose three
metrics, one for each desideratum, that can be used to eval-
uate the faithfulness and consistency of the generated arti-
cle. Finally, given the limitations of automatic metrics for
evaluating generative modeling tasks [55], we use human
evaluations as our primary metric for overall quality. We
illustrate the metrics in Figure 5 and briefly describe them
next. Please see the Appendix § 12 for more details.
Goal Faithfulness (GF) measures how well the generated
image is associated to the goal text. We evaluate this by con-
structing multiple-choice questions (MCQ) as in VGSI [67].
For each generated image, we compare its CLIP similar-
ity [47] with the correct goal text vs the similarity with the
texts of three other randomly selected goals. We compute
the accuracy of the model in choosing the correct goal text.
Step Faithfulness (SF) measures how faithfully the gener-
ated image illustrates the step it aims to depict. An image
should match the text for the step it was made for, more
than other steps. We measure this using CLIP similarity and
a MCQ task similar to goal faithfulness, where the image
should have higher CLIP similarity with the corresponding
step text than the other step texts within the same goal.
Cross-Image Consistency (CIC) evaluates how consistent
the generated images for a goal are with each other and pe-
nalizes jarring inconsistencies across the images, such as
objects changing color or number. For instance, if a particu-
lar set of ingredients are shown for “gather the ingredients,”
then the same ingredients should be shown for “mix the dry
ingredients.” We measure this by computing the average `2
distance between DINO [7] embeddings of the images for
each step, as this considers the similarity of visual (rather
than purely semantic) features. Like prior work [50], we
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Step 1: Place 
the wings into 
the oven for 1 
hour.

Step 2: Mix 
soup base 
powder, milk, 
and water.

Step 3: 
Remove 
wings from 
oven; coat 
with mixture.

Step 4: Place 
back in the 
oven, 
uncovered.

Step 5: Leave 
in oven until 
brown and 
tender.

Step 6: 
Finished.

Goal: How to Bake Turkey Wings
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Figure 6. Baseline comparison. StackedDiffusion images are pre-
ferred overwhelmingly over baselines. The frozen baseline tends
to only produce images showing the goal, while the finetuned
baseline produces images that are more faithful to the step text,
but have no visual features in common.

also found that CLIP features do not work well for image
similarity as they are invariant to critical aspects such as
color, number of objects, style etc. DINO’s self-supervised
pretraining objective leads to features that are sensitive to
the visual aspects particular to an image, rather than being
invariant to aspects not captured by category or language.
Human Evaluation is finally used to confirm that the auto-
mated evaluation corresponds to actual human preferences.
We provide fully rendered articles from each model to hu-
man evaluators on Amazon Mechanical Turk (AMT), and
ask them to choose which article they prefer, or if they are
tied. We then consider the win rate as the proportion for
which a majority of evaluators selected the given method
compared to the articles produced by StackedDiffusion. A
win rate of 50 denotes the methods are tied, whereas < 50
denotes the method is worse than StackedDiffusion.

5.3. Baselines
We now describe some baseline approaches based on exist-
ing state-of-the-art image generation models, and compare
them to StackedDiffusion in Table 1.
T2I (frozen): The most obvious choice for a baseline is
to simply use a pretrained and frozen text-to-image (T2I)
model. We use our in-house T2I model that is also used
to initialize StackedDiffusion. To ensure this baseline
gets same information as StackedDiffusion, we prompt the
model with a concatenation of the goal with each step,
g

f
si, for each i, and produce a single image Ii. The se-

quence then is composed of N independent generations.
We find that these images are faithful to the goal text,

but fail to be faithful to the step text and lack consistency.
The goal faithfulness is substantially higher than even the
ground truth (92.9% vs 81.7%). This is because the model
is not capable of reasoning about what a particular step to-

GF SF CIC

50

60

70

Sc
or

e

20% 40% 60% 80% 100% data

Figure 7. Effect of training data. We find that having more train-
ing data improves StackedDiffusion’s faithfulness and consistency.
However even with 20% data it performs well, thanks to its effec-
tive use of pretrained T2I model weights.

wards a goal should look like. Instead, it simply generates
an image that matches words in the input text, as illustrated
in the first row of Figure 2. This results in all the images
for e.g. “Make Colored Ice” showing the actual finished ice
rather than any of the intermediate steps. In other words,
the step text is eclipsed by the goal text.
T2I (finetuned): We finetune a T2I model with the goal
and step text embeddings concatenated together as the con-
dition, again producing N independent generations. We
find that this model is more faithful to the step text than the
frozen T2I model, but still substantially less than our final
model (52.4% vs 61.5%). This suggests the goal still over-
shadows the step text, but to a lesser extent. The goal faith-
fulness is also lower than for the frozen T2I model, as this
model is trained to create images for steps rather than goals.
The cross-image consistency is low, similar to the frozen
model, as the images are still generated independently.

StackedDiffusion achieves substantially improved step
faithfulness and cross-image consistency, while maintain-
ing high goal faithfulness. We show an illustrative example
in Figure 6. Unlike the baselines, the cross-image consis-
tency is very close to that of the ground truth data; as gen-
erating them together allows for influence between them
during the generation process. We also find that the FID
of our generated images is substantially lower than that of
other models, indicating that our generated images are more
similar to the ground truth data. Finally on human evalua-
tions, StackedDiffusion clearly outperforms them both by a
preference of 78% and 66.6% respectively. Perhaps most
notably, when compared to the ground truth images, human
evaluators still picked StackedDiffusion 18.5% of the times,
suggesting that our model generates some illustrations even
better than the ground truth data. Further baselines can be
found in Appendix § 13, with a comparison of training and
inference costs in Appendix § 14.

5.4. Ablations

Step Count. As discussed in § 4, we elect to use a max-
imum step count of 6 as it allows sufficient data coverage
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Win Rate Win Rate

T2I (Frozen) 33.8 T2I (Finetuned) 34.0
GILL [27]++ 3.9 LLM + CLIP 15.6
Goal Retrieval 33.1 Ground Truth 70.0

Table 2. System-level comparison to prior work. Human eval-
uation results using fully generated outputs. Reported as human
evaluation win rate of the associated method over StackedDiffu-
sion (hence, higher is better for the reported method).

and most articles fall under this value. We find that human
evaluators prefer this model to the shorter step count model
of length 4. It is slightly preferred over the model trained
with a longer step count of 8, likely as there is insufficient
data of long lengths, limiting any advantage that might be
gained in longer length generations.

Baseline 4 Step (") 8 Step (")

6 Step 32.1 46.9

Training data. In Figure 7, we randomly sub-sample vary-
ing proportions of the total data, and train StackedDiffusion
on each of those subsets. As the amount of training data
increases, it generates more faithful and consistent images.
However even with less data it performs well, owing to its
effective use of the pretrained T2I model’s initialization.
Importance of 0SNR. We experiment with the 0SNR tech-
nique [32] due to the high spatial dimensionality of the la-
tents. We find that not using 0SNR results in substantially
reduced step faithfulness, dropping from 61.5% to 52.8%.
Importance of Step-Positional Encoding. We also evalu-
ate the importance of the step-positional encoding, �i. This
gives the model a critical cue for which parts of the con-
dition correspond to which steps. We find that not using
the step-positional encoding results in substantially reduced
step faithfulness as well, dropping from 61.5% to 49.8%.

5.5. Comparison to prior work
The previous metrics were computed with respect to fixed
ground truth goal and step texts to provide direct compar-
isons. However, they do not encompass the full scope of
our model’s capabilities: the flexibility of the generated text
is one of StackedDiffusion’s core strengths. To evaluate in a
closer setting to this real-world usage, we examine the qual-
ity of the articles generated by the full system, where the
steps are generated with a LLM [44]. We perform system-
level comparisons using human evaluators, including the
quality of the generated text and the quality of the images
created from the generated text.

We show our results in Table 2. We first compare to the
baselines introduced in § 5.3, and see results similar to Ta-
ble 1. We see that even with LLM-generated text, Stacked-
Diffusion outperforms baseline T2I based approaches, ei-
ther frozen or finetuned, by more than 66% win-rate.

Step 1: Drain and 
press tofu to remove 
excess  water.

Step 2: Crumble tofu; 
mix with bread crumbs 
and a binding agent.

Step 3: Shape tofu 
mixture into burger 
patties.

There are plenty of tasty vegan burger patty options you could use. Here’s a recipe for 
one great option: vegan tofu patties.

My vegan sister is visiting right now. What can I put in a burger for her that she might like 
instead of a beef patty?

Step 3: Cook over 
medium heat until 
golden brown. 

Figure 8. Personalization. StackedDiffusion enables instructions
personalized far beyond what is possible with preexisting articles.

Additionally, we compare StackedDiffusion to recent
state-of-the-art approaches in multimodal generation, as in
principle those can also produce instructional text combined
with illustrations. Specifically, we compare to GILL [29]–
a model trained to generate sequences of interleaved text
and images. While other similar approaches have been pro-
posed [1, 28], GILL is the best open-source model we could
access. Using GILL directly, however, results in a human
evaluation win rate of 0%. We posit this was for three pri-
mary reasons. First, the GILL model was unable to generate
long enough generations to suffice as an article in compar-
ison to our generations, despite our best efforts in modify-
ing the generation parameters. Secondly, the model often
did not produce any illustrations with the text, although we
tried various prompting tactics. Thirdly, the text or images
produced were often not of high enough quality to actually
reflect the goal or steps. We thus introduce an alternative,
which we call GILL++. This uses the (superior) text pro-
duced by the same language model as in our method, but
passes each step text as input to GILL to generate the cor-
responding image. This results in a human evaluation win
rate of 3.9% against StackedDiffusion. See Appendix § 16
for details on prompting GILL, and our GILL++ baseline.

Next, we compare StackedDiffusion to a retrieval based
approach, denoted by LLM+CLIP. Here we retrieve the
closest image in the training set according to CLIP simi-
larity to each of the steps created by the LLM (with each
concatenated to the goal text, similar to how the frozen
T2I model is used). This retrieval-based metric is not suit-
able for the automated metrics previously introduced as it
is based on the same underlying similarity scores as the au-
tomated metrics, but we introduce it here for human eval-
uation. We find that StackedDiffusion is preferred over-
whelmingly over this retrieval-based approach, despite the
retrieval-based approach using real images from the train-
ing set. Similarly, we compare to another retrieval-based
approach which retrieves the full article with the most sim-
ilar goal text to the input goal, denoted Goal Retrieval.
We find StackedDiffusion strongly outperforms this as well.
These results together suggest that StackedDiffusion is able
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Step 1: Preheat oven 
to 350°F (175°C).

Step 2: Peel, core, 
and slice apples; 
place in a baking dish.

Step 3: Mix sugar, 
cinnamon, and a pinch 
of salt; sprinkle over 
apples.

Step 4: Combine oats, 
flour, brown sugar, and 
butter; crumble over 
apples.

Step 5: Bake for 45 
minutes or until golden 
brown.

Step 6: Serve warm.

If you have a lot of apples, you can turn them into a delicious 
apple crisp. Here's a simple recipe to get you started:

I have a bunch of apples left from apple picking, what can I do 
with them?

Figure 9. Goal suggestion and inference. StackedDiffusion can
suggest what goal might be most relevant given other information.

to generate novel instructional articles that one can not sim-
ply retrieve from the training corpus.

Finally, we compare StackedDiffusion to the ground
truth. Surprisingly again, we find that the human annotators
pick our generations 30% of times even compared to ground
truth. Note that these articles are handwritten and manually
illustrated for the purpose of illustrating these goals. This
shows the strong promise of our proposed approach. We be-
lieve with the rapid improvements in training data and gen-
erative modeling techniques, future iterations of our model
could be indistinguishable or even better than manually cre-
ated illustrated instructional articles.

5.6. Applications
Perhaps the biggest strength of a generative approach is its
ability to handle unique user queries that may not fit into the
boundaries posed by static articles on the web. Hence, we
demonstrate the capabilities of the full system, combining
the strengths of text generation capabilities from the lan-
guage model with StackedDiffusion.
Personalized instruction. A user can provide any situa-
tional information specific to their circumstances and obtain
an article customized to that situation. This is not possible
with fixed, existing articles. For example, in Figure 8, the
user can specify a diet and obtain an article for the food they
want that adheres to that diet.
Goal suggestion. As StackedDiffusion accepts flexible in-
put text, a user can provide higher-level information about

Step 1: Determine the 
amount of salt 
needed.

Step 2: Dissolve the 
salt in a small amount 
of warm water.

Step 3: Flatten the 
dough into a rectangle.

Step 4: Spread the 
salt over the dough.

Step 5: Fold and 
knead the dough to 
distribute.

Step 6: Proceed with 
the original bread 
recipe.

If you’re at the kneading step, don't worry—you can still 
incorporate it into the dough with more kneading. Here’s how:

Oh no! I’m making bread and forgot to add salt when I made the 
dough! I’m at the kneading step.

Figure 10. Error correction. StackedDiffusion provides updated
instructions in response to unexpected situations, like a user error.

what they want to do and obtain an article with a suggested
specific goal that matches what the user would like to do.
In Figure 9, the user describes their situation (having many
apples) and StackedDiffusion suggests a goal that matches
their situation (making apple crisps).
Error correction. Oftentimes, a user in the course of per-
forming a task may make a mistake. Fixed articles provide
no avenue for recourse. However, StackedDiffusion can
adapt to user error and create alternative instructions that
best correct for and accomodate the user’s situation. See
Figure 10 for an example of this. A fixed article would not
provide any alternative paths that adapt as the user performs
the action. This highlights the new avenues opened up by
our generative approach to this task.

6. Limitations and Conclusions

While StackedDiffusion achieves strong performance in
generating Illustrated Instructions, we note that there still
remains a gap with ground truth data. Future work might
examine how to obtain instructional data at greater scale
and how this influences StackedDiffusion. Leveraging the
latest T2I architectures to improve the faithfulness and qual-
ity of our generations would be another promising avenue
for future work. Finally, leveraging improvements in text-
to-video techniques to generate video clips describing each
step would further improve the usability of such a system.
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