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Abstract

A poster from a long input document can be considered as
a one-page easy-to-read multimodal (text and images) sum-
mary presented on a nice template with good design elements.
Automatic transformation of a long document into a poster
is a very less studied but challenging task. It involves con-
tent summarization of the input document followed by tem-
plate generation and harmonization. In this work, we propose
a novel deep submodular function which can be trained on
ground truth summaries to extract multimodal content from
the document and explicitly ensures good coverage, diver-
sity and alignment of text and images. Then, we use an LLM
based paraphraser and propose to generate a template with
various design aspects conditioned on the input content. We
show the merits of our approach through extensive automated
and human evaluations.

1 Introduction
Recent success of large language models (OpenAI 2023;
Petroni et al. 2020) and large vision language models (Rad-
ford et al. 2021; Li et al. 2022) have led to several new ap-
plications in the field of Generative AI. In this work, we fo-
cus on transforming a long multimodal document, contain-
ing both text and images, into a poster - which is a visu-
ally rich one-page multimodal summary of the document. A
poster should have good coverage of the overall content of
the document and is generally easy-to-read and presented in
a nice template with good design elements (Shelledy 2004).
To create a poster, there are different types of design tools
and products available such as Microsoft PowerPoint and
Adobe Express. However, using them requires substantial
manual effort to select multimodal content from a document
and determine the suitable design elements for the poster. It
is often time-consuming and requires domain expertise.

Automatic transformation of a document into a poster is
a relatively less studied problem (Qiang et al. 2019; Xu and
Wan 2021, 2022). Such a transformation process mainly in-
volves two major steps: (i) Content summarization (or plan-
ning), which aims to select key content from the document
and paraphrase them in some appropriate format to be put in
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the poster and (ii) Template generation and harmonization,
which involves generating a suitable layout and design el-
ements of the poster such as background, font and size of
letters, number of text and image elements etc. and finally
filling up the generated template with the generated content.
Content summarization for poster is challenging because of
the following reasons: A poster is very limited in size (sin-
gle large page), but the input document can have multiple
pages. Thus, it is essential that the content in the poster (i)
represents all the important aspects of the input document
(coverage), (ii) has very less repetition within it (diversity)
and (iii) has well aligned images and text. Coverage and di-
versity have been studied in text summarization literature
(Lin and Bilmes 2011). But their interpretation in the multi-
modal setup (with text and images) is not well understood.

Recent advent of zero-shot and few-shot LLMs have sig-
nificantly improved the state-of-the-art (SOTA) for several
natural language processing tasks like summarization (Ope-
nAI 2022, 2023). However, using them directly for content
summarization in poster generation is difficult because: (i)
Many existing LLMs are text based. The ability of vision
or multimodal language models for long document summa-
rization is still questionable (Islam and Moushi 2024; Meng
et al. 2024). (ii) LLMs tend to hallucinate and their perfor-
mance drops when the input context is very long (Liu et al.
2023). However, documents can be lengthy and informa-
tion in any parts of the document can be important for the
poster. (iii) LLM fine-tuning is possible. But it needs expen-
sive hardware support and good amount of data (Han et al.
2024). Whereas, use of LLM as a service is computation-
ally less demanding but does not suit the purpose if used
directly (Sun et al. 2022). (iv) There are generic Retrieval
Augmented Generation (RAG) techniques available in the
literature (Gao et al. 2023). But for poster generation, we
need to explicitly assure that the retrieved multimodal con-
tent has all the intrinsic properties mentioned above.

In this paper, we have addressed all the above challenges
by proposing an approach to handle multimodal content
jointly and avoid feeding the entire content to an LLM di-
rectly. These are the key contributions made in this work: (1)
We propose an efficient and computationally fast end-to-end
pipeline, referred as PostDoc (in Figure 1), for automatically
generating a visually rich Poster from a long multimodal in-
put Document. (2) For selecting suitable content from the
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input document, we propose a novel optimization formula-
tion using deep submodular functions which explicitly en-
sures coverage, diversity and multimodal content alignment
in the multimodal summary, and trainable on ground truth
data. This summary is passed to an LLM (GPT-3.5-turbo)
for paraphrasing content to be put into a poster. (3) We con-
duct thorough experimentation to validate the quality of the
content and design aspects of the generated posters through
automated and a small-scale human evaluations.

2 Related Work and Background
Multimodal Summarization: Text summarization has been
studied quite extensively in the literature (Zhang et al. 2020;
Zhong et al. 2020). From the last few years, researchers
have focused on multimodal summarization which involves
different modalities such as text, images and videos, and
leverages cross-modal information (Mademlis et al. 2016; Li
et al. 2017). Existing approaches for multimodal summariza-
tion suffers from modality-bias problem (Zhu et al. 2018),
generating summaries with limited number of images (Zhu
et al. 2020) and treating text and images as different entities
(Zhang et al. 2022). There are approaches which deals with
text and videos (He et al. 2023), and use additional informa-
tion such as a graph (Zhang et al. 2021). Submodular func-
tions have been used for multiple summarization tasks (Lin
and Bilmes 2011; Tschiatschek et al. 2014; Modani et al.
2016; Zhu et al. 2018) as they are a natural fit for text sum-
marization. A set of differentiable submodular functions,
also known as deep submodular functions (Bilmes and Bai
2017; Kothawade et al. 2020) have been proposed in the lit-
erature and also used for text summarization. However, they
have not yet incorporated multimodal aspects such as mul-
timodal coverage, diversity, and image-text alignment terms
which are key components for multimodal summarization.
In this work, we address this research gap and aim to design
a deep submodular function which captures a set of intrin-
sic properties of multimodal extractive summarization and
is also trainable from the ground truth data.

Layout Generation: State-of-the-art research works on
template/layout generation can be of two categories: (i) Dif-
fusion based techniques such as LayoutDM (Chai, Zhuang,
and Yan 2023) and (ii) LLM based techniques such as Lay-
outPrompter (Lin et al. 2024). Diffusion based models for
layout generation are typically capable of generating cre-
ative layouts with design elements. However, they are very
prone to failures with generated layouts that have several
overlapping or unaligned bounding boxes. LLM based mod-
els tend to generate a text based plan containing the details
of the shape and size of the bounding boxes, color code, etc.
of the layout in text. Since LLMs are still not good enough
in mathematical reasoning, the generated layouts often have
the problems with less contrastive colors and overlapping or
unaligned bounding boxes. Moreover, these approaches do
not consider the actual content when generating the layout.
So, they cannot be used directly to generate a poster layout.

Document Transformation: There are few existing
works related to poster creation from documents. Xu and
Wan (2021) generates posters from documents but relies on

template retrieval from a fixed set of templates and also lim-
iting its applicability to research papers exclusively. There
are few research works on automatically generating slides
from scientific documents (Sun et al. 2021; Fu et al. 2022;
Maheshwari et al. 2024), but they often need users to come
up with an outline specific to slide presentation or summa-
rize individual sections in each slide.

2.1 Background on Submodular Functions
Here, we discuss some key concepts required to understand
our solution. A submodular function f is a set function with
diminishing returns property. In simple terms, adding an el-
ement to a smaller set provides a larger marginal gain com-
pared to adding the same element to a larger set. Mathemat-
ically, for sets A ⊆ B, on adding extra element x /∈ B,
f(A∪{x})− f(A) ≥ f(B ∪{x})− f(B) (Lin and Bilmes
2011). A key advantage of using a submodular function is
that there exists a simple greedy algorithm of iteratively
choosing the element that maximises the marginal gain with
an approximation guarantee.

Recently, researchers explore deep (trainable) submod-
ular functions (Bilmes and Bai 2017; Kothawade et al.
2020) where the data is projected into a suitable feature
or embedding space. They can be represented as: f(A) =∑

u∈U Φ
(
w(u)mu(A)

)
, where Φ is a non decreasing non-

negative concave function, w(u) represents the trainable
weight of the feature u, mu(S) =

∑
s∈S mu(s) is a non-

negative modular function. These functions enable the learn-
ing of submodular functions through a training dataset and
also their inference is fast compared to the quadratic com-
plexity of most of the other submodular functions.

3 Problem Statement and Solution Approach
As discussed in Section 1, we aim to automatically generate
a poster from a long document. The document may contain
different types of multimodal content such as text, images,
tables, charts, etc. For the ease of presentation, we use image
to represent all such non-textual elements in a document. As
shown in Figure 1, we use the Adobe Extract API 1 to ex-
tract the multimodal content from the document. Then, we
use the pre-trained multimodal model BLIP (Li et al. 2022)
to encode both text and image elements into a common vec-
tor space of dimension 768. We have observed that the em-
beddings of text and images are often not in the same scale.
To overcome this issue, we first shift all the embeddings to
positive coordinate of the embedding space and do an L1
normalization of the embeddings.

With this, we present the problem mathematically as fol-
lows. Given D = (e1, e2, · · · , eN ) is a multimodal input
document with N (can vary over the documents) content el-
ements in order where each content element can be a text
sentence or an image. We assume that each ei ∈ Rd

+ de-
notes a d dimensional normalized BLIP embedding (as dis-
cussed above) of the ith content element in the document
(d = 768 in this case). Our goal is to select a subset of

1https://developer.adobe.com/document-services/apis/pdf-
extract/
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Figure 1: Block Diagram of PostDoc

content elements A ⊆ D with |A|≤ K so that content ele-
ments of A have good coverage, diversity and alignment as
discussed in Section 1. Since the size of the poster is lim-
ited, we extract the corresponding maximum K > 0 con-
tent elements from the document. We discuss how to fix K
in Section 4. For training our content selection algorithm,
we use a training set of documents with their ground truth
summary. So, we assume to have the following training set
T = {(D1, A

∗
1), (D1, A

∗
1), · · · , (DM , A∗

M )} containing M
pairs of documents and the corresponding ground truth sum-
mary. During the inference for a given document D, we will
first select the subset A using the trained content selection
model. Then we will paraphrase A into a poster friendly for-
mat. We also generate a poster template with suitable design
elements based on the content and put the paraphrased con-
tent into it.

3.1 Multimodal Extractive Summarization
Once the embeddings of all the content elements are ob-
tained from a document, the next step is to select only a
subset of them such that desired properties are satisfied. We
propose a novel deep submodular based optimization frame-
work for this task. As mentioned in Section 3, the normal-
ized BLIP embeddings of the sequence of content elements
(text sentences or images) from the document are repre-
sented as D = (e1, e2, · · · , eN ), with ei ∈ Rd

+. In this
subsection, our goal is to extract a subset of content ele-
ments A ⊆ D with |A|≤ K such that the following prop-
erties are preserved in the extracted subset: (1) Coverage:
We want the content elements of A to represent the whole
document D well. Thus, it is expected that any content el-
ement in A to be more similar to many elements in D. (2)
Diversity: Since the poster is of very limited size, we want
to avoid unnecessary redundancy in content present in the
poster. This property ensures that any content element in A
is very different from most of the other elements in A. (3)
Multimodal Alignment: The output poster contains both
images and text. Images and text contain complementary in-
formation. Hence, it is important to ensure that the images
and text present in the poster are aligned with each other. For
e.g., the text present in the poster can brief about the image.
Thus, any image element in A should be similar to some
text elements in A and vice-versa. (4) Ground Truth Data
Adaptability: All the above properties are different intrinsic
properties expected in a summarization. However, ground
truth summarization data may have other hidden properties
which may not be captured above. So, we also want our al-

gorithm to learn from the set of multimodal ground truth
summary data.

Thus, A can be considered as an extractive multimodal
summary of the multimodal document D where our goal
is to design a summarization model which is trainable and
equipped with the inductive bias as mentioned above. Next,
we construct the following objective function to achieve this.

(1)f(A) =
∑
u∈[d]

wu

√√√√√√√√
∑
x∈A

∑
y∈D

xuyu −
∑
x∈A

∑
y∈A

xuyu

+
∑
x∈AI

∑
y∈AT

xuyu + |D|
∑
x∈A

xu

Here, [d] = {1, 2, · · · , d} denotes the set of dimensions of
Rd. We use a vector of trainable weight parameters w =
[w1, w2, · · · , wd]

T ≥ 0 which intuitively captures the im-
portance of each dimension of the embedding space. Ide-
ally for a given document D, we would like to choose
the subset A ⊆ D which maximizes f(A). The term∑

x∈A

∑
y∈D xuyu captures the similarity of an element

x ∈ A to an element y ∈ D for the uth dimension. Since
both x and y are L1-normalized, this term over the outer
summation contributes more when x and y are similar to
each other. Thus, the first term captures the notion of cov-
erage. Similarly, the second term

∑
x∈A

∑
y∈A xuyu cap-

tures the similarity of content elements within the extracted
multimodal summary A. Thus, the negation of this term
can be considered as the diversity of the elements within
A. So far, we have not differentiated between the text and
images within A. However, selected images in A need to
be aligned with the text present in the poster. The third
term

∑
x∈AI

∑
y∈AT

xuyu in Equation 1 ensures multi-
modal alignment, where AI is the set of images in A and AT

is the set of text sentences in A. The last term |D|
∑

x∈A xu

is introduced to ensure some nice mathematical property of
our loss function. Since, x ∈ D are L1-normalized, the last
term is a constant if wu = 1

d , ∀u ∈ [d] (initial condition as
discussed in Section 3.2).

Next, we aim to to design a loss function to train the
parameters w of our model. As mentioned in Section 3,
we are given with a training set of multimodal documents
with the corresponding ground truth summaries as T =
{(D1, A

∗
1), (D1, A

∗
1), · · · , (DM , A∗

M )}. For any (Di, A
∗
i ) ∈

T , we want the value of the function f on our model gener-
ated summary to be close to f(A∗

i ). We consider the follow-
ing hinge loss function here:

min
w ≥0

M∑
i =1

(
max

(
f(A∗

i )− max
A⊆Di

|A|≤K

{f(A)}, 0
)
+

λ

2
||w||22

)
(2)

In the above equation, we also use an L2 regularizer on w
with a weight hyperparameter λ ≥ 0. Based on the perfor-
mance on validation set, we keep λ = 0.1 for all our exper-
iments. The predicted summary is obtained by maximizing
f(A) w.r.t. A such that A ⊆ D with |A|≤ K. Minimizing
the hinge loss w.r.t. the trainable non-negative weight param-
eters w ensures that the maximum of {f(A)} (i.e., on model
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predicted summary) is not too far less from the ground truth
summary on the training data. We discuss the solution strat-
egy and training of this optimization problem next.

3.2 Training and Optimization
The optimization function in Equation 2 is a constrained
min-max optimization on two different types of variables.
Here, w is continuous and non-negative. But A is a subset
of with a fixed cardinality. To solve this, we use an iterative
alternating optimization strategy as discussed below.

Maximization w.r.t. A Let us first focus on maximizing
the objective w.r.t. A while keeping w fixed. Then it is
essentially a subset selection problem for each Di, ∀i =
1, 2, · · · ,M . Subset selection problems are typically com-
binatorial in nature and often computationally infeasible.
But the following theorem shows an important property of
f which will help us to solve the optimization problem.

Theorem 3.1. The set function f in Equation 1 is a mono-
tone submodular function.

The proof is included in the supplementary 2. In contrast
to our proposed function in Equation 1, most of the existing
submodular functions (Lin and Bilmes 2011; Modani et al.
2016) for text summarization capture diversity rewards as-
suming the availability of cluster of text, ignore the multi-
modal aspect of the problem and are not trainable. To max-
imize f(A), we use the simple greedy algorithm which is a
(1 − 1

e ) factor approximation of the optimal solution since
f is monotone and submodular (Lin and Bilmes 2011). At
each step of the greedy algorithm, we include a new content
element x ∈ D \A into A for which f(A ∪ {x})− f(A) is
maximum till |A|= K.

Minimization w.r.t. w Next, we assume A to be fixed and
use a projected stochastic gradient descent approach to mini-
mize the loss function in Equation 2 w.r.t w ≥ 0. The subgra-
dient of the loss w.r.t. wu (uth dimension) on the i-th sample
of the training set is calculated as ∂f(A∗

i )
∂wu

− ∂f(A)
∂wu

+ λwu,
where A = maxA⊆Di

|A|≤K

{f(A)}. This gives us the stochastic

gradient descent step with a learning rate α > 0 as (check
proof of Theorem 3.1):

wu = wu − α
(√√√√(∑

x∈A∗
i

xu

)(
|D|+

∑
y∈D,y/∈A∗

i

yu

)
+ h(A∗

i )

−

√√√√(∑
x∈A

xu

)(
|D|+

∑
y∈D,y/∈A

yu

)
+ h(A) + λwu

)
To ensure non-negativity, we project it to the positive quad-
rant by setting wu = max(0, wu), ∀u = 1, 2, · · · , d.

We iteratively solve the optimization problem in Equation
2 by maximizing it w.r.t. A by keeping w fixed, and then
minimizing it w.r.t. w by keeping A fixed. We repeat these
two steps until the loss converges on the validation set used
in the experiments.

2The full version is present at https://arxiv.org/abs/2405.20213

To calculate the value of f(A), we use a weighted sum
of d terms and each term can be calculated using pre-
computing and using the corresponding previous term. Since
we are using the greedy algorithm to find maxA⊆Di

f(A) ,
this total step has time complexity of O(KNd). For the up-
date of the weights step, we do d updates where all weights
get updated and for each update, all the summations can be
done independently and then multiplied so we get the time
complexity for each update as O(K) (|D| and total sum
(Σy∈Dyu) values are pre-computed hence the only term cal-
culated during run time is Σx∈Axu term, which is then used
to calculate Σy∈D,y/∈Ayu = Σy∈Dyu −Σx∈Axu), this gives
us total training time complexity as O(NKd+Kd) for one
full training update. For the inference time, we only need to
use greedy algorithm to get the best possible subset (sum-
mary), hence this is will be of time complexity O(KNd)

3.3 Content Paraphrasing
Text sentences in the multimodal extractive summary may
not be suitable to put in the poster directly. We choose Chat-
GPT (GPT-3.5-turbo) (OpenAI 2022) as it is shown to per-
form very well for text paraphrasing for different use cases
(Chen et al. 2023) and less expensive compared to GPT-4
(OpenAI 2023). But, applying it directly to the long text
of the whole document is not always possible due to the
length of the document. However, the length of the extrac-
tive summary is limited to K. We choose K in such a way
that the whole text from the extracted multimodal summary
can be fed to ChatGPT within a single API call. Please refer
to our supplementary material for sample prompts used for
rephrasing content.

We use the output paraphrased text along with the images
selected in the multimodal extracted summary as the content
to be put in the poster.

3.4 Template Generation
We define the template to be a combination of different style
elements such as font of the text and different colors to be
used, and the layout of the poster (position of different con-
tent elements). We discuss each of them in more detail in
subsequent sections.

Font Selection Fonts are crucial components of posters
as they signal the intent of the content provided and enable
mental maps for familiarity. For example, cooking books are
often associated with serif and cursive styles. In this regard,
we train a model based on the poster title guiding the visual
attributes of the font chosen. The dataset for this task was the
Let me choose dataset (Shirani et al. 2020), which consists
of pairs of titles and the most appropriate fonts for them,
from a sample size of 10 fonts. We use a fine-tuned MiniLM
(Wang et al. 2020) transformer model as the base encoder to
the font selection model. The 384-dimensional feature vec-
tor is passed through a 2-layer fully connected network with
a dropout layer and uses the LeakyReLU activation function.
To find the appropriate learning rate for this process, we use
LR-Finder 3 and trained the model for 20,000 epochs on the
train section of the dataset.

3https://github.com/davidtvs/pytorch-lr-finder

24224



Figure 2: Screenshot of a poster generated by PostDoc

Color Selection Colors are also important for posters
as they capture attention and contextualise content. Our
pipeline has three main colors: (1) Background color of the
poster; (2) Box fill color that serves as the color for the
bounding boxes that house textual content; and (3) Text fill
color - the font color of the texts. To generate the colors used
in the poster, we use a model trained on the TPN architec-
ture as proposed in Text2Colors (Bahng et al. 2018). This
model, called TPNSmall, is trained for 7,000 epochs on the
Text2Colors dataset. For a given poster title, we first pass
it through a publicly available QA (Question Answering)
model 4 with the prompt ”What is the main point here?”.
This gives the intent of the poster. TPNSmall outputs a
palette of hex codes, given the intent.

The dominant color in this palette is chosen to be the
background color of the poster, and its complement is cho-
sen to be the box fill color. The text text fill color is chosen
to be black or white based on its contrast with the box fill
color. We then use the background color in a prompt to Fire-
fly 5 that generates a background grounded on it.

Layout Generation We propose a heuristic based ap-
proach for generating a balanced layout conditioned on the
paraphrased content. For each topic with the associated bul-
let points from the paraphrased content, we create a text box
in the poster layout. Similarly, for each image (with the as-
sociated caption when available), we create an image box.
We kept the images on the left and text boxes on the right
by dividing the space into two parts vertically. The width
of the text boxes is fixed where as that of the images is ad-
justed based on number of images. To estimate the height
of the text boxes, we consider the content length. Detailed
calculations for the same are provided in the supplementary

4https://huggingface.co/deepset/roberta-base-squad2
5https://firefly.adobe.com/

material. By following this approach, we achieve a well-
organized and visually appealing layout for posters, adapt-
ing the design based on the number of text and image boxes
required. A sample poster is shown in Figure 2.

4 Experimental Analysis
In this section, we discuss the details about the experimental
setup and results obtained from both automated and human
evaluation to understand the quality of the posters generated
from PostDoc.

4.1 Datasets Used
We use the MSMO Dataset collected by Zhu et al. (2018)
for training and testing our method for multimodal summa-
rization. The MSMO Dataset has 312,581 samples of which
only the test set (10,261 samples) has image annotations
present as part of the multimodal summary. We require im-
age annotations for training our deep submodular function.
So, we use 9000 samples from the test set for our training,
261 samples for validation and the remaining 1000 samples
for testing.

In order to test the content generated by our multimodal
summarization module to that with the actual posters, we
make use of the NJU-Fudan Dataset (Qiang et al. 2019). It
contains 85 pairs of scientific papers and their correspond-
ing posters. We extract the text and images from the papers
and posters using Adobe Extract. We filter paper-poster pairs
so that they each have at least one image after being pro-
cessed by Extract. After this step, we have a filtered dataset
of 76 paper-poster pairs. We do not use any portion of this
dataset for training. We use it only for testing our summa-
rization method on out of domain data to analyze the gener-
alization ability. We report the performance on MSMO and
NJU-Fudan datasets in Table 1.

For training the font selection model, we make use of the
Let Me Choose Dataset (Shirani et al. 2020) as discussed in
Section 3.4. It contains 1,309 short texts which are mapped
to one of 10 fonts. We follow the same split mentioned by
the authors for training (70%),validation (10%) and testing
(20%).

4.2 Baseline Methods
We could not find any replicable source code for existing
document-to-poster works (Qiang et al. 2019; Xu and Wan
2021, 2022) to make an end-to-end comparison. So, for a
thorough evaluation, we analyze each module of PostDoc
with the corresponding baselines.

Multimodal Summarization To the best of our under-
standing, there are no publicly available replicable im-
plementation for any of the existing multimodal-in and
multimodal-out summarization approaches (Zhu et al. 2018,
2020; Zhang et al. 2021, 2022). Additionally, as we are us-
ing a subset of the MSMO test set (§4.1) for training, we
will not be able to carry over the metrics reported in these
works. So, we compare our performance with baselines for
text summarization and include images in the summary as a
post-processing step. For the text summarization, we use the
following.
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MSMO Datset NJU-Fudan Dataset
Method ROUGE-L Coverage Diversity IP Inference Time ROUGE-L Coverage Diversity IP Inference Time

Memsum + BLIP 0.24 ± 0.11 0.29 ± 0.06 0.31 ± 0.11 0.73 ± 0.33 3.27 0.27 ± 0.03 0.38 ± 0.05 0.64 ± 0.05 0.39 ± 0.28 10.35
BRIO + BLIP 0.36 ± 0.11 0.37 ± 0.06 0.45 ± 0.20 0.75 ± 0.32 1.04 0.07 ± 0.02 0.27 ± 0.06 0.66 ± 0.06 0.38 ± 0.26 6.09

GPT-3.5 + BLIP 0.27 ± 0.08 0.38 ± 0.06 0.54 ± 0.19 0.75 ± 0.32 14.88 0.13 ± 0.05 0.31 ± 0.06 0.65 ± 0.05 0.39 ± 0.28 47.37
PostDoc 0.68 ± 0.14 0.30 ± 0.03 0.58 ± 0.06 0.74 ± 0.34 0.68 0.50 ± 0.04 0.42 ± 0.03 0.61 ± 0.04 0.53 ± 0.32 4.25

Table 1: Comparison of various multimodal summarization methods on the MSMO (Zhu et al. 2018) and NJU-Fudan (Qiang
et al. 2019) datasets

MSMO Datset NJU-Fudan Dataset
Method ROUGE-L Coverage Diversity IP ROUGE-L Coverage Diversity IP

PostDoc w/o dsf 0.57 ± 0.13 0.23 ± 0.04 0.61 ± 0.09 0.71 ± 0.44 0.43 ± 0.10 0.34 ± 0.07 0.65 ± 0.07 0.37 ± 0.17
PostDoc w/o coverage 0.51 ± 0.08 0.24 ± 0.06 0.61 ± 0.14 0.75 ± 0.27 0.48 ± 0.05 0.43 ± 0.04 0.57 ± 0.06 0.52 ± 0.32
PostDoc w/o diversity 0.50 ± 0.13 0.24 ± 0.03 0.62 ± 0.14 0.75 ± 0.27 0.48 ± 0.05 0.43 ± 0.04 0.58 ± 0.06 0.53 ± 0.32

PostDoc w/o alignment 0.56 ± 0.12 0.25 ± 0.06 0.63 ± 0.13 0.75 ± 0.28 0.45 ± 0.04 0.36 ± 0.03 0.67 ± 0.03 0.34 ± 0.19
PostDoc 0.68 ± 0.14 0.30 ± 0.03 0.58 ± 0.05 0.74 ± 0.34 0.50 ± 0.04 0.42 ± 0.03 0.61 ± 0.04 0.53 ± 0.32

Table 2: Model ablation study of PostDoc on MSMO and NJU-Fudan Datasets

Font Recommendation Layout Generation
Method Top-1 F1 Top-3 F1 Method NGOMetric

BERT Model 0.2697 0.5191 LayoutDM 0.27
PostDoc 0.4301 0.5950 PostDoc 0.46

Table 3: Results of font recommendation on Let Me Choose
Dataset and conditional layout generation on the NJU-Fudan
Dataset

1. Extractive Summarization: We use the publicly avail-
able MemSum architecture (Gu, Ash, and Hahnloser 2021)
which currently has the SOTA performance on the GovRe-
port dataset (Huang et al. 2021).
2. Abstractive Summarization: We use the publicly avail-
able BRIO (Liu et al. 2022) architecture, which currently
has the SOTA performance on the CNN/Daily Mail dataset
(Nallapati et al. 2016)
3. GPT-3.5-turbo: In this baseline, we chunk the input text
and summarize each chunk with GPT-3.5-turbo. We con-
catenate the summaries and finally paraphrase it further with
another GPT-3.5-turbo call.

With each of the above text summaries, the images are in-
cluded in the summary by choosing the top KI images from
the input document based on their similarity with the sum-
marized text. Here the similarity is calculated by the cosine
of the BLIP embeddings of text and images. From the train-
ing set, we calculate the average ratio of the number of im-
ages in the summary and that in the input document. To fix
KI during inference on a document, we multiply the number
of images present in the document with that ratio.

Template Generation For font selection, we compare our
method (§3.4) with the Let Me Choose BERT Model (Shi-
rani et al. 2020). For layout generation, we compare our
method (§3.4) with LayoutDM (Inoue et al. 2023) on the
test section of the NJU-Fudan Dataset.

4.3 Evaluation Metrics
We evaluate the generated posters on the following aspects.

Multimodal Summarization To evaluate the salience of
the text generated by our method, we employ the stan-
dard text summarization metric ROUGE-1, ROUGE-2 and
ROUGE-L which compares the generated summary with the
ground truth. To evaluate the generated multimodal sum-
mary, we use coverage and diversity (Kothawade et al.
2020) along with image precision and image recall. Cov-
erage is measured between the generated multimodal sum-
mary and the multimodal source document. We define
Coverage(A) = 1

|D||A|
∑

x∈D

∑
y∈A cosine(x, y) and

Diversity(A) = 1 − 1
|A|2

∑
x,y∈A cosine(x, y). Here, D

contains the BLIP embeddings for all the content elements
of the input multimodal document and A contains the BLIP
embeddings from the generated summary. An ideal sum-
mary will have high coverage and high diversity. Following
Zhu et al. (2018), we use image precision IP to evaluate the
images selected by our method. IP = |IA∩IG|

|IA| , where IA
and IG refer to the images in generated summary and the
images in the ground truth summary. We also report average
inference time as a metric for computational overhead.

Font Selection Following Shirani et al. (2020), we mea-
sure the performance of font selection models using the av-
erage weighted F1-Score over top k where k = {1, 3}.

Layout Generation To evaluate the layouts generated, we
use a combination of the following NGOMetrics 6: We use
a weighted combination of the equilibrium of the bounding
boxes, padding in the layout, density of the bounding boxes
with respect to the overall layout, and overlap between the
bounding boxes. This allows us to score layouts based on
their aesthetic properties. Please refer to the details about the
computation of these metrics in the supplementary material.

4.4 Performance Analysis
Multimodal Summarization Table 1 shows the mean and
standard deviation of the performance of PostDoc and the

6http://www.mi.sanu.ac.rs/vismath/ngo/index.html
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baselines on MSMO and NJU-Fudan datasets. By investi-
gating the results, we note the following: (1): PostDoc out-
performs all of the baselines on the basis of the ROUGE met-
rics with significant margins. This shows that the our mul-
timodal summarization module captures relevant informa-
tion from the source document which aligns with the ground
truth. (2): Regarding the visual modality metric image pre-
cision, our model performs on par or slightly worse than the
baselines on MSMO dataset, but significantly outperforms
all the baselines on NJU-Fudan dataset. It is important to
note that the number of images selected in the baseline is
pre-fixed based on the average number of images present in
the document on the training set. However, for PostDoc, we
do not differentiate between the text and images in the se-
lection criteria during the inference. This gives a benefit to
the baselines on the MSMO dataset for image selection. (3):
As mentioned in Section 4.2, we consider extractive sum-
marization (MemSum), abstractive summzarization (BRIO)
and GPT-3.5-turbo for the text summarization module of the
baselines. MemSum and BRIO are trained on 17,517 and
200,000 samples respectively and GPT-3.5-turbo is trained
on large text databases available on the internet. Our model
is able to perform competitively with these baselines even
though the data it is trained on (9,000 samples) is signif-
icantly lesser than the training data of these text summa-
rization methods. (4): The GPT-3.5+BLIP baseline performs
competitively on coverage and diversity. But the latency and
the cost associated with GPT calls is very high. On aver-
age, the number of tokens processed by GPT-3.5 for MSMO
dataset is 838.19 and the NJU-Fudan dataset is 5323.85.
PostDoc is much faster (more than 20x and 10x compared
to GPT-3.5+BLIP on MSMO and NJU-Fudan datasets re-
spectively) than all the baselines for average inference time
per document.

Template Generation Table 3 shows the performance of
our model and the baseline on the Let Me Choose dataset
for font selection. Our model outperforms the baseline on
both the Top-1 F1 Score and the Top-3 F1 Score. It also
compares our layout generation module with LayoutDM. As
LayoutDM wasn’t explicitly trained on posters, we initially
generate 250 candidate layouts using LayoutDM and choose
the layout which gives the highest equi-weighted NGOMet-
rics Score. Our layout generation module, which relies on
heuristics, achieves a score that is almost twice the score
achieved by LayoutDM; please refer to our supplementary
material for individual metrics’ scores.

4.5 Model Ablation Study
To understand the importance of different components of
PostDoc, we perform the following ablation experiments on
MSMO and NJU-Fudan datasets, and report the results in
Table 2.

PostDoc w/o DSF: Instead of using the deep submodular
function proposed in Equation 1, we make use of a sim-
ple feature-based submodular function (without any train-
able parameters) which takes coverage and diversity into ac-
count: f(A) = λ

∑
x∈A

∑
y∈D xuyu−

∑
x∈A

∑
y∈A xuyu.

For inference we choose the subset A which gives the max-

imum value of f(A). The value of λ was set as 0.2 for this
experiment.

We remove the terms
∑

x∈A

∑
y∈D xuyu,∑

x∈A

∑
y∈A xuyu, and

∑
x∈AI

∑
y∈AT

xuyu respec-
tively from Equation 1 and proceed with the min-max
optimization procedure (Section 3.2) to formulate the
ablations PostDoc w/o Coverage, PostDoc w/o Diversity,
and PostDoc w/o Alignment.

From Table 2, we can see that PostDoc is able to achieve
the best performance on ROUGE metrics which shows the
importance of the combination of all the components present
in it. On the other three metrics, we do not see any consistent
pattern among the different model variants.

Questions GPT-3.5 + BLIP PostDoc

Coverage 3.13 ± 0.83 3.40 ± 0.64
Duplication 4.26 ± 0.27 4.13 ± 0.37

Content Ordering 3.33 ± 0.62 3.33 ± 0.47
Image Selection 2.66 ± 0.47 3.0 ± 0.70

Template 2.33 ± 0.5 3.46 ± 0.18
Run Time 1.86 ± 0.29 3.60 ± 0.64

Table 4: Results of human eval on a subset of NJU-Fudan

4.6 Human Evaluation
We have conducted a small-scale human survey to under-
stand the quality of the generated posters from the actual
human perspective. We hired 3 experts in AI as reviewers for
this task. We randomly chose 5 research papers from NJU-
Fudan dataset. We used GPT-3.5+BLIP as the only baseline
for this study as GPT-3.5 is often considered to be close
to humans in generative tasks. Each reviewer generated the
posters by the two algorithms from each of the selected 5
documents and gave a rating on a scale of 1 (worst) to 5
(best) to each poster for each of the following aspects: (1)
Coverage of the document? (2) Duplication of content? (3)
Ordering of content? (4) Selected images? (5) Template of
the poster? (6) Run time of the algorithm? In Table 4, we
compute average and standard deviation of the ratings pro-
vided by all the reviewers on all the documents. The human
evaluation shows that PostDoc is as per or better in terms
of output content quality and much better in terms of user
satisfaction with the layout and runtime.

5 Conclusion
We have presented PostDoc, an end-end pipeline to automat-
ically generate a poster from a long multimodal document. It
is interesting to find that PostDoc, by using a novel combina-
tion of deep submodular functions and a single call to LLM
(ChatGPT) is able to achieve better or comparable perfor-
mance than direct calls to the same LLM which is expensive
both in terms of computation and cost. In the current work,
the performance of PostDoc is limited for non-natural im-
ages such as flow-chart and neural diagrams, and other struc-
tured elements like tables, etc. We plan to fine-tune VLMs
on documents containing such elements as a future work.
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