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Abstract

While diffusion models produce high-quality
images, they often lack consistency in se-
quences, especially for non-linear visual se-
quences. To solve this, we introduce an
inference-time scaling beam search strategy for
latent space exploration, enabling the condi-
tional generation of coherent image sequences
through beam search diffusion. In contrast to
earlier methods that rely on fixed latent priors,
our method dynamically samples past latents
to search for an optimal sequence of latent rep-
resentations, ensuring coherent visual transi-
tions. As the latent denoising space is explored,
the beam search graph is pruned with a cross-
attention mechanism that efficiently scores
search paths, prioritizing alignment with both
textual prompts and visual context. Human and
automatic evaluations confirm that BeamDiffu-
sion outperforms other baseline methods, pro-
ducing full sequences with superior coherence,
visual continuity, and textual alignment.

1 Introduction

Image diffusion models (Sohl-Dickstein et al.,
2015; Ho et al., 2020; Song et al., 2021) have
made significant advancements in generating high-
quality images. These models, especially when
combined with text prompts, have shown great po-
tential in producing detailed and contextually ac-
curate visuals (Rombach et al., 2022; Podell et al.,
2024; Saharia et al., 2022). Despite the impres-
sive results at generating individual images based
on specific text prompts, diffusion models face
challenges when it comes to creating coherent se-
quences of images. In most cases, each image is
generated independently based on its own prompt,
which does not naturally ensure visual continuity
across a sequence of correlated prompts. This prob-
lem is further compounded when the narrative is

'Code and data are released under CC-BY 4.0 at
https://huggingface.co/Gui28F/BeamDiffusion.
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Figure 1: BeamDiffusion leverages search in the latent
denoising space to generate a coherent sequence of im-
ages from stepwise text instructions. By conditioning
each image I; on prior latents s;, the model forms a
continuous information chain. It uses a pruning process
to discard poor candidates and propagate only the best
latents to the next step.

non-linear, where a scene may be connected not
only to the immediate prior scene but also to earlier
scenes in the sequence.

We propose to research beam search as a sci-
entifically well-grounded solution to this problem.
Beam search is a core text generation technique for
tasks like machine translation and standard infer-
ence (Kasai et al., 2024; Wu et al., 2016; Koehn
and Knowles, 2017; Rush et al., 2015), allowing
the model to explore multiple possible paths dur-
ing the generation process, evaluating different tra-
jectories and refining its predictions. However,
despite its success in other domains, it has been
barely explored in this context, leaving its poten-
tial untapped. In full image sequence generation,
beam search could help navigate the complex latent
space, refining coherence by adjusting to multiple
text prompts or adding semantic cues, as illustrated
in Figure 1. In this work, we revisit the latent
diffusion framework with a focus on structured se-
quence generation. We aim to dynamizally sample
the latent space of past diffusion processes and
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propose the BeamDiffusion method for improv-
ing multi-image visual consistency by leveraging
shared latent representations in a principled way.
BeamDiffusion explores the latent denoising tra-
jectories with a beam search strategy for ensuring
a conditional dependency between diffusion pro-
cesses. As illustrated in Figure 2a, our approach
leverages a sampling strategy in the latent space to
identify the best sequence of images, minimizing
the risk of falling into suboptimal or incoherent
paths, while maintaining visual continuity across
images. As the beam diffusion algorithm traverses
the latent space, the number of hypothesis grows
and the search paths with the lowest probability
are pruned to keep a fixed number of candidate
paths. To this end, we incorporate a cross-attention
mechanism (Lin et al., 2022) that evaluates and
scores candidate image paths based on their align-
ment, providing a reliable quality measure for each
path, allowing us to retain the best ones while prun-
ing the least likely. To test the generalization and
robustness of BeamDiffusion, we evaluated it in
two diffusion architectures (LDM (Rombach et al.,
2022) and DiT (black-forest labs, 2024)) and two
domains (recipes and visual storytelling domains).
Results obtained with human annotations, auto-
matic evaluations and LLM-as-a-judge, all showed
that the proposed approach outperforms baseline
methods for generated sequence quality, showcas-
ing its adaptability to diverse contexts.

2 Related Work

Decoding methods are crucial for enhancing the
quality of large language models (LLMs). Tech-
niques such as beam search, top-k and nucleus
sampling are widely studied for their effectiveness
in balancing computational cost with generating
coherent outputs (Shi et al., 2024; Holtzman et al.,
2020a; Furniturewala et al., 2024). Beam search
has also proven effective in tasks like machine
translation (Meister et al., 2022), image caption-
ing (Vijayakumar et al., 2018; Ke et al., 2019), and
visual storytelling (Hsu et al., 2018).

Ensuring coherence remains a major challenge
in multimodal sequence generation (Geyer et al.,
2024; Liu et al., 2024b; Chen et al., 2024; Khacha-
tryan et al., 2023). Some approaches, like AR-
LDM (Pan et al., 2024), encode the context of
caption-image pairs into multimodal representa-
tions to maintain consistency across outputs. Like-
wise, Rahman et al. (2023) incorporates the history

of U-net (Ronneberger et al., 2015; Salimans et al.,
2017) latent vectors to preserve narrative coherence.
Other approaches, such as Gill (Koh et al., 2023),
combine LLMs with image encoder-decoder sys-
tems. StoryDiffusion (Zhou et al., 2024), changes
the U-Net’s cross-attention mechanism enabling
training-free consistency by sampling tokens from
previous images to maintain coherence in newly
generated frames. StoryGen (Liu et al., 2024a) de-
noises the previous image and the resulting features
serve as conditioning for the subsequent generation
of images. GenHowTo (Soucek et al., 2024) uses a
control net during inference to project the previous
image directly into the latent space to guide the
diffusion process for the next image step. Stacked-
Diffusion (Menon et al., 2024) processes stacked
image sequences as a single latent representation
allowing the attention mechanism to consider all
steps together, enhancing coherence across steps.
In (Bordalo et al., 2024), authors proposed to use
latent information from previous steps to guide co-
herent generation of subsequent images relying on
a greedy heuristic-based selection. CoSeD (Ramos
et al., 2025) improved on this idea and introduced a
contrastive learning approach (Chen et al., 2020) to
rank images generated from different latent seeds.
However, both approaches focused on local refine-
ments rather than optimizing throughout the se-
quence. Our beam search approach extends these
local selection criteria to perform global optimiza-
tion. While effective for certain tasks, these models
suffer from alignment issues, with retrieved or gen-
erated images failing to match the narrative context,
and they too often require complex training.

Our method addresses these previous constraints
by maintaining image sequences’ consistency via
a beam search for optimal seeds, similar to meth-
ods such as (Singhal et al., 2025) that view image
generation as a search process.

3 Generating Non-Linear Visual
Sequences

Generating a full sequence of visually coherent im-
ages from textual scene descriptions is a challeng-
ing research problem. Given a sequence of steps
S = {s1,s2,...,sr}, where each sequence step s;
is a textual description, our goal is to generate a
corresponding sequence of images {I1, Io, ..., I}
that maintain consistency across all steps of the
sequence. Diffusion Models generate high-quality
images in a compressed latent space, but typically
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Figure 2: The BeamDiffusion model works in the denoising latent space by denoising the initial seed to latents and
them decoding different beam paths. This shows how our method evolves in the latent space and how it can explore

the latent space.

treat each image independently from a randomly
initialized latent zp.

Within this framework, Latent Diffusion Mod-
els (LDMs) (Rombach et al., 2022) and Diffusion
Transformers (DiTs) (Peebles and Xie, 2023) share
a common structure: both encode an input image
I into a latent representation z using an encoder &£
and reconstruct it through a decoder D (Rombach
et al., 2022). The reverse diffusion process is per-
formed by a denoising backbone €y, which can be a
U-Net (Ronneberger et al., 2015) (for LDMs) or a
transformer (Peebles and Xie, 2023) (for DiT), and
incorporates cross-attention to condition the denois-
ing iterations on an external input, e.g., the output
embeddings of a text encoder 74(s). Both models
are trained to iteratively estimate a denoised latent
with the loss:

Lyitt = Ee(rys,e~no,1).e |6 — €0 (ze,t,m0(s)) 5] (1)

This formulation highlights that each denoising
process is agnostic to other generations, making
it challenging to maintain coherence across a se-
quence of related prompts. This is particularly
important in non-linear narratives (Smilevski et al.,
2018), where preserving character identity, lighting,
and environmental details is crucial. To address
these challenges, prior work (Rahman et al., 2023;
Liu et al., 2024a; Soucek et al., 2024; Bordalo et al.,

2024; Ramos et al., 2025) has proposed reusing la-
tent denoising iterations from earlier steps, raising
the key question: how can we determine the opti-
mal set of latent states that maximizes coherence
across different generations?

In the following subsections, we introduce
BeamDiffusion (Sec. 3.1), detail latent space explo-
ration with diffusion beams (Sec. 3.2), and outline
our beam pruning strategy (Sec. 3.3).

3.1 Beam Diffusion Model

To address the limitations of standard diffusion
models in generating coherent image sequences,
we introduce the BeamDiffusion model. The pro-
posed approach aims to enhance both the consis-
tency and quality of image sequences by adopting
a strategy inspired by beam search, but with a twist,
it operates on latent denoising space. BeamDiffu-
sion incorporates latent representations from pre-
viously generated images, Figure 2a. These latent
representations guide the generation of new candi-
dates, ensuring that each new image aligns with the
context of the evolving sequence. This approach
allows visual elements from previous images to be
carried over or referenced, maintaining contextual
consistency and continuity, while also adapting to
the next scene description.

In this article, the term step refers to an element
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in the input sequence; and the term iteration refers
to one denoising iteration of the diffusion model.

3.2 Latent Space Exploration with Diffusion
Beams

To generate coherent and diverse image sequences,
we explore the latent space of diffusion models
using a beam search-inspired strategy. For each
sequence step j we generate a set of candidate
images Z; = {I;l), I](2), ...}, where each Ij(k) is
conditioned on a different beam path.

Sampling the Denoising Latent Space. In our
approach, the denoising process for each sequence
step is conditioned by representations from prior
steps, helping the model maintain coherence across
the sequence. In the first step of the sequence,
51, we generate multiple candidate images by run-
ning the diffusion process with r random noise
seeds. This strategy enables broader exploration of
the latent space and reduces Bayes risk (Bertsch
et al., 2023), as detailed in Appendix D. For every
generation process corresponding to a sequence
step s;, we store the first NV latent space vectors
2 = {2it}tecq1,..., N} produced during the denois-
ing iterations. On each step prompt s;~1 we need
to generate diverse samples that (a) explore differ-
ent denoising trajectories in the latent space, and
(b) are strongly correlated with previous samples.
Leveraging the stored latent space vectors, we sam-
ple the latent subspace of n previous denoising
processes. Hence, for steps j > 1, to enable con-
textual consistency, we first accumulate representa-
tions from the previous m steps:

2= Uie{j—m ];1}{21'}- (2)

~~~~~

To generate new candidate images 7; =
{I](.l), . ,IJ(.k), .. ,I](.N'm)} at step j, we condi-
tion the diffusion model on the latent trajectories in
Z;. Specifically, for each latent trajectory z € Z;,
the model performs a new diffusion process to pro-

duce a corresponding image candidate [ ](.k).

Diffusion @ Beams. Inspired by  beam
search (Wiseman and Rush, 2016), which
maintains and extends the most promising candi-
dates at each sequence step, we introduce diffusion
beams to structure sequential image generation. At
each sequence step j, the set of candidate images
Z; is used to compute the set of candidate diffusion
beams Ej: for each step j we consider all the
beams existing in step 7 — 1 and extend each one

of such b beams Bj(li)l by pairing it with a new

candidate image [/ J(k) € Z;. The resulting beams
are defined as

; A (b bk bk
Bi =Uwr {B]('—)l @IJ(' ) |IJ( )EIj}a (3

where @ denotes the concatenation of a prior beam
with a new candidate image, and (b - k) indexes

the pairing of beam b and candidate image I ](-k).

This process builds a tree of candidate sequences,
enabling the model to explore diverse yet coherent
visual narratives over time.

3.3 Pruning Diffusion Beam Paths

Tracking multiple diffusion beams enables BeamD-
iffusion to maintain visual coherence while explor-
ing diverse continuations across a sequence. How-
ever, as the sequence length increases, the number
of candidate beams grows rapidly, making it com-
putationally infeasible to retain them all. To ad-
dress this, we apply a pruning strategy based on a
learned contrastive scoring function, which allows
us to retain only the most promising beams while
preserving diversity.

At each sequence step j, we construct a set of
candidate beams B;. Each candidate beam BJ(-b)
is formed by extending a beam from the previous
step B§li)1 with a newly generated image [ ](k). A
complete candidate beam at step j is a sequence of
images B’](.b) = [I{b), IQ(b), e ,Ij(b)], one per step.
To evaluate the overall quality of a beam, we use a
contrastive classifier (Ramos et al., 2025), denoted
by ¢, which is trained as described in Appendix L.
Specifically, for each image [ Z-(b) in the beam, the
classifier (o computes a compatibility score based
on the image’s prompt s; and the previous images
in the beam Bl@l, which includes earlier images
and prompts in the same beam. The total beam
score is then the sum of these per-image scores
over all sequence steps up to j:

®) . b
score(B") = 7_, log exp(e(1” 50, 5{))
J i=1 Yiter; CXP(%’(I;vSivBE?l)) ’

C)
where Z; is the set of all candidate images at se-
quence step 7. The contrastive formulation ensures
that each image is evaluated not in isolation, but
relative to other candidates, capturing how well it
fits the evolving sequence context.

Once scored, we prune the beam candidates by
selecting the top w scoring beams:

Bj = argmaxy g5 |—w (Z;ﬂ:l score(B](,i))) , 9
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where Bj denotes the final set of retained beams
for sequence step j. To balance exploration and
efficiency, pruning is disabled for the initial steps,
allowing all candidates to be retained initially. Af-
ter a few step, we apply pruning to keep only the top
w beams. This strategy ensures wide exploration
early on and focused, high-quality continuation in
later sequence steps.

4 Experimental Setup

In this section, we describe the experimental setup
for evaluating BeamDiffusion’s performance in
generating coherent image sequences.

Implementation details. To ensure visual conti-
nuity across generations, BeamDiffusion replaces
random seed initialization with a latent buffering
strategy, caching early latents in a dedicated buffer
and resuming the denoising process from these
stored states to establish a continuous path across
the sequence. Beam Diffusion remains agnostic to
the specific pruning classifier used, requiring only
that the model be trained for next-image predic-
tion. For our implementation, we utilize the pub-
licly available cross-attention classifier by (Ramos
et al., 2025), which effectively scores candidate
sequences by processing their integrated CLIP-T
and CLIP-I path representations.

Decoding strategies. Our proposed method,
BeamDiffusion, uses a beam search over latent
sequences to generate coherent image sequences
from textual prompts. To evaluate the effective-
ness of this decoding strategy, we also compare
it against two alternative approaches applied to
the same model: Greedy / CoSeD;.,,—1 (Ramos
et al., 2025), which selects at each step the top-
scoring image according to CLIP similarity from
the first few latents of the previous step, focusing
on immediate best-match selection; and Nucleus
Sampling (Holtzman et al., 2020b), a probabilistic
strategy that samples images from the subset whose
cumulative CLIP probability exceeds a threshold p,
encouraging diversity while still prioritizing high-
probability outcomes. All strategies are applied
to the same sequences using two underlying dif-
fusion backbones, FLUX.1-dev (black-forest labs,
2024) and SD2.1 (Rombach et al., 2022), allow-
ing a direct comparison of their ability to maintain
sequence-level coherence across different models.

Datasets. We used publicly available manual
tasks in the Recipes domain (Bordalo et al., 2024),

along with a small portion of the Visual Storytelling
(VIST) dataset (Huang et al., 2016), using an equal
number of tasks from each. Recipes provide de-
tailed, step-by-step instructions, while the sampled
VIST tasks offer additional diversity for training
the classifier. This combination allows us to evalu-
ate BeamDiffusion’s performance on both familiar
and novel task types. Together, these datasets en-
able a thorough assessment of sequence coherence,
semantic alignment, and visual consistency. More
details can be found in Appendix F.

Baselines. To assess the performance of BeamD-
iffusion, we compared against several competi-
tive baselines that aim to generate coherent image
sequences from text: GILL (Koh et al., 2023),
StackedDiffusion (Menon et al., 2024), StoryDif-
fusion (Zhou et al., 2024), and One-Prompt-One-
Story (1P1S) (Liu et al., 2025).

Human Evaluation. To find the optimal hyper-
parameters, the annotators compared pairs of beam
search configurations to select the optimal beam
width (w in Eq. 5) and steps back (m in Eq. 2).
The winning configuration is selected iteratively
by comparing different configurations and preserv-
ing always the better one. See Appendix B for the
detailed results. Having chosen the optimal con-
figuration, we compared BeamDiffusion to other
methods. In the second annotation experiment,
BeamDiffusion was compared with other baseline
models. Annotators independently assessed the
sequences, selecting the best method according to
semantic and visual consistency with the possibility
of choosing multiple options or none. For further
information, see Appendix E.

LLM-as-a-judge Evaluation. To further vali-
date our findings and annotate a wider range of
tasks, we adopt the LLM-as-a-judge paradigm,
leveraging Gemini, to evaluate both configurations
and baselines. In Appendix E we detail how the
selection process is aligned with human annotators.

Human and LLM-as-a-judge Agreement. We
conducted an alignment assessment to measure
agreement between human annotators and the
LLM-as-a-judge. Seven annotators rated 26 tasks,
which we compared to the model’s evaluations.
To quantify the agreement between the two, we
computed Fleiss’ kappa (Fleiss, 1971), obtaining
a value of 70%, which indicates a substantial level
of agreement. Building on this strong alignment,
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we employed the LLM-as-a-judge to evaluate the
remaining sequences.

Automatic Metrics. Following prior work (Bor-
dalo et al.,, 2024; Ramos et al., 2025; Liu
et al.,, 2024a), we evaluate each method using
two complementary criteria: (1) Visual Consis-
tency, measured via average image similarity us-
ing DINO (Oquab et al., 2024) (DINO-I) and
CLIP (Radford et al., 2021) (CLIP-I); and (2) Se-
mantic Alignment, computed with CLIP (CLIP-T)
by comparing each image to the average of all step
texts up to and including that step. To ensure com-
parability across metrics, we normalize CLIP-I,
CLIP-T, and DINO-I by their respective maxima.
We further define CLIP* as the product of CLIP-I
and CLIP-T, and DINO* as the product of DINO-I
and CLIP-T, balancing visual and semantic qual-
ity while emphasizing alignment with the stepwise
input text. To better capture real performance, the
results for DINO-I, CLIP-1, CLIP-T, CLIP*, and
DINO* are reported as win percentages rather than
mean values. This avoids overestimating meth-
ods that perform very well on some sequences but
poorly on others, which could otherwise produce ar-
tificially high averages despite inconsistent quality.
In addition, we adopt metrics from StackedDiffu-
sion (Menon et al., 2024) to evaluate task-specific
aspects of the generated sequences: Goal Faithful-
ness, measuring alignment of the final image with
the overall textual goal; Step Faithfulness, measur-
ing alignment of each intermediate image with its
corresponding step text; and Cross-Image Consis-
tency, capturing visual coherence across images in
the sequence. These metrics complement the previ-
ous ones by explicitly assessing semantic fidelity
and sequence-level consistency. See Appendix E
for further details.

5 Results and Discussion

In this section, we evaluate the effectiveness of
BeamDiffusion through three complementary ap-
proaches: human evaluations, LLM-as-a-judge,
and automatic metrics. Additional details on the
annotation setup are provided in Appendix E.

5.1 Test-time Scaling Methods

To evaluate the effectiveness of different

decoding strategies, we compare our pro-
posed method,  BeamDiffusion,  against
Greedy/CoSeDje,—1  (Ramos et al., 2025)

and Nucleus Sampling (Holtzman et al., 2020b)

using the same sequences of prompts with two
types of diffusion backbones.

Table 1: Comparison of human (H) and LLM-as-a-judge
(L) evaluations of decoding strategies across two back-
bones.

FLUX.1-dev SD2.1
Method H (%) L (%) H (%) L (%)
Greedy/CoSeDye,,—1 | 16.35  10.00 11.11  10.00
Nucleus Sampling 24.04 16.67 3333  26.67
BeamDiffusion 59.61 73.33 55.56  63.33

As shown in Table 1, BeamDiffusion consis-
tently achieves the highest preference scores ac-
cording to both human annotators (H) and LLM-as-
a-judge (L). In particular, BeamDiffusion substan-
tially outperforms Greedy decoding and Nucleus
Sampling, indicating that beam-based decoding
produces sequences that are not only more coher-
ent but also better aligned with human and auto-
matic judgments. While Nucleus Sampling im-
proves over Greedy decoding by encouraging di-
versity, its performance remains notably below that
of BeamDiffusion in both evaluation settings. The
agreement between H and L further strengthens the
evidence for the robustness of our decoding strat-
egy. Given these results, we adopt BeamDiffusion
as our default decoding method in subsequent ex-
periments (see Appendix C.3 for qualitative and
automatic evaluation results and Appendix B for
hyperparameter configurations). Table 1 also com-
pares two diffusion architectures: Stable Diffusion
(SD2.1) and Diffusion in Transformers (FLUX-1-
dev). BeamDuffusion exhibits consistent perfor-
mance with both architecture, with Diffusion in
Transformers outperforming SD2.1. Hence, in the
following experiments we will use the Diffusion in
Transformers architecture.

5.2 Comparison to Training-time Methods

Human Evaluation.  Table 2 compares the
sequence generation methods on both the Recipes
and VIST datasets. BeamDiffusion dominates in
both domains, leading Recipes with 64.52% (H)
and 73.33% (L), and VIST with 41.10% (H) and
48.28% (L). StoryDiffusion consistently ranks sec-
ond, with 22.58% (H) and 20.00% (L) in Recipes,
and 36.99% (H) and 41.38% (L) in VIST. In con-
trast, 1P1S receives moderate preference (12.90%
H in Recipes, 19.18% H in VIST), while GILL and
StackedDiffusion record the lowest selection rates.

These results show that BeamDiffusion achieves
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Table 2: Frequency of method selection by human an-
notators (H) and the LL.M-as-a-judge (L).

Recipes VIST
Method H (%) L (%) H (%) L (%)
GILL 0.00 0.00 2.74 0.00
StackedDiffusion | 0.00 3.33 0.00 0.00
StoryDiffusion 22.58  20.00 36.99 41.38
1P1S 1290  3.33 19.18 10.34
BeamDiffusion 64.52 73.33 41.10 48.28

the strongest performance across settings, with es-
pecially large margins in Recipes where BeamD-
iffusion surpasses the next-best method by over
40% for human preference. The consistently low
selection rates of GILL and StackedDiffusion high-
light that these methods are rarely preferred by
either humans or LLM-as-a-judge, in contrast to
the stronger performance of BeamDiffusion and
StoryDiffusion. Overall, we conclude that search
and selection strategies enable models to maintain
narrative coherence and quality within complex
domains like VIST.

Automatic Metrics.  Table 3 compares all
methods using metrics that measure sequence qual-
ity, including CLIP-I, DINO-I, CLIP-T, CLIP*,
DINO#*, and Goal Faithfulness (Menon et al.,
2024), Step Faithfulness (Menon et al., 2024), and
Cross-Image Consistency (Menon et al., 2024).
BeamDiffusion achieves the highest combined
scores (CLIP*: 40.00%, DINO*: 30.00%), reflect-
ing strong performance in both visual and semantic
consistency. This is further confirmed by faithful-
ness and consistency metrics, where BeamDiffu-
sion leads in Goal Faithfulness (0.82), Step Faith-
fulness (0.92), and Cross-Image Consistency (0.61).
StoryDiffusion performs well on CLIP-T (35.00%)
and achieves high scores on the alignment met-
rics Goal Faithfulness: 0.78, Step Faithfulness:
0.87, Cross-Image Consistency: 0.61, showing
strong semantic alignment and visual coherence
despite lower combined metrics. 1P1S achieves
the highest DINO-I (30.00%) but lower CLIP-T
(10.00%) and moderate alignment scores, indicat-
ing strong visual consistency but weaker semantic
alignment. StackedDiffusion maintains balanced
performance across CLIP-I, DINO-I, and CLIP*
(around 25.00%) with moderate alignment scores,
while GILL consistently underperforms across both
automatic and alignment metrics.

Overall, the relationships between CLIP-

I/DINO-I and Cross-Image Consistency, and be-
tween CLIP-T and Goal/Step Faithfulness, show
that the combined metrics CLIP* and DINO* reli-
ably reflect both semantic and visual consistency.
Together, these results demonstrate that BeamDiffu-
sion is the most effective method for generating co-
herent and semantically faithful image sequences.

Out-of-domain results Besides the evaluation
report previously, we evaluated BeamDiffusion on
the DIY domain to demonstrate the generalization
of our work. We generated 30 image sequences to
illustrate home improvement tasks and evaluated
it with Humans and an LLM as a judge. Results
in Table 4 confirm that BeamDiffusion generalizes
to a third domain, while out-performing the other
baselines.

5.3 Inference-time Cost Analysis

BeamDiffusion is an inference-time-scaling
method with a fixed and parametrized computa-
tional cost, which does not grow with the sequence
length. This cost is fixed, independent of the
sequence length, and is proportional to the upper
bound on the number of memorized denoising
paths. Hence, the impact of the computational
cost on the method’s performance is analyzed in
Figure 3 as a function of the beam paths memory.
We normalized the costs by the greedy-decoding
method which uses 4 generations per sequence
step (90 secs on an A100). We can observe that
for a low computational cost, BeamDiffusion
exhibits poor performance, reaching a maximum
for a computational cost of 8 beam pahts. Past
this point, the model exhibits diminishing returns:
performance drops as compute increases. This is
likely because extended look-back steps introduce
an overly aggressive smoothing factor that dilutes
the distinctions between distant sequence elements.

30% - 20
25.0% )
—~ 25% 2 15
S g
o 20% 16.7% by
2 7 5 )
= 15% 3 10 P
§ 10% [8:3% 8.3%8.3% =: . /9,9
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[
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4 6 8 12 16 0 4 8 12 16 20
Beam paths Beam paths

Figure 3: Inference-time cost and performance are di-
rectly influenced by beam diffusion search paths.

Inference-time-scaling cost to generate the con-
sidered beam paths, is what allows BeamDiffusion
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Table 3: Comparison of different methods across embedding-based sequence quality metrics. CLIP-I, DINO-I,
CLIP-T, CLIP*, and DINO* are reported as win percentages, while Goal Faithfulness, Step Faithfulness, and
Cross-Image Consistency are reported as absolute scores.

Method CLIP-I DINO-I CLIP-T CLIP* DINO* ‘ Goal Faith.? Step Faith.T Cross-Image Cons.?
GILL 0.00 0.00 0.00 0.00 0.00 0.67 0.52 0.54
StackedDiffusion ~ 0.25 0.25 0.05 0.25 0.25 0.60 0.67 0.57
StoryDiffusion 0.20 0.25 0.35 0.25 0.20 0.78 0.87 0.61
1P1S 25.00 30.00 10.00 10.00 25.00 0.75 0.83 0.57
BeamDiffusion 30.00 20.00 50.00 40.00  30.00 0.82 0.92 0.61
Table 4: Placeholder Caption N —————
Step2 I 33.3%
Method Humans (%) LLM (%)
Step3 N 46.8%
GILL [46] 0.0 20.0 Rand Seed I 15.6%
StackedDiffusion [66] 12.5 15.6 -
Greedy / CoSeD [55] 0.0 233 0% 25%  50%  75%  100%
Nucleus Sampling [67] 37.5 27.7 Step selection frequency
BeamDiffusion 50.0 30.0

to avoid local maxima and steadily approach global
maxima. In the initial steps, it has an early increase
in computational complexity. The search space
grows steadily until it stabilizes when the pruning
strategy (0.012 sec) is applied to retain only the top
candidates, which fixes the complexity on a fixed,
parametrized, value. Detailed results in terms of
steps back and width is provided in Appendix C and
a theoretical analysis is presented in Appendix I.

5.4 BeambDiffusion Space Search Analyis

To analyze how BeamDiffusion explores the latent
space, we analysed (1) the number of times that a
sequence step provides latents for the generation of
subsequent steps of the sequence, and (2) the num-
ber of times a step is selected to generate a future
step. In this experiment we consider sequences of
four steps.

Non-Linear Sequence Denoising Latents from
step 1 were chosen 69.9% of the times they had
a chance of being selected, highlighting the role
of step 1 in shaping the sequence. Selection rates
decrease for later steps, with Step 3 at 46.8%, Step
2 at 33.3%, and the random seed at 15.6%. Earlier
steps, such as Step 1, have more chances of being
chosen, leading to a higher selection rate. Thus, the
percentages reflect how often each step is selected
given the different possibilities for their inclusion,
rather than a simple additive total. This pattern
demonstrates how beam search prioritizes crucial
steps, particularly Step 1, to establish sequence co-

Figure 4: Non-linear steps selection, according to selec-
tion opportunities.

LatentO el 20.0%
0,
mm 11.1% 89.0%

Latent 1
Latent 2
Latent 3
Rand Seed

I 44.4%
s 15.6%

0% 25% 50% 75% 100%

Latent selection frequency

Figure 5: The average number of times that the model
selected a given latent to generate the next image.

herence while strategically weighing intermediate
sequence steps.

Latent Selection Frequencies Following our
evaluation of the impact of latent groups on per-
formance, we now examine the role of individual
latents within the higher-performing group (Latents
0-3). As shown in Figure 5, Latent 3 is selected
most frequently (44.4%), followed by Latent O
(20%), while Latents 1 and 2 are used less often
(11.1% and 8.9%, respectively). This uneven distri-
bution suggests that Latents O and 3 contribute dis-
proportionately to the generation of sequences with
better text alignment. One possible explanation is
that these latents encode more semantically rele-
vant or visually discriminative features that align
well with the text prompts. Their frequent selec-
tion by beam search indicates that these latents are
particularly effective at resolving ambiguities or
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Gently heat cream  Whisk the warm Pour mixture into Bake at Make a caramel

with sugar and cream into the egg  tins, then place in ~ 120°C/250°F for sauce with sugar,
vanilla —don'tletit yolks until smooth.  a water bath. 60 min, cool, then  salt, and water to

boil! chill thoroughly. ~ serve.
GILL

Stackeleffuslon

Figure 6: Example task from the Recipes domain
(“Crema Catalana with salted caramel sauce”).

reinforcing important visual cues during sequence
generation. The lower usage of Latents 1 and 2
may reflect their tendency to encode less salient
or redundant information, which contributes less
to text-conditioned coherence. Interestingly, the
Rand seed, which injects stochasticity into the gen-
eration process, accounts for 15.6% of selections.
This suggests that while beam search primarily ex-
ploits strong latents like O and 3, it also values
diversity. The inclusion of randomized elements al-
lows the search to escape local optima and sample
from alternative yet plausible paths, enhancing the
robustness of the final sequence.

5.5 Qualitative Analysis

To highlight the impact of our approach on seman-
tic and visual consistency, we present two exam-
ples, one from the Recipes domain (Figure 6) and
one from VIST (Figure 7). In the recipe exam-
ple, BeamDiffusion avoids major semantic errors
and maintains consistent object shapes across steps;
for instance, while StoryDiffusion and 1P1S show
inconsistencies in the shape of the tins between
steps 3 and 4, BeamDiffusion preserves them accu-
rately. In the VIST example, BeamDiffusion main-
tains both semantic alignment and visual coherence
throughout the sequence, accurately depicting two
friends and preserving consistent colors and light-
ing across all steps. In contrast, baselines such as
1P1S introduce a temporal inconsistency, shifting

C‘r')
The fireworks
were the best that

1 2 (3) 4
—® ®

The two friends Large crowds had  We had our own The crowd was
went to a new gathered on the little spot on the enjoying the
location. steps of the Lincoln  grass. show, with view of  we had ever
Memorial the Washington seen.
Monument.

GILL

StackedDiffusion

BeambDiffusion

by g M

Figure 7: Example task from the VIST domain ( “Fire-
works - 4th July in Washington, DC”).

from sunset to night and back to sunset, while Sto-
ryDiffusion misinterprets the step text by showing
three individuals instead of two friends.

6 Conclusions

In this paper, we proposed a novel method to ex-
plore the latent diffusion space with a beam search
strategy, to generate image sequences. BeamD-
iffusion explores the latent denoising space and
leverages this strategy to locate optimal denoising
strategies. It is a theoretically sound framework,
drawing on the strengths decoding techniques (Shi
et al., 2024) and search methods, with clear ex-
perimental gains over alternative methods, as we
demonstrated in generating image sequences with
enhanced coherence and consistency.

Experimental results show that effectively bal-
ances textual alignment with visual continuity.
While most methods align images with individual
prompts, our results show that sequence decoding
naturally improves alignment across an entire se-
ries.
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Limitations

This work shows that the latent diffusion space
can be steered, offering more reliable and factual
outputs. The current solution supports non-linear
sequences, but does that on a maximum-likelihood
framework. However, there are cases, where spe-
cific conditions should be enforced. Hence, a pos-
sible improvement would be the the exploration
constraint decoding methods that assess the like-
lihood of each denoise latent with respect to the
target prompt under a specific constraint. Solving
this challenge, would require a non-linear optimiza-
tion procedure.

Exploring the latent denoising space with
BeamDiffusion requires Diffusion Models that pro-
vide access to fine-grain latents across denoising
iterations, where BeamDiffusion still has the oppor-
tunity to steer the reverse diffusion process. The
theoretical complexity of BeamDiffusion is linear
with the number of beams that we configure the
model to explore. The drawback of this strategy
is that exploring the space of hypothesis increases
the computational complexity of the process, dis-
cussed in Appendix G. However, this provides a
solid ground to explore exciting new ideas where
stronger constraints can be enforced in the explored
beams.

Ethical Considerations

Dual-use risk. The method we propose can gen-
erate multiple visual scenes to illustrate a narrative.
Hence, in terms of risks, we acknowledge that our
work could potentially be used to generate false
information.

Annotator welfare. Throughout the project, an-
notators maintained open communication with the
authors. This included an initial discussion to clar-
ify definitions and align on the guidelines. This
collaborative approach was especially valuable be-
cause several annotators are active users of image
generation methods
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A Contextual Scene Descriptions

In many cases, step descriptions alone may lack
context as precise visual prompts. These step de-
scriptions are often interdependent, relying on prior
steps for contextual understanding, or may miss vi-
sual details, e.g. "Put the ice cream in freezer for 1
hour", or actions that involve multiple tasks, such
as "Slice the tomatoes, grate the cheese, and stir
the sauce”. To address this challenge, we lever-
age Gemini (Reid et al., 2024), specifically the
Gemini 1.5 Flash model, to refine step descriptions
into visually detailed prompts while considering
sequence context. Specifically, Gemini produces a
contextualized caption c; based on the current step
description s; and all preceding steps as follows:

,8j—1}) (6)

cj = P(sjl{s1,82,. .

Following this approach we can improve image
generation prompts by maintaining consistency and
preserving the dependencies between sequential
steps.

B Best Beam Search Configuration

The hyperparameters beam width (w in Eq. 5) and
steps back (m in Eq. 2), play a crucial role in the
performance of BeamDiffusion. In this section,
we report an exaustive evaluation on how differ-
ent beam widths (2, 3, 4, and 6) and steps back
(2, 3, and 4) improve the latent selection and the
overall quality of the generation. A more detailed
discussion on the impact of the latents selection is
provided in Appendix C.

We first perform human annotations on a set
of sequences to identify the optimal beam search
configuration, see Appendix E for details. To de-
termine the best configuration, annotations were
used to discard non-optimal configurations. The
results in Table 5 showed that the best performing
configuration was 2 steps back with a beam width
of 4, achieving a selection rate of 25%. Other con-
figurations, such as 3 steps back with a beam width
of 2 and 4 steps back with a beam width of 2, also
showed a strong performance (16.67%), but none
outperformed the 2 steps back and beam width of 4
configuration. The configurations with beam width
6 performed the worst in all the settings tested.

To verify the reliability of our findings, the LLM-
as-a-judge was applied to six tasks, yielding an 85%
Fleiss’ Kappa agreement (Fleiss, 1971), reflecting
near-perfect alignment. The extended LL.M-as-a-
judge evaluation (Table 6) confirmed that the opti-

mal configuration, 2 steps back with a beam width
of 4, remained best, reaching a 48.57% selection
rate compared to 33.33% in the initial six-task eval-
uation. Further, the configuration with 3 steps back
and a beam width of 2 still performed well, yielding
a 28.57% selection rate, confirming its robustness
as an alternative. However, larger beam widths,
such as beam width 6, continued to underperform,
reinforcing that, in this task, a higher beam width
does not always improve performance.

C Impact of Latent Selection on Beam
Search Performance

Latent selection plays a crucial role in determin-
ing the quality and coherence of image sequences
generated through beam search. By analyzing how
different latent groups contribute to generation per-
formance, we can better understand their impact
on semantic alignment and visual coherence.

This aligns with recent work on interpreting
diffusion models. For example, Pont-Tuset et al.
(2020) ground textual descriptions in image re-
gions, while Tang et al. (2023) and Dewan et al.
(2024) explore how textual prompts influence gen-
eration through attention analysis and partial in-
formation decomposition. In contrast, our method
contributes to interpretability by examining how la-
tent space traversal, guided by beam search, affects
the generation of coherent, semantically aligned
image sequences.

To systematically investigate this, we evaluate
several sequences, each consisting of four steps,
allowing us to assess the effects of latent selec-
tion across a diverse set of sequences. Using both
automatic evaluation and human annotations, we
analyze different latent configurations to determine
which groups contribute most to generating coher-
ent and semantically meaningful sequences.

C.1 Non-Linear Sequence Denoising

Following the initial analysis of beam search con-
figurations (Appendix B), where we used latent
indexes 0, 1, 2, and 3, we further investigated the
impact of using different latent configurations on
the generated sequences. While latents 0, 1, 2, and
3 show promising results, latents 1, 3, 5, and 7
exhibit significantly poorer performance. In partic-
ular, beam search configurations for these under-
performing latents result in very limited selection
rates, indicating they are rarely chosen in both hu-
man and LLM-as-a-judge annotations. For human

44899



Table 5: Influence of different hyperparameter val-
ues according to human annotations.

Steps Beam Width

Back > 3 4 %
2 833 833 25.00 8.33
3 16.67 - - -
4 16.67 8.33 8.33 -

annotations across 6 tasks, the only configuration
that yielded any selection was the one with 4 steps
back and a beam width of 3, achieving a selection
rate of 8.33%. All other configurations resulted
in 0% selection. In contrast, none of the configu-
rations showed any non-zero selection rate under
LLM-as-a-judge annotations, reinforcing the lack
of preference for these latents.

>—(4) >
ZJ
Remove pita bread
from oven and fill with

yogurt sauce,

Halve pomegranate,  Heat olive oil in a pan Thinly slice lamb

deseed, and set over medium-high fillet.

aside. heat. Season lamb
with salt and pepper pomegranate seeds,
and sear for approx. 2 toasted pistachios, and
min. thinly sliced lamb.

EXE

Heat over medium  Ladle soup into the
high heat and stir bread bowl. Finely
everything together.  chop some Fresh
Heat to a boil, and it  Parsley and/or Fresh
is ready to serve. Chives for garnish.

Cut the upper half off Add the Campbell's
the Bread Boule. New England Clam
Carve out the bread ~ Chowder, Milk and
from the bottom half ~ Cream into a pan.
to form a bowl.

Figure 8: Impact of using late-index latents configura-
tions on sequences generation.

Similarly, for LLM-as-a-judge annotations eval-
uated on the same 6 sequences, the configurations
do not yield any notable results, with no selection
rates. When the evaluation is extended to 35 se-
quences, the performance for latents 1, 3, 5, and 7
remains sparse, with a single configuration (2 steps
back, beam width of 3) being selected, with a selec-
tion rate of 2.86%. Figure 8 visually demonstrates
the poor results, where the images appear nearly
identical, further supporting the findings of limited
diversity and low performance, which aligns with
the findings of (Ramos et al., 2025; Bordalo et al.,
2024).

Table 6: Influence of different hyperparameter val-
ues according to LLM-as-a-judge annotations.

Steps Beam Width
Back
2 3 4 6
2 571 286 48.57 5.71
3 28.57 - 2.86 -
4 - - 286 -

—® 2 3 a 5 —®——>
Sweet Garlic, Toasted Sautéed  Mashed Spoon
potatoes lemon, and  pine nuts. garlicand baked spinach and
ready for ~ pomegranate spinach sweet pine nuts
baking. prepared with pine  potatoes. onto

nuts. potatoes, add
lemon and
yogurt, and
finish with
pomegranate.
Ly sy

Y
Latents . ‘ -~ a 2
from step 1 | _ ¥
- *). g2 T
i |

Latents . ‘
from step 1, |

2,3and4 h !

Latents
from step 1,
2 3,4 and

Latents
from step 1
and 2

Latents
from step 1,
2and3

Figure 9: Visual comparison of sequences generated
with increasing cumulative latent access. Each row
shows a sequence generated using latents from only
the first step, the first two steps, and so on, up to all
previous steps. The bottom row shows the result from
BeamDiffusion, which uses latents from only the two
preceding steps.

C.2 Effect of Cumulative Latent Access

To better understand the role of latent reuse across
generation steps, we study how access to latents
from previous steps influences sequence quality.
We conduct an ablation study in which we constrain
the set of available latents throughout sequence gen-
eration, ranging from using only the latent from the
first step, to progressively including latents from
additional steps, up to full cumulative access to all
previous steps. We further compare these settings
with BeamDiffusion, which conditions only on the
two most recent steps.

As shown in Figure 9, when the model has ac-
cess only to the first-step latent, step 4 exhibits an
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unnatural close-up. Expanding access to the first
two steps alleviates this issue but makes it harder
for the model to accurately follow the step-wise
instructions while preserving overall coherence, an
effect that is particularly evident in later steps such
as step 5. Further increasing the latent history im-
proves sequence quality, with the most pronounced
gains observed when expanding access from two
to three steps.

However, including latents from all previous
steps does not yield further meaningful improve-
ments in coherence or visual fidelity, indicating
diminishing returns with increasing temporal ac-
cess. In contrast, BeamDiffusion, which relies only
on the two most recent latents, achieves results
that are comparable to, or even superior to, the full
cumulative setting while being substantially more
efficient.

This behavior can be explained by the latent
chain effect inherent to sequential generation. To
generate a new image, the model conditions on a
latent from the previous step, which already en-
codes information from earlier generations. The
resulting latent is then updated with the new step
content, effectively carrying forward both historical
and newly introduced information (see Figure 2b).
As a result, the most recent latents act as a com-
pressed summary of the entire sequence history,
making explicit access to all earlier latents redun-
dant.

Overall, this experiment demonstrates that while
cumulative latent access improves generation qual-
ity up to a point, full historical memory is unnec-
essary. Efficient strategies such as BeamDiffusion,
which leverage a limited yet informative temporal
window, can preserve global coherence while sig-
nificantly reducing computational overhead. These
findings further highlight the importance of the non-
linear sequence denoising strategy introduced in
Section C.1, which enables effective reuse of past
latents without requiring full-history conditioning.

C.3 Automatic and Qualitative Evaluation of
Decoding Strategies

Automatic evaluation. Table 7 reports automatic
comparisons across similarity metrics and faithful-
ness/consistency measures. The combined scores
CLIP* and DINO* offer a more holistic signal than
their individual components. Here, BeamDiffusion
achieves the best CLIP* score (40.00) and matches
the highest DINO* (30.00), indicating strong per-
formance across both text-image and image—image

1) > (2) > (3) >
O———O————
Top porridge with
mango and

toppings

Stir in cashews
and honey

Cook oats with milk  Toast cashews
and spices

Greedy/CoSeDjgn=1

Nucleus Sampling

—

Q)

BeamDiffusion

Figure 10: Illustrative comparison of decoding ap-
proaches. BeamDiffusion prevents cascading incon-
sistencies across steps while preserving semantic and
visual consistency.

similarity. By contrast, Greedy/CoSeD lags signifi-
cantly on CLIP* (25.00) and only reaches 30.00 on
DINO*, while Nucleus Sampling improves slightly
on CLIP* (35.00) and DINO* (35.00) but at the
expense of weaker instruction alignment and coher-
ence.

BeamDiffusion also obtains the strongest scores
on goal faithfulness (0.82) and step faithfulness
(0.92), showing that its generations remain closely
aligned with both the overall task and individual
step instructions. Greedy/CoSeD achieves rea-
sonably high step faithfulness (0.90) and the best
cross-image consistency (0.62), but falls behind
in goal alignment. Nucleus Sampling, in contrast,
is weaker across all three measures (0.72, 0.80,
0.60). Taken together, the similarity metrics and
the faithfulness/consistency measures highlight that
BeamDiffusion avoids the sharp trade-offs of the
other decoding methods, achieving a favorable bal-
ance between multimodal similarity, instruction
following, and visual coherence.

Qualitative evaluation. Figures 10 and 11 illus-
trate characteristic error modes of baseline strate-
gies. Nucleus Sampling often suffers from blur
propagation, where low-frequency artifacts intro-
duced in one step persist across subsequent gener-
ations, degrading the sequence. Greedy decoding
avoids blur but instead produces visual inconsisten-
cies, with objects abruptly shifting style or geome-
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Table 7: Comparison of different decoding methods across embedding-based sequence quality metrics. CLIP-I,
DINO-I, CLIP-T, CLIP*, and DINO* are reported as win percentages, while Goal Faithfulness, Step Faithfulness,
and Cross-Image Consistency are reported as absolute scores.

Method

CLIP-I DINO-I CLIP-T CLIP* DINO* ‘ Goal Faith.? Step Faith.! Cross-Image Cons.!

Greedy/CoSeDje,—1 30.00 30.00 35.00 25.00
Nucleus Sampling 25.00 40.00 40.00 35.00
BeamDiffusion 45.00 30.00 25.00 40.00

30.00 0.76 0.90 0.62
35.00 0.72 0.80 0.60
35.00 0.82 0.92 0.61

try across steps (e.g., the changing appearance of
the pan between step 1 and step 3, in Figure 10).
In contrast, BeamDiffusion avoids both pitfalls.
By dynamically selecting informative latent trajec-
tories, it prevents error accumulation while preserv-
ing smooth semantic and visual transitions. The
generated sequences remain sharper, semantically
faithful, and more coherent over time. This demon-
strates that decoding is not merely a technical detail
but a decisive factor in determining the fidelity and
consistency of long-horizon generations.

— OO

Melt butter Mix eggs, Combine batter Refrigerate Pipe and bake
sugar, honey,  with flour, batter madeleines,
and lemon baking powder, then dust with
zest and butter sugar

Greedy/CoSeDgp=1

Nucleus Sampling

ce

BeamDiffusion

LD

Figure 11: Illustrative comparison of decoding ap-
proaches. BeamDiffusion prevents cascading incon-
sistencies across steps while preserving semantic and
visual consistency.

Summary. Overall, both automatic and quali-
tative results show that BeamDiffusion delivers
a principled improvement over standard strate-
gies. By explicitly managing latent trajectories, it
achieves robustness against error propagation and
inconsistency while preserving semantic faithful-
ness and cross-step coherence.

D Minimizing Decoding Risk

The generation process using diffusion models be-
gins with a seed that determines the initial condi-

tions of the model. The choice of this seed signifi-
cantly affects the outcome, as it influences the path
the model takes during generation. Using multiple
random seeds in the first step ensures a diverse ex-
ploration of possible outputs, avoiding premature
narrowing of options into a single path based on
that seed. This limits the diversity of the results
and increases the chance of missing better options.

Greedy Decoding and Nucleus Sampling. In
both greedy decoding and nucleus sampling, we
use the same approach in the first step. Multiple
random seeds are employed to generate a set of
candidate images. Each candidate is then evaluated
using the CLIP score mechanism, which compares
the generated images with the step text. The im-
age that best aligns with the text, according to the
CLIP score, is selected to continue the process.
This method ensures that both greedy decoding
and nucleus sampling benefit from multiple diverse
starting points, increasing the quality and variety
of the generated outputs.

BeamDiffusion. In BeamDiffusion, relying on
a single random seed in the first step effectively
makes the process a greedy selection, as it locks
the generation into a specific path. This limits diver-
sity and reduces the chances of discovering higher-
quality outputs. By using multiple random seeds,
each seed generates a different decoding trajectory,
helping to broaden the search space and increasing
the likelihood of finding better solutions. Using
multiple random seeds in the initial step enhances
the exploration of the latent space, ensuring better
and more diverse results across different decoding
strategies.

Random Seeds for mid-sequence Generation.
The sequence of scenes S = {s1, s2,...,sr} may
have one scene in the middle of the sequence that
should be independent. To address this, for steps
5j>1, we use a combination of random seeds and
past latent vectors to maintain a balance between
diversity and coherence, which is particularly im-
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Using a Tear the fresh Toss the zucchini  Using a vegetable
mandolin wth the mint leaves or and add olive oil, peeler, make
julienne thinly slice witha  lemon, and torn shavings of
attachment, slice  knife. mint leaves. cheese.

the zucchini.

GILL

CLIP-I: 0.91
DINO-I: 0.66
CLIP-T: 0.27
CLIP*: 0.25
DINO*: 0.18

CLIP-I: 0.87
DINO-I: 0.72
CLIP-T: 0.29
CLIP*: 0.25
DINO*: 0.21

CLIP-I: 0.81
DINO-I: 0.63
CLIP-T: 0.29
CLIP*: 0.23
DINO*: 0.18

CLIP-: 0.78
DINO-I: 0.48
CLIP-T: 0.30 '
CLIP*: 0.23
DINO*: 0.14 ©

CLIP-I: 0.80
DINO-I: 0.44
CLIP-T: 0.30
CLIP*: 0.24
DINO*: 0.13

Figure 12: Illustration of the limitation of CLIP-I: de-
spite a high CLIP-I score, the result is not semanti-
cally correct or visually faithful. The example compares
several automatic metrics (CLIP-T, CLIP-I, DINO-I,
CLIP*, DINO*), highlighting discrepancies and failure
cases in sequence evaluation.

portant for such scenarios.

E Metrics and Annotations

Automatic Metrics. In image sequence gener-
ation, CLIP similarity scores between visually
similar frames often exceed 0.85, even for near-
duplicate content. Wang et al. (Wang et al., 2024)
highlight that such high CLIP-I scores can indi-
cate semantic duplication, which poses a challenge
when diversity across frames is desired. While
CLIP-I and DINO-I are common proxies for se-
mantic similarity, rewarding near-duplicates under-
mines meaningful visual progression. Conversely,
poor alignment between images and their textual
prompts is reflected in low CLIP-T scores. Lin et
al. (Lin et al., 2023) address this by clipping CLIP-
T values below 0.1, effectively filtering out weak
text-image matches.

To balance these factors, we set CLIP-I scores
above 0.9 and DINO-I scores above 0.85 to zero,
penalizing visual redundancy. Similarly, we zero

out CLIP-T scores below 0.1 to discourage poor
alignment with the prompt. This clipping strategy
encourages the generation of sequences that are
both semantically relevant and visually diverse. In
Figure 12, we present the automatic metric scores
for a sequence across all methods. The results il-
lustrate that very high CLIP-I values can lead to
sequences that fail to follow the textual steps ac-
curately, as observed in the case of GILL. Despite
achieving strong visual similarity, the sequence
diverges from the intended narrative, highlight-
ing a key limitation of relying solely on CLIP-I
. This example reinforces the importance of our
clipping strategy: without penalizing excessively
high CLIP-I values, the generation process may
favor near-duplicates over meaningful visual pro-
gression, ultimately undermining semantic fidelity
to the prompt.

Even after applying this clipping, we observe
that automatic metrics remain imperfectly aligned
with human and LL.M-as-a-judge evaluations, un-
derscoring the ongoing challenge of developing re-
liable metrics for evaluating sequences of images.

Human annotations. To facilitate the selection
of the best beam search configuration, we devel-
oped a custom website specifically for human an-
notation. We found that existing tools lacked the
flexibility necessary for our specific use case, es-
pecially when evaluating multiple configurations
simultaneously. To select the best beam search
configuration, 5 annotators are presented with 24
different sequences, each corresponding to a unique
beam search configuration.

In total, the 24 configurations were generated by
combining three key factors:

* Steps Back (m in Eq. 2): This refers to how
many previous steps the model uses from its
latent representations to explore new candi-
date outputs. We evaluated three different set-
tings for the number of steps back: 2, 3, and
4, which correspond to using latents from the
last two, three, or four images, respectively.

Latents Indexes: We tested two sets of la-
tent configurations, 1, 3, 5, 7 and 0, 1, 2, 3,
by selecting specific indexes from the latent
representations generated in previous stages.
This was done to explore how varying lev-
els of latent detail impact the quality of the
generated sequences.

44903



Steps:

1- To a medium bowl, add
Pecans, Vegan Cream Cheese,
Daiya® Mozzarella Cheese, Sun-
Dried Tomatoes in Olive Oil,
Garlic, Ground Black Pepper,
and Vegan Basil Pesto. Stir until
well combined.

2- Add Fresh Spinach to the
mixture and continue stirring
until all ingredients are well
mixed.

Comments:

3- Lay out Tortilla, divide
cheese/pesto/tomato mixture
evenly among the four tortillas,
spreading in a thin layer until it
coats the whole tortilla up to the
outer edge. Tear and sprinkle Choose your configuration:
approximately 5 Fresh Basil Leaf 0344

over each tortilla. 7334

Both good
Both bad

4- Gently roll tortillas, keeping
them fairly tight, then slice each

into 8 pieces. Serve immediately
. . Submit
or store in the refrigerator for up

to 3 days.

Figure 13: Example of the human annotation elimina-
tion round for selecting the best beam search configura-
tion.

* Beam Width (w in Eq. 5): We explored four
different beam widths, 2, 3, 4 and 6, which
determine how many beams are retained at
each step during the search process.

Evaluating all of these at once proved to be ex-
hausting and difficult to manage. To simplify the
evaluation process, we adopted a elimination an-
notation method. In this approach, 5 annotators
compare two configurations at a time and select the
one with better overall coherence. If neither con-
figuration stands out, annotators can select "both
good" or "both bad" (Figure 13), in which case
the computationally cheaper option advances to the
next round. This process is repeated until we iden-
tify the best configuration. This method focuses
on direct comparisons, making it easier to pinpoint
the most effective beam search settings while also
considering computational efficiency.

To evaluate all models performance, annotators
are presented with five generated sequences side by
side. Figure 14 illustrates an example of this com-
parison process, where the annotators assess the
sequences to determine the most effective approach.

LLM-as-a-judge Evaluation. The LLM-as-a-
judge selection process for annotating the best
beam search configuration and generation method
closely mirrored that of human annotators, with

118

Figure 14: Example of a human annotation to choose
the best method.

LLM-as-a-judge Prompt:
Evaluate two image sequences using the following criteria:

* Visual Consistency: Objects, ingredients, backgrounds,
colors, and styles should remain consistent across frames.
Frames should transition smoothly, resembling a video-like
progression with no sudden changes or missing elements.

* Semantic Consistency: Images must logically follow the
described steps, clearly and accurately.

Steps of the process: {steps}
After evaluating both sequences, select the one with the strongest
overall consistency (visual and semantic). Pay close attention to
even minimal differences, as the sequences are very similar. If both
sequences are equally good or bad, choose the one that is slightly
better. Choose exactly one of the following options:

- "First sequence”

- "Second sequence"

Figure 15: LLM-as-a-judge prompt used to select the
best beam search configuration and best method.

one key adjustment: the model tended to default
to "both good" or "both bad" when such options
were available. To encourage more decisive out-
comes, we removed these options from the prompt.
We also refined our comparison methodology. Pre-
senting all five sequences simultaneously initially
led to biased evaluations, as the model dispropor-
tionately favored the last two. To address this, we
adopted a pairwise evaluation strategy, comparing
two sequences at a time. This adjustment yielded
more balanced and reliable assessments across all
comparisons.

Figure 15 presents the LLM-as-a-judge prompt
for evaluating image sequences on visual and se-
mantic consistency.
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F Datasets

Recipes. Each manual task in the Recipes
datasets includes a title, a description, a list of in-
gredients, resources and tools, and a sequence of
step-by-step instructions, which may or may not be
illustrated. The Recipes dataset comprises approxi-
mately 1,400 tasks, with an average of 4.9 steps per
task, totaling 6,860 individual steps. Most tasks
feature an image for each step.

VIST. We used the Descriptions of Images-in-
Isolation (DII) annotations, as they allow for the
generation of more precise and informative visual
prompts. These annotations provide standalone
descriptions of images, making it easier to cap-
ture their key visual elements without relying on
surrounding context. The dataset includes 50 000
stories, offering a diverse range of visual and tex-
tual information. To ensure the most accurate and
relevant annotation for each image, we leveraged
CLIP. By using CLIP, we were able to select the an-
notation that best represented the image, improving
the quality of our generated prompts and enhancing
the overall alignment between text and visuals.

G Challenges

In the development and evaluation of the BeamDif-
fusion method, we encountered several challenges
that required careful consideration and innovation.
These challenges spanned multiple aspects of the
model, ranging from the difficulty of generating ac-
curate and concise captions, to identifying suitable
domains for testing, and addressing the computa-
tional complexity of the generation process. While
we were able to propose solutions for some of these
challenges, others remain open and present ongo-
ing areas of research. In this section, we outline the
key challenges we faced and the strategies we em-
ployed, while acknowledging that not all of them
have been fully addressed.

Captions. One of the challenges encountered in
this process is generating captions that accurately
describe the steps involved in the sequence. Of-
ten, a single step may consist of multiple sub-steps,
each contributing to the overall generation. This
makes it difficult to write a single concise caption
that captures the full scope of each step. The chal-
lenge lies in ensuring that the caption not only re-
flects the specific action or transformation occur-
ring at each step but also conveys the progression

and complexity of the entire sequence. Addition-
ally, if we divide the steps into smaller sub-steps to
better describe the process, the sequence becomes
very extensive, making it even harder to maintain
clarity and readability while ensuring comprehen-
sive coverage of the entire generation process.

Domains. Identifying a domain that effectively
highlights the advantages of the BeamDiffusion
method, particularly the benefits of beam search, is
still a challenge. While BeamDiffusion provides
improvements in consistency and coherence, not all
domains clearly showcase these advantages. Cer-
tain domains may lack the complexity or diver-
sity needed to demonstrate the method’s strengths,
such as its adaptive latent selection or its ability
to maintain alignment with contextual instructions.
Finding a domain that not only aligns with the
method’s capabilities but also provides a clear and
compelling demonstration of its improvements re-
mains an ongoing challenge.

H Analytical Analysis of Inference-time
Scaling Cost

The BeamDiffusion model generates multiple can-
didate images at each step by exploring a range of
latents. We analyze the complexity of the model
for a steps back of m steps and N latents explored.
In the initial steps, the complexity is high because
pruning begins only after the second step. For
each beam, N - m latents are explored, and the
search space grows exponentially, resulting in sig-
nificant computational cost in the early stages. Dur-
ing the first two steps, the complexity grows with
the number of candidates and latents, proportional
to O(N - m)’) for j < 2. Specifically, for j = 1,
the complexity is proportional to the number of ex-
plored random seeds. After the second step, prun-
ing reduces the number of candidates to the most
promising w beams, decreasing the complexity to
O(N -m-w).

To further reduce complexity, a heuristic based
on text relevance can be used to predict the top P
most relevant past images. By restricting the search
space to the latents of these top P candidates, the
model improves efficiency by prioritizing contextu-
ally relevant images, particularly in the early steps.
While the initial three steps remain computation-
ally demanding due to the expansive search space,
pruning combined with this heuristic can signifi-
cantly lower the computational cost by refining the
candidate set.
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I Implementation Details

Melt butter Mix eggs, Combine batter Refrigerate Pipe and bake
sugar, honey,  with flour, batter madeleines,
and lemon baking powder, then dust with
zest and butter sugar

while 100 steps reduce blur and sharpen frames. 150 steps
show no substantial gain over 100.

Pierce with a Mince garlic, cut  Fry until golden ~ Sauté garlic, wilt  Cut baked Top with spinach—
fork, place on lemon into and fragrant, then  spinach, add potatoes in half,  pine nut mix,
parchmentlined  yeqges, halve  set aside. lemon juice, then  mash with coconut - drizzle with lemon
sheet, bake until  pomegranate, mix in pine nuts.  oil. juice and yogurt,
soft. remove seeds. sprinkle
pomegranate
seeds, season to

5 &—>

(b) Example 2: 50 steps produce blurry, inconsistent frames,
while 100 steps improve fidelity and coherence. 150 steps do
not yield further noticeable improvements.

Figure 16: Qualitative comparison of 50 vs. 100 denois-
ing steps across two examples. Increasing steps to 150
does not produce substantial gains over 100, indicating
diminishing returns.

Base Models. Our method is primarily imple-
mented on top of FLUX.1-dev(black-forest labs,
2024), a diffusion transformer—based model re-
leased by Black Forest Labs. We extend its open-
source implementation to support beam-based gen-
eration, latent trajectory tracking, and contrastive
scoring mechanisms as described in the main text.
Unless otherwise specified, we follow the default
configuration of FLUX.1-dev with 100 denoising

steps, chosen to balance generation quality and
computational efficiency. While the default 50
steps generally produce globally coherent images,
we observe that finer structures often remain un-
derdeveloped, resulting in blur and reduced visual
consistency across sequences. Increasing to 100
steps substantially sharpens details and improves
sequence coherence, as illustrated in Figures 16a
and 16b. Further increasing to 150 steps provides
no additional gains, confirming that 100 steps is
a reasonable trade-off. To ensure that the choice
of decoding method is not dependent on a spe-
cific backbone, we also implement BeamDiffusion
on Stable Diffusion v2.1(Rombach et al., 2022), a
widely used U-Net-based latent diffusion model,
using its standard parameters. This setup verifies
that our conclusions regarding decoding strategies
generalize across different generative architectures.

Latent Trajectory Reuse. In our approach,
maintaining coherence across sequential genera-
tions requires access to the intermediate latent rep-
resentations produced during the generative pro-
cess. Fortunately, the model pipeline inherently
provides the full sequence of latent representations
at each generation step. This enables us to easily
extract and reuse specific latents as seed for new
generations.

Classifier Training. To train the contextual clas-
sifier, we employ a sequence-aware training ap-
proach that enables the model to capture dependen-
cies between steps in the generation process. The
contrastive classifier ¢ is trained as a next-image
prediction task, estimating how well a candidate im-
age aligns with the previously generated sequence
of steps and images. The classifier is primarily
trained on the Recipes dataset, which provides rich
sequential image—text pairs of cooking steps, al-
lowing it to learn meaningful context transitions
in a structured procedural domain. Additionally,
a small amount of data from the VIST dataset is
included during training to introduce limited vari-
ability in narrative structure.

The classifier takes as input a candidate image
1y, its textual description s;, and the previous se-
quence images and respective step text (Bl(f)l), and
outputs a score reflecting how well I; fits within
the evolving semantic and visual trajectory of the
sequence. During training, we use labels /4 indi-
cating whether I; is the correct continuation for task
d at step [. Negative examples are constructed by
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sampling images from other sequences, resulting
in a contrastive learning setup.

The model is trained to minimize the cross-
entropy loss:

argmin Zfz):l Zszl la; -log(p (11, 81, Bl(i)l))v @)

which encourages the classifier to assign high
scores to contextually appropriate continuations
while penalizing incoherent or semantically unre-
lated ones. As a result, the classifier learns to distin-
guish subtle differences in step-to-step coherence,
both visually and textually.

Hardware. All experiments were conducted on
a NVIDIA A100 GPU with 40GB of memory.

J Broader Impacts

This work proposes a method to improve generative
pretraining by incorporating subject-aware mutual
information maximization, aiming to produce more
contextually aligned and coherent sequences of im-
ages. The ability to generate visually consistent
image sequences has positive applications in areas
such as animation, visual storytelling, educational
media, and accessibility tools (e.g., for generating
illustrative content from text). However, as with
many generative models, there are potential neg-
ative societal impacts. Enhanced coherence and
subject fidelity could be misused to create mis-
leading or deceptive visual content, such as more
convincing visual disinformation, propaganda, or
synthetic media (e.g., deepfakes).

K Application Examples

This section presents additional visual examples
and qualitative results that complement the main pa-
per. Images and other visual aids are essential tools
that significantly improve comprehension across a
variety of domains. Whether breaking down com-
plex tasks, illustrating a sequence of events, or
clarifying intricate concepts, visual representations
provide clear, step-by-step guidance that enhances
understanding (Mayer, 2002). From technical pro-
cedures and instructional design to storytelling and
educational content, multi-scene image sequences
help readers grasp information more intuitively,
transforming even the most complex or dense top-
ics into something more accessible. However, gen-
erating a sequence of images that not only aligns
with each textual instruction but also maintains
overall coherence remains a major challenge (Lu

etal., 2024). In this appendix, we include expanded
examples to further illustrate how our model ad-
dresses this issue. These include additional visual-
izations of the beam search process and extended
qualitative comparisons across domains such as
recipes and visual storytelling. Together, these ex-
amples highlight the strengths and limitations of
current approaches in achieving textual alignment
and visual consistency in sequential image genera-
tion.

K.1 Sequence Examples

To provide a comprehensive comparison between
all models, we present several examples across
different domains in Figures 17-20, highlighting
how each method maintains sequence coherence in
sequential image generation.

For the Recipes domain ("Buttermilk chicken
wings", Figure 17), most models incorrectly depict
the chicken as already cooked in step 2, instead
of starting raw and gradually appearing cooked.
BeamDiffusion correctly captures this progression,
faithfully reflecting the cooking process across all
steps. Similarly, in the Recipes task "Sweet potato
and orange soup" (Figure 18), GILL, StackedDif-
fusion, 1P1S, and StoryDiffusion misrepresent the
ingredient being cut, while BeamDiffusion con-
sistently depicts a person cutting a sweet potato
and maintains stepwise visual consistency without
hallucinations.

For the VIST stories, BeamDiffusion demon-
strates strong identity and style preservation. In
"4th of July 2006" (Figure 19), it is the only
method to maintain the same child between step 2
and step 4. In "Yosemite Weekend" (Figure 20),
both BeamDiffusion variants maintain coherent
tree styles across steps, whereas other models show
a noticeable break between step 1 and step 2.

Overall, while baseline methods may partially
adhere to textual instructions or maintain visual
similarity, BeamDiffusion consistently balances
stepwise textual alignment and visual coherence,
producing sequences that are both contextually ac-
curate and visually stabl
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Finely chop Pour mixture intoa ~ Add breadcrumbs to Heat oil in a pan. Slice sweet potato. Toss sweet potato, After 10 minutes, ~ Turn the heat up,
— ) . shredded coconut, taste for salt and and add the salt.

rosemary. Mix with ~ freezer bag with a bowl. Toss Fry wings 8-10 It & djust dingl

buttermilk, lime zest, chicken wings. marinated wings to min, turning until ts)ak' per;]lpetr ;n a " adjust accordingly.

garlic, paprika, salt & Seal & refrigerate coat evenly. golden & fully ?2‘1”(?“2/:?()‘”;;“

pepper. for ~2 hrs. cooked. a or

~20 min.

StoryDiffusion

QN

=\

BeamDiffusion BeamDiffusion

Figure 17: Example of the Recipes domain task  Figure 18: Example of the Recipes domain task
"Buttermilk chicken wings", with a sequence of 4 "Sweet potato and orange soup", with a sequence of
steps. 4 steps.
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My sister metmy  Though stillso  The kids had a He couldn't walk A loving man It was a beautiful ~ We were lucky | fed a squirrel and Afsnakﬁ cami ;m ;le;:e;ege'm’"
son for the first little, he seemed ~ blast in the yet, let alone reminded us all of day in the forest. ~ enoughtosee it seemed very of "0"; ere a o wae
time at the park.  to enjoy being  bounce house. jump, but his joy ~ what really some }”";“fev hungry. scared me. breathtaking
surrounded by Their laughter was undeniable. matters, each like this deer. 5
new relatives. filled the air. other.
GILL
GILL

Figure 19: Example of the VIST story domain "4th  Figure 20: Example of the VIST story domain
of July 2006", with a sequence of 5 steps. "Yosemite Weekend", with a sequence of 5 steps.
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