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Abstract

Text-to-Image (TTI) systems often support people during ideation,
the early stages of a creative process when exposure to a broad
set of relevant images can help explore the design space. Since
ideation is an important subclass of TTI tasks, understanding how
to quantitatively evaluate TTI systems according to how well they
support ideation is crucial to promoting research and development
for these users. However, existing evaluation metrics for TTI remain
focused on distributional similarity metrics like Fréchet Inception
Distance (FID). We take an alternative approach and, based on
established methods from ranking evaluation, develop TTI evalua-
tion metrics with explicit models of how users browse and interact
with sets of spatially arranged generated images. Our proposed
offline evaluation metrics for TTI not only capture how relevant
generated images are with respect to the user’s ideation need but
also take into consideration the diversity and arrangement of the
set of generated images. We analyze our proposed family of TTI
metrics using human studies on image grids generated by three
different TTI systems based on subsets of the widely used bench-
marks such as MS-COCO captions and Localized Narratives as well
as prompts used in naturalistic settings. Our results demonstrate
that grounding metrics in how people use systems is an important
and understudied area of benchmark design.
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1 Introduction

Generative models and specifically text-to-image (TTI) models
are being increasingly used in creative tasks, especially through
ideation, the process of generating a list of design candidates in the
beginning of a creative design task [28, 41, 44, 48, 96]. In this paper,
we study TTI systems, a class of models particularly well-suited
for ideation in the visual arts [47], architecture [64], and crafting
[88]. In order to robustly benchmark TTI systems, researchers need
to develop both datasets (i.e., prompts and relevance information
such as a target image) [68, 78, 98] as well as evaluation metrics
[32, 62]. These metrics can either be based on human rater prefer-
ences between a pair of system outputs (e.g., through a side-by-side
comparison for a fixed prompt) or on offline metrics based on the
automatic comparison of model output to an example system target.

While there have been advances in the critique and mitigation
of datasets involved in benchmarking TTI systems [76, 84], evalu-
ation metrics remain relatively immature and deserving of more
attention [62]. Evaluation methods based on manual side-by-side
comparisons of system output [2-4, 6], although effective at detect-
ing differences between systems, suffer from multiple inefficiencies.
On the one hand, this method incurs time costs arising from recruit-
ing and training participants as well as conducting the assessment
alone; when operating in rapidly advancing environments, these
time costs can limit the space of models evaluated (and developed).
On the other hand, because each pair of systems needs to be manu-
ally compared, the evaluation scales quadratically in the number
of systems [29]; as a result, the financial cost of model evaluation
may be prohibitive. Offline or automated evaluation metrics address
these scalability issues by using information such as target image
data to algorithmically score and compare systems [37, 79]. The
most popular approach is to use the Fréchet Inception Distance
(FID) [37], a method that compares the distribution of generated
images over a workload of prompts to the distribution of example
or target images over the same workload of prompts. FID, while
mathematically convenient, is deficient in several ways [10, 25].
First, FID compares population-level statistics and, therefore, a sys-
tem can generate a set of images comparable to the target set while
individually being poor responses to the prompt. Second, because
FID is a population-level metric, the benefits of per-prompt error
analysis disappear. This includes evaluating for sub-population met-
rics such as fairness. Moreover, when comparing a pair of systems,
because FID measures population level differences, evaluation can-
not leverage matched statistical tests, known to improve sensitivity.
Finally, FID may inaccurately measure TTI effectiveness because
it is computed using a collection of generated images within and
across prompts without paying attention to how they may be used
or interacted with by users. This risks metric divergence [58], when
there is a disconnection between an evaluation metric and the con-
struct we are interested in measuring, a more general version of
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the value alignment problem [93]. FID does not explicitly model
user behavior or task, even though we know users engage with
TTI systems in the context of ideation through a grid interface. As
a result, evaluation may be brittle, especially as systems become
effective enough to be operating in a region of the performance
landscape where FID cannot effectively detect differences (cf. simi-
lar phenomenon in search evaluation [89]).

Seeing the need for reusable offline evaluation as a necessary
benchmarking tool, we develop novel TTI evaluation metrics based
on explicit models of how users engage with system decisions. This
responds to a recent call to abandon metrics like FID that do not
model human behavior and perception [62]. We leverage theories
from the ideation literature to understand what people need during
ideation [35, 45, 61, 80] and techniques from Information Retrieval
(IR) to formally model these concepts [17]. In particular, we adapt
two well-studied IR metrics, expected reciprocal rank [18] and rank-
biased precision [57], to account for grid layouts, generated images,
and ideation intent. We note that to leverage the soft relevance
labels based on similarities to example images, in this study, we
assume that there is always one or more ground truth example
images known to be relevant to the given prompt.

We conduct experiments on comparing our proposed set of met-
rics with traditional ones, demonstrating that (i) modeling sequen-
tial user browsing increases consistency with human preferences,
(ii) modeling novelty and variety increases consistency with hu-
man preferences, and (iii) modeling image visual saliency increases
consistency with human preferences. We observe this behavior on
three different datasets including MS-COCO captions [21], the local-
ized narratives [70] and a set of aggregated prompts generated by
humans. We release our code at https://github.com/Narabzad/Set-
Based- Text-to-ImageGeneration.

2 Related work

Text to Image Generation Evaluation Despite the recent ad-
vances in text guided image generation models [31, 33, 49-51, 71—
73,77, 78, 91, 98], evaluating such systems have not been studied
extensively. The lack of evaluation tools for such systems has been
identified as a serious issue within the community [24, 55, 62, 63, 67].
The Inception Score (IS) measures properties of unconditional gen-
erated images for (i) low-entropy across image classes, and (ii) high
entropy across image classes over a population of generated images
[79]. However, the Inception Score (IS) is susceptible to gaming a
perfect score by creating one image for each of the base embed-
ding classes. Therefore, while better performance is possible, the
metric does not fully capture the potential for improvement. Addi-
tionally, IS is appropriate for assessing only certain properties of a
general, unconditional image generation model and is not suitable
for TTI evaluation. As a mathematical refinement of IS, the Fréchet
Inception Distance (FID) compares the distribution of Inception
embeddings of real and generated examples [26, 37]. A lower FID
indicates a higher similarity between the real and generated distri-
butions, and thus more realistic images. However, like IS, FID was
designed for unconditional image generation, making its use for
TTI evaluation somewhat contrived [4]. Although other methods,
like Kernel Inception Distance [9], have proposed further mathe-
matical improvements, FID remains the dominant evaluation metric
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[62]. Multiple studies have demonstrated that population-level met-
rics like FID are not correlated with human preferences [54, 62, 66].
In particular, Otani et al. [62] rigorously analyzed TTI evaluation,
finding weak alignment with human behavior and perception as a
primary cause of this inconsistency.

A second group of metrics evaluates the alignment between
generated images and the user prompt. Some metrics achieve this
by algorithmically captioning the generated image and then com-
puting text similarity to the user prompt [23, 92]. Other metrics
measure semantic object accuracy, which assesses how well objects
in the generated image match terms in the caption [38, 39, 97].
This group of evaluation metrics is limited by the performance of
a second model (e.g., caption generation, object detection model,
or visual question answering models) and usually does not show
a high correlation with human-generated prompts, as reported in
previous works [23, 65, 78, 98]. In addition, they lack the flexibility
to be applied to set-based evaluation of TTI systems, which is the
focus of our work. Even state-of-the-art caption generation models
struggle to produce distinct captions for images generated from the
same TTI system for a given prompt [34, 43, 85]. Our experiments
demonstrate that even with a SOTA pretrained image captioner
model such as VL-T5[22], there are significant overlaps between
the generated captions for images generated from an individual
TTI system for a single prompts. Consequently, the evaluation met-
ric would yield the same relevance score for all generated images
within the set. As a result, these metrics are not effective in evalu-
ating TTI systems on set-based instances, which is the focus of our
work. In a recent study [95], the authors introduced a method to
score and evaluate human preferences. Similarly, in [46] the authors
collected a preference-based dataset to train a CLIP-based scoring
function so called as PickScore to predict human preferences on
individual pair of generated images for a given prompt. However,
their focus was on individual generated images rather than consid-
ering set-level evaluation, which crucially incorporates diversity
alongside relevance. In our work, we only focus on TTI evaluation
metrics that are applicable to set-based TTI generation evaluation.

There have been also attempts to develop evaluation pipelines
for TTI models [7, 39, 40, 46]. For instance, Petsiuk et al. [68] cre-
ated a set of fifty challenging tasks and applications for state-of-
the-art TTI models. As a result, several curated benchmarks for
TTI evaluation have been developed. Moreover Yu et al. [98] intro-
duced PartiPrompts, a comprehensive benchmark of 1,600 English
prompts covering 12 different categories and 11 challenge aspects.
In PartiPrompts, similar to Xu et al. [95] human annotators were
asked to select the better generated image from two models (one
image per model). Although the majority of preference-based TTI
evaluation focuses on pairs of single images, Saharia et al. [78]
conducted preference-based evaluations between sets of images
generated by two models. To the best of our knowledge, their col-
lected dataset is the only work that conducted evaluation on set
of images. In our work, we follow the same concept and aim to
conduct experiments comparing sets of generated images, albeit on
a larger scale.

Diversity Measuring the diversity of image sets has a long his-
tory in multimedia retrieval [1, 56, 87]. For example, the MediaEval
2017 benchmark introduced image search result diversification in
the context of photo retrieval [99], arguing that diversity within
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image search results is crucial because it (i) addresses the needs
of different users, (ii) tackles requests with unclear information
needs, (iii) widens the pool of possible results for increasing the
performance, and (iv) reduces redundancy in the results. We adopt
similar desiderata motivated from the the precise ideation context
in which TTI is often used. While MediaEval could use relevance
and diversity unmodified IR metrics because images were explic-
itly rated, TTI needs to impute these ratings because images are
generated.

3 Method

3.1 Problem Definition

We define the TTI Task as: Given a prompt or query g, a TTI system
s, generates an w X h matrix X where each element is an image. If
the TTI interface returns a ranked list of length k, we generate a
1 X k matrix and similarly when a grid is required, the TTI system
presents the generated images in a grid view of m X n images. Fur-
ther, we define the TTI Evaluation Task as: An evaluation metric g
is a function that, given an arrangement of generated images X, a
prompt g, and side information u4 about the image utility (e.g. an ex-
ample target image), computes a scalar value where a higher value
indicates better performance of system. We summarize the perfor-
mance of system s over a space of prompts Q with the expected
value of i over the distribution of queries in Q, Eq.o [1(s(q), ug)]-

3.2 Designing a Metric for TTI

As mentioned in Section 1, in the context of creative design, users
leverage TTI systems to generate design candidates to support
ideation. Dominant theories for measuring the quality of an ideation
process focus on four criteria [35, 45, 80]. Fluency refers to the total
number of relevant items generated. Variety refers to the number
of unique types of relevant items generated. Novelty refers to how
different relevant items are from all previously generated items.
Finally, quality refers to the degree of relevance of generated items.
We are interested in designing metrics that capture these different
dimensions of ideation effectiveness.Here, we will review relevant
concepts from information retrieval evaluation as they pertain to
TTI evaluation.

A General Model of User Behavior: Let X be the matrix of
k = wh images generated for a specific prompt, where we index
each generated image from 1 to k. When inspecting a grid, we
define the trajectory =z as be the specific sequence of inspected
images represented as a permutation of [1, k], where 7; refers to
the ith examined image index. We begin our metric development
in the context of classic IR evaluation where users inspect a one-
dimensional ranked list in a serial, deterministic order. We will
return to grid-based interfaces at the end of this section.

We also have available information about the relevance of an
image to the user for a prompt g. Let f*(x) € [0, 1] represent the
relevance of an image x to the user.

Given a trajectory sz, we define a family of metrics based on
how the user might engage with the images in linear order. The
position-based model models the probability of a user inspecting the
image at rank position i in the trajectory as y'~!, where y € [0, 1]
is a free parameter controlling the depth the user is likely to reach
[27, 75]. The cascade model models a user who, after inspecting

44

SIGIR-AP ’24, December 9-12, 2024, Tokyo, Japan

a relevant image, might be satisfied and terminate their scan [18,
19, 27]. Let the probability that a user is satisfied by an image be
a monotonically increasing function of its relevance, g* (f*(x)),
which we represent as shorthand using g* (x) for clarity. In this
case, the probability that they reach rank position i is y/ =1 H;;} (1-
g*(7j)). In the remainder of this section, we will demonstrate how
to use these models to design metrics capturing fluency, quality,
novelty, and variety.

Fluency: To measure fluency, we define a metric based on the ex-
pected number of relevant images the user will see. For the position-
based model, rank-biased precision or RBP [57], is defined as,

k
RBP(7) = ) f*(m)y"™! (1)
i=1
Under the cascade model, extended expected reciprocal rank (ERR)
metric [18], is defined as,

k i—1
ERR(7) = ) f*(m)y' ™' [ [(1-g"(x))) @)
i=1 j=1
Quality: Unlike classic IR evaluation, we cannot a priori judge
the relevance of all possible images, we leverage a wide variety
of side information to estimate the relevance of generated images.
In general, this could include information about user preferences,
image attributes, or anything else helpful to estimate relevance. In
our study, we assume that we have access to one or more example
images known to be relevant to the prompt. Given a generated
image x and a relevant image X, we estimate the relevance of x as
the following where ¢ is an image embedding function, for example
based on the activation of an interior layer of a neural network:

() = (p(%).4(x)) ®)

Carterette and Allan [15] uses a similar approach to label unlabeled
documents in classic IR evaluation.

Variety and Novelty: In TTI evaluation, for a given prompt,
we only have a few example images and therefore do not have
information to measure novelty of a generated image to the user
or in general. However, we can measure the novelty of an image
to the user while they scan the list. Given the similarity of novelty
within a list to variety within a list, we consider both of these crite-
ria together. In situations where we have additional information
about the novelty of an image to a user or in general, we suggest
these criteria be decoupled. In order to measure novelty within a
list, we leverage existing methods designed to measure diversity.
Similar to Maximum Marginal Relevance [36], we model novelty
by discounting the relevance of an image based on previously seen
images. The discount factor for the ith image in 7 is defined as the
following where 1 (i, 7) can be used to discount f*(r;) which we
can then use in either RBP or ERR.

n(i,7) =1- max <¢(7r,~),¢(nj)>
jel1i-1]

Expected Metrics over Trajectories: In more general grid-
based interfaces, we cannot assume that users will all follow a
deterministic trajectory when presented with an arrangement of
images [30]. Users may inspect images in arbitrary trajectories
based on their position and attractiveness. As such, we can com-
pute the expected metric value over all possible trajectories. Let

4)
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Figure 1: Overview of our proposed approach

Table 1: Examples of prompts from MS-COCO ,LN-COCO and Prompts dataset as well as average and standard deviation ¢ of length

of prompts in each dataset.

Dataset # #Words o  Example Prompt

MS-COCO 500 10.3 2.2 Aherd of cows standing on a grass covered hillside.

LN-COCO 500 42.8 19.2  In this picture we can see three cows standing on the grass. There is a
tree and few mountains are visible in the background.

Prompts 500 11.6 9.4  Origami cow flying over the moon.

Pr() be the probability that the user scans the images in the order
represented by 7; in other words, Pr(r) is a multinomial distribu-
tion over all permutations in Si. Although a naive model might
consider a uniform distribution over trajectories, we know that
users tend to be more attracted to certain images based on their
position and visual features [30]. Inspired by the observation that
users tend to look at the most salient images first [59, 83], we
model Pr(7) using a Plackett-Luce model based on predicted image
salience [69]. Let o(x) be the visual salience of x represented as a
positive scalar value. After normalizing this value over all images to
sum to one, we iteratively sample an image from this multinomial
without replacement, generating a sequence of images (i.e. 7). This
process can be executed efficiently by using the Gumbel-softmax
method [12].Figure 1 displays a general overview of our proposed
approach for evalauting TTI systems.

4 Experimental Setup
4.1 TTI Systems

To run experiments and validate how our proposed evaluation met-
rics can distinguish between the two sets of generated images, we
took three state-of-the-art TTI systems [78, 98]. In order to preserve
the anonymity of the systems and emphasize evaluation, in this
paper, we refer to these as systems A, B and B’. B’ is the smaller
version of system B, with fewer number of parameters. In prior
work, systems A and B have shown competitive performance and
consequently, the smaller version of system B, system B’, has shown
relatively worse performance compared to system A. The assump-
tion that a model with fewer parameters has worse performance
compared to a larger model of the same class has previously been
used for evaluation purposes [67].
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4.2 Datasets

To conduct our analysis, we require sets of prompts with associated
prior information. As discussed in Section 3.2, each prompt is linked
to at least one relevant target image. We utilized the COCO dataset
[53], which provides two distinct representations of information
needs: 1) COCO captions (MS-COCO) [21] and 2) Localized Narratives
(LN-COCO) [70]. Additionally, we collected a third dataset, Prompts,
comprising of prompts entered by users of a TTI demo.

The examples in Table 1 highlight the difference between prompts
used for these experiments for the same image. As shown in the
first two rows of this Table, the same image was described with
10 words when using MS-COCO captions and 24 words when using
LN-COCO as prompts. We demonstrate how a same image was de-
scribed with 10 words when using MS-COCO captions and 24 words
when using LN-COCO as prompts. We are interested in investigating
whether our proposed metrics and baselines are robust with respect
to the lengths of the prompts for the same prior information. While
the average number of words in Prompts and MS-COCO seem close
(11.6 vs. 10.3), the standard deviation of the number of words in the
prompts of these two datasets differs significantly. The standard
deviation of the number of terms in Prompts is 9.41, while this num-
ber for MS-COCO is only 2.21. From Table 1, we can see that prompts
in the MS-COCO dataset are consistently short, while in the Prompts
dataset, the length of the prompts varies more. We conclude that
prompts in the MS-COCO dataset are consistently short, while in the
Prompts dataset, the length of the prompts varies more.

COCO Captions The COCO dataset is widely used to evaluate
various deep learning and computer vision tasks, including TTI
systems [20, 31, 53, 78, 81, 98, 101]. The MS-COCO captions dataset
contains over 200K images, each annotated with five captions. For
this paper, we randomly sampled 500 images from the MS COCO
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Figure 2: Four image grids and associated salience maps for the prompt ‘a cute puppy is painting’. Images grids in the left
column have lower diversity than those in the right column as reflected by the different positions and breeds on puppies. In
image grids in the top row, images tend decrease in salience from left to right; in the bottom row, there is less of a relationship

between position and salience.

2017 validation set. For each image, we randomly selected one of
the captions as the input prompt for experiments and used the
associated image as the target image.

Localized Narratives Recent work has raised concerns that
COCO captions might not be realistic surrogates for human prompts
[98]. Therefore, we use Localized Narratives dataset which are a
subset of the MS-COCO dataset, and their associated text is four
times longer than COCO captions on average [70]. Inspired by
previous work [49, 100, 101], we also conducted experiments with
generated images from more detailed descriptions of images (local-
ized narrations) and examined how the longer version of prompts
affects the performance of TTI systems.

Prompts Describing an image through captions or detailed nar-
rations is different from issuing a prompt to address an information
need in various contexts. To ensure that our evaluation metric
is representative of prompts that appear in practice, we also ana-
lyzed performance on human-generated prompts. We collected a
third dataset including 1,500 prompts from real users, referred to
as Prompts, consisting of prompts entered by users of a TTI demo.
This dataset is more representative of the types of prompts that TTI
systems will encounter in practice, and they cover a wide range
of topics and styles. Some examples of prompts in Prompts are "A
futuristic city with lots of greenery", "A small cabin in the woods",
and "A cozy reading nook in a library". The TTI demo was used
for generating images for various purposes, including research, de-
sign, and presentations. We also recorded the generated grids from
two TTI systems, A and B, and collected feedback on individual
images, including positive and negative signals, such as thumbs up
and down, as well as implicit signals, such as downloads, copies,
or shares. We used both implicit and explicit positive feedback to
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create a set of target images for each prompt, selecting only those
prompts that were tried on both TTI systems and received positive
feedback on both. This resulted in a set of target images, consist-
ing of at least one image from each of the two TTI systems, for
each prompt. We randomly sampled 500 such prompts that satisfied
these requirements.

4.3 Metric Variations

We present our six different metric variations in Table 2. RBP and
ERR metrics are defined in Equation 1 and 2 respectively. The sub-
scripts 1 discounts the relevance function as explained in Equation
4. When 7 is sampled based on uniform distribution the metric has
a superscript u otherwise the 7 is sampled using the normalized im-
age saliency and unless specified, we adopt a value of y equal to 0.9,
as suggested in the literature [14]. We compute the average of the
metric over 100 sample trajectories for each prompt. The similarity
between generated images and target images is calculated using the
cosine similarity of the embedded vectors of images obtained from
Inception V3 which has been widely used in downstream vision
tasks and evaluation methodologies [8, 52, 60, 72, 86, 90, 94].

4.4 Baseline TTI Evaluation Metrics

In addition to FID, we develop a simple diversity-based metric,
Diversity, to assess the set-based diversity of TTI output. Diversity
measures the average pairwise similarity between all generated im-
ages. A higher pairwise similarity rate within a grid indicates lower
diversity. We compute pairwise similarity using cosine similarity
of the embedded vectors of images obtained from Inception V3.



SIGIR-AP ’24, December 9-12, 2024, Tokyo, Japan

Negar Arabzadeh, Fernando Diaz, and Junfeng He

Table 2: Different variations of our proposed metrics

Metric User Model Relevance Pr(x) Metric User Model Relevance Pr(r)
RBP  Position-based f*(x) Saliency ERR  Cascade-based f*(x) Saliency
RBPI,; Position-based  f*(x) X n(i,7) Uniform ERR}; Cascade-based  f*(x) x n(i,7) Uniform
RBP, Position-based f*(x) X n(i,7) Saliency ERR, Cascade-based f*(x) X n(i,7) Saliency

4.5 Modeling Salience

Although there are no existing saliency models or gaze data avail-
able for a grid of images, we can use models trained on webpages,
which usually contain multiple images (or even a grid of images
sometimes). There are several existing free viewing gaze data on
webpages [16, 82], and among them, [16] is the latest and largest,
with gaze data on 450 webpage screenshots, collected from 41 peo-
ple with eye trackers. 450 webpages are a relatively small data set,
and insufficient to train the webpage saliency model. We follow
the typical training paradigm in saliency modeling area: first train
the model with Salicon data [42], a large scale saliency data set on
10K natural images, then fine-tune it with webpage gaze data. The
loss functions we use is a combination of KLD and NSS [13], both
of which are popular loss function for saliency models. Our web-
page saliency architecture essentially follows the SimpleNet idea in
[74] with some modification and simplification. More specifically it
takes a MobileNet V3 (pretrained on ImageNet classification data)
as backbone, and extracts embeddings from 4 layers of conv 2, 4, 6,
8. On each embedding, we apply two conv layers, where the first
layer has a kernel 3 X 3, number of channels matching the input
embedding, max pooling 3 and relu operator and the second layer
has a kernel 1 X 1, 1 channel and relu operator. Then the output
of each branch is converted back to the resolution of the input
with a bilinear resize operator. The outputs of the 4 branches are
then summed to 1 channel, followed up by a sigmoid function to
generate the output saliency map. Finally, we average the predicted
saliency of individual images within the grid and use it as initial

distribution to sample 7 1.

4.6 Data Annotation

4.6.1 Annotation Process. We curated a dataset of human prefer-
ences over sets of generated images for prompts from the three
above-mentioned datasets. An annotation study was conducted us-
ing an internal platform, where annotators selected their preferred
set of images for each prompt. Based on prior work in task-based
evaluation of information retrieval systems [11], we grounded the
annotation in a simulated work task provided to annotators as,

“You and your coworkers are trying to come up with an image
for a project presentation. Together, you all have come up with a
description of the image, which we will refer to as a ‘prompt’ (shown
in blue below). Two designers, X and Y, have sketched possible images
for the group to decide on the images to use. Which designer’s sketches
would you prefer to present to the group to decide on the presentation
image?”

The instructions, along with a prompt, were displayed at the
top of the assessment interface. Two sets of eight images were

We release our code at
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presented in a 2 X 4 grid view, one from TTI system X on the left
and one from another TTI system Y on the right, immediately below
the guidelines and the prompt. Annotators rated which of the grids
they preferred on a five-point Likert scale: 1) X is much better than
Y, 2) X is somewhat better than Y, 3) X and Y are the same, 4) Y is
somewhat better than X, and 5) Y is much better than X.

To ensure the quality of the collected annotations, each pair
of sets of generated images was annotated three times with dif-
ferent annotators. We used the consensus agreement among all
three judgments to generate the final annotation results. We ran
preference-based annotation between each pair of systems, i.e., A vs.
B,Avs.B’, and B vs. B’, on 500 prompts from each of the MS-COCO,
LN-COCO, and Prompts datasets.

In total, we collected 13,500 annotations for our dataset. Addition-
ally, we conducted 100 quality check tests in which we presented
a generated set of images for a given prompt and a random set of
generated images from a different prompt. We assumed that the ran-
domly generated set of images would always be less relevant. We
are pleased to report that all of the quality tests were passed with
the consensus results. Furthermore, the crowd sourcing platform
we utilized had their own internal quality checks and qualification
tests which were passed at the most satisfactory level. On average,
each annotation took 106 seconds to complete and although we
paid the raters hourly, on average we paid 0.50 USD per annotation.

4.6.2 Agreement Rate. Three different annotators judged each pair
of sets of generated images. We computed Fleiss’ x independently
for each dataset. In Table 3, we provide the agreement rate between
the annotators when annotating different pairs of systems on the
three datasets separately, as well as the total agreement on all the
annotated pairs of grids. We also report the agreement rate on a
three-point scale where we collapse ratings in the same direction
(e.g., considering ‘A is much better than B’ and ‘A is somewhat
better than B’ as one option ‘A is better than B’). As shown in this
Table, the agreement rate between the three annotators was quite
promising, and the majority of the prompts received at least two
out of the three annotator’s agreement. Even on a 5-scale consensus
result, which is harder to achieve higher agreement on, only 13.6%
of the prompts from MS-COCO, 12.3% of prompts from LN-COCO, and
12.6% of prompts from Prompts dataset did not have any consensus
agreement between the three annotators. We qualitatively observed
some of the prompts that received 0 agreement rate between the
three annotators and noted that in these special cases, both of the
models generated a relevant set of images, and thus the annotator’s
selection became less robust.

When looking at agreement across annotators for grades on our
Likert scale, we observe moderate agreement MS-COCO (x = 0.57)
and LN-COCO (k = 0.58) and fair agreement for Prompts (x = 0.33).
This suggests that systems are easier to precisely distinguish in
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Figure 3: Annotation results of TTI systems A (orange), B (blue) and B’ (green) on the three datasets. Given the TTI systems X/Y
are on the left/right side of the arrows beneath a sub-figure, the bars in the sub-figure present if "X is much better than Y", "X is
somewhat better than Y", "X and Y are the same", "Y is better than X" and "Y is much better than X" consecutively.

MS-COCO and LN-COCO while the Prompts dataset is more chal-
lenging for annotators. We also computed agreement in direction,
collapsing the bottom two and top two grades. When computing
the directional agreement, we observe substantial agreement for
LN-COCO (x = 0.62) and moderate agreement for MS-COCO (k = 0.56)
and Prompts (k = 0.41). We also observed that, despite perhaps
being more challenging when evaluating these specific systems,
the Prompts dataset has equal or better majority agreement com-
pared to MS-COCO and LN-COCO. From an evaluation perspective,
the difficulty in distinguishing systems could arise from, for exam-
ple, harder to distinguish pairs of image sets or more ambiguous
prompts. If we had observed substantially lower agreement, we
would question whether these systems were in fact different in
terms of the prompts in the Prompts dataset.

Additionally, by comparing the agreement rate on the three
datasets, we observe the agreement rate on the Prompts dataset
is significantly lower than the other two datasets. For instance,
while 57.8% of the prompts in the MS-COCO dataset and 61.8% of
prompts in the LN-COCO dataset had 3 out of 3 consensus agreement
on a 5-scale annotation result, only 28.5% of the prompts in the
Prompts dataset had full agreement rate between the 3 annotators.
Obviously, the agreement rate increases when we only consider the
direction of the options and neglect the magnitude. For instance,
the 3/3 agreement rate increases from 57.8% to 63.5% for MS-COCO,
61.8% to 68.6% for LN-COCO, and from 28.5% to 45.8% in the Prompts
dataset. However, we still see a notable difference between the
three datasets in the agreement rate. We hypothesize that this
difference could be because the prompts in the Prompts dataset are
more challenging and point to more specific concepts and design
patterns, such as the vibes, the quality, style, etc. However, the
prompts in the LN-COCO and MS-COCO datasets do not elaborate on
such specifications, and thus they obtained a higher agreement rate
between the three annotators.
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5 Results and Validation
5.1 Annotation Results

We present the results of our annotation experiments on the five-
point Likert scale in Figure 3 for the three datasets. These results
demonstrate that the preference rate between each pair of systems
is highly dependent on the dataset (i.e., the composition of input
prompts). We note that the MS-COCO prompts are the shortest and
simplest ones for TTI systems to address. In contrast, the Prompts
dataset and the LN-COCO prompts are longer and more challeng-
ing, as shown in previous work [78, 98]. Observing the first row
of Figure 3 (A vs B), we note that when prompts are simpler (i.e.,
MS-COCO), both systems A and B perform well. In fact, in 26% of
the comparisons, annotators rated both systems as “A and B are
the same.” However, for more challenging datasets, we observed
ties amongst 17% (LN-COCO) and 12% (Prompts) of the comparisons.
Consequently, the percentage of extreme choices (i.e., when one sys-
tem is preferred “much” better than the other) is lowest in MS-COCO,
which confirms our previous observation that both systems perform
similarly, making it difficult for annotators to distinguish between
them. On the other hand, in the Prompts dataset, annotators tended
to select extreme choices (i.e., one model is "much better" than the
other one) more frequently than the other two datasets. Therefore,
when the prompts become more challenging, it is easier for anno-
tators to discriminate between two models, as it is more likely that
one of the systems fails to satisfy the complex prompt. When the
prompts are simple, we hypothesize that both models perform well,
and annotators do not perceive many differences between the two
sets of generated images.

When comparing the first row with the second row in Figure
3 and keeping in mind that B’ is the version of B with fewer pa-
rameters, we observe that system A was preferred more frequently
in the A vs B’ comparison rather than in the A vs B comparison
across all three datasets. For example, in the MS-COCO dataset, A was
rated as much or somewhat better than B in 43% of the prompts,
while A was preferred over B’ in more than 50% of the prompts.
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Table 3: Agreement rate between the three annotators on each of the datasets and between each pairs of TTI systems on a
5-level and 3-level Likert scale. Fleiss’ « is reported on both 3-levels and 5-levels consensus.

5-levels Consensus

3-levels Consensus

Dataset 0/3 2/3 3/3 K 0/3 2/3 3/3 K
A MS-COCO 15.6% 245% 59.9% - | 13.7% 21.7% 64.6% -
vs  LN-COCO 10.6% 26.9% 62.6% - 93% 189% 71.8% -
B Prompts 11.8% 60.7% 27.5% - 4.0% 443% 51.7% -
A MS-COCO 12.6% 257% 61.7% - | 10.8% 23.8% 654% -
vs  LN-COCO 127% 254% 618% - | 101% 21.5% 68.4% -
B’ Prompts 122% 595% 283% - 46% 437% 517% -
B  MS-COCO 12.6% 257% 61.7% - | 182% 21.4% 604% -
vs  LN-COCO 13.7% 252% 611% - | 124% 221% 655% -
B’  Prompts 13.6% 56.7% 29.7% - 8.0% 581% 33.9% -

MS-COCO 13.6% 253% 61.1% 0.57 | 142% 22.3% 63.5% 0.56
All ~LN-COCO 123% 258% 61.8% 0.58 | 10.6% 20.9% 68.6% 0.62

Prompts 12.6% 59.0% 28.5% 0.33 | 55% 487% 45.8% 0.41
Average Consensus | 12.8% 36.7% 45.1% - | 10.1% 30.6% 59.3% -

This increase in the preference rate of A from the comparison to B
versus the comparison to B’, indicates that, as expected, the larger
model B was more competitive with A than the smaller model B. It
is also interesting that the option "X and Y are the same" received
the highest rate when comparing TTI system B with B’. Especially
for the Prompts dataset, the two systems are almost indistinguish-
able and were labeled as the same in over 36% of the prompts. In
comparison, between systems B vs B’, we also note the smallest
difference in preference between the two sides, with less than a 4%
difference between when B was preferred over B’ and when B’ was
preferred over B.

5.2 Agreement with Human preferences

Given two sets of images generated by systems s and s, we ex-
pect p(s(q), ug) > p(s’(q), uqg) if human annotators preferred the
set of generated images from s over s’. To ensure the reliability
of agreement between annotators, we only report the agreement
rates of the evaluation metrics on prompts where all three annota-
tors fully agreed on the annotations. The agreement rates in Table
4 indicate the percentage of the prompts where annotators rate
system X as better than system Y and our metric also computes
w(X(q), uq) > p(Y(q), uq). Since FID is not capable of quantifying
the quality of a single set of generated images for a given prompt,
it is impossible to report the agreement rate between annotators on
a per-sample basis. We also report the results of Wilcoxon paired
statistical significance tests with p-values < 0.05 between the an-
notations and the measured performance by p. As shown in Table
4, all six of our proposed metrics are able to show statistically sig-
nificant agreement rates with annotations when comparing A vs
B’ on all three datasets. However, they do not show statistically
significant agreement with annotators when comparing B vs B’. We
hypothesize that since B’ is a version of B only varying by the num-
ber of parameters, their performance may indeed be quite similar.
Therefore, the non-significant agreement rate in this comparison
could be the result of actual comparable performance between the
two systems. The third row of Figure 3 confirms this since the two
systems have the highest "B and B’ are the same" rate (the gray
bars) across all three datasets.
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We additionally note that on the two most challenging datasets
(LN-COCO and Prompts), we see statistically significant agreement
rates with annotators when comparing TTI model A vs B. We note
that (i) MS-COCO prompts are the most simple prompts among the
three datasets, and (ii) the MS-COCO dataset have been widely used
for training TTI systems, and so, TTI models are more familiar
with the structure of simple prompts and images. However, for
more complex prompts, it is more likely that one of the models
fails to generate a relevant set of images, making it easier to as-
sess their performance. As shown in Table 4, our proposed metric
ERR; outperforms the other evaluation metrics on the Prompts
dataset. We achieved a 59.3% agreement rate with annotators when
comparing A vs B and a 63.1% agreement rate when comparing A
vs B’. This metric also shows favorable agreement rates on the
other two datasets. Additionally, the position-based metric RBP;,
which considers variety and novelty, shows the highest agreement
on the MS-COCO dataset. In general, novelty-based metrics were
able to outperform other metrics on all three datasets, confirming
the impact of considering variety and novelty in TTI evaluation
metrics.

5.3 Ablation Study

We studied the impact of Pr(7r) (Section 3.2) on the agreement rates
by comparing RBPy, with RBP}; and similarly comparing ERRy, with
ERR}. We observe in Table 4 that ERR,; shows a superior agreement
rate compared to ERRI,; on the majority of datasets when the agree-
ment rate is statistically significant. Additionally, RBPj also shows
a greater agreement rate compared to RBPy on two out of the three
datasets. By comparing the impact of Pr(sr) across the three datasets,
we hypothesize that sampling 7 from the saliency distribution of
the grid works best as the prompt sets become more challenging
and it has the most positive effect on the Prompts dataset and less
positive effect on the easier prompt sets. We have also included
the agreement rate of the Diversity metric. However, it failed to
show any statistically significant agreement with the human an-
notators. Nonetheless, by comparing the performance of metrics
with and without the variety and novelty components, we can
conclude that incorporating variety and novelty in TTI evaluation
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Table 4: Agreement rate of the metrics with human annotations. Statistically significant agreement with Wilcoxon paired test
and p-value < 0.05 are shown with * symbol. Bold: highest statistically significant agreement in the column.

MSCOCO LNCOCO prompts

AvsB | AvsB’ | BvsB’ | AvsB AvsB’ | BvsB’ | AvsB AvsB’ | BvsB’
Diversity | 47.2% 41.9% 53.1% 45.3% 42.1% 45.7% 45.9% 46.3% 47.1%
rbp 53.7% | 55.3%" 55.5% | 53.1%* | 64.1%" 52.1% | 56.9%* | 60.2%" 54.2%
novrbp 53.8% | 61.2%" 51.7% | 52.5%* | 58.8%" 54.2% | 58.5%* | 60.7%" 54.2%
urbp 53.3% | 58.9%" 52.9% | 54.2%* | 60.0%" 53.4% | 57.7%* | 60.2%"* 49.5%
err 52.2% | 55.4%" 51.7% | 50.0%* | 60.1%" 54.2% | 57.7%° | 61.5% 53.5%
noverr 52.2% | 60.4%" 50.9% | 53.1%* | 60.8%" 56.2% | 59.3%" | 63.1%" 54.2%
uerr 52.2% | 58.4%" 52.9% | 55.2%" | 62.6%" 52.7% | 58.1%* | 61.5%" 52.3%

Table 5: Distinguishing images from the Preferred (P) and Not-preferred (N) set of grids in the preference-based comparisons.
The lower FID in each comparison indicates the better set. For ERR and RBP, higher value indicates better predicted performance.
For the sake of easier comparisons, we multiply the output of our metrics by 100. Bold: The better predicted.

Dataset | Metric AvsB AvsB Bvs B
Preferred (P) | Not-preferred (N) | Preferred (P) | Not-preferred (N) | Preferred (P) | Not-preferred (N)
FID 27802.9 28991.4 23647 26586.6 26673.1 28757.2
ERR 98.75 98.69 98.79 98.75 98.72 98.71
MS-COCO | ERR; 91.23 90.99 91.54 91.35 91.35 91.25
RBP 89.01 88.60 89.36 88.96 88.77 88.69
RBP,] 80.73 80.40 81.04 80.75 80.64 80.54
FID 24191.6 21983.9 22671.9 21237.3 23647.0 26586.6
ERR 96.56 96.34 96.85 96.38 96.23 96.08
LN-COCO | ERRj 90.8 90.27 91.43 90.35 90.08 89.76
RBP 89.58 89.05 90.39 89.04 88.66 88.35
RBP,] 64.65 64.27 65.04 64.29 64.2 63.96
FID 3451.5 4748.6 3372.1 4792.3 9012.0 9133.8
ERR 96.55 96.33 96.48 96.29 96.43 96.38
Prompts | ERRj 90.91 90.41 90.76 90.27 90.55 90.49
RBP 89.47 88.86 89.29 88.76 89.1 88.99
RBP;, 64.85 64.5 64.73 64.39 64.63 64.61

metrics improves the agreement rates of both the position-based
and cascade-based metrics with the human annotations [5].

5.4 Comparison with FID

Although we cannot measure prompt-level agreement for FID, we
can measure the population-level agreement. If comparing two
systems X and Y, we can use the set of all images in the Preferred
grids regardless of the source system; call this set (P). Similarly, we
have the set of images in Non-preferred grids (N). We measure
FID between the following sets: 1) set of target images and all the
generated images from the Preferred grids (P) and 2) set of target
images and all the generated images in Non-preferred grids (N). We
expect that the set of Non-preferred grids to show higher FID (lower
similarity) with the target images. Our results (Table 5) show that,
while FID is able to measure better performance (lower distance
with target images) on the simplest set of prompts (i.e., MS-COCO),
it fails to detect the better-performed set for challenging prompt
sets. In fact, for LN-COCO, FID indicated that the Non-preferred sets
of generated images had performed better when comparing both A
vs B and A vs B’. However, it correctly measured a lower FID score
for the preferred set in the comparison of B and B’.

We can compare the population-level consistency of FID with
that of our proposed metrics. Similar to the FID analysis, we report
the average of our metrics on both P and N sets of generated images.
Unlike FID, all of our metrics were able to assign higher values
when comparing any pairs of the TTI systems and on all the three
datasets. All four of our metrics consider the generated images from
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Preferred grids (P) as the better set compared to the images from
Non-preferred grids (N).

6 Conclusion

Because reliable offline evaluation metrics for TTI systems is critical
for benchmarking purposes in the community [62], we proposed
a set of evaluation metrics for set-based TTI inspired by ground-
ing ideation criteria in traditional IR evaluation methods. We use
existing and novel approaches to capture fluency, variety, novelty,
and quality, while incorporating visual salience as a fundamental
feature of image layouts. Moreover, to the best of our knowledge,
this is the first work to explore assessing generated images as a
set. We demonstrated the effectiveness of our family of metrics
against the popular FID metric, showing that ideation-based mea-
sures were better aligned with human preferences. Although our
results are positive, we believe there are many directions to continue
offline TTI evaluation work. First, our models of visual salience
and browsing, while validated on human preferences, could benefit
from models customized for ideation tasks. Second, ideation and
generation tends to be highly interactive, consisting of multiple
turns where state can be carried across individual sessions and
even between users. This complex interaction suggests that single
turn metrics provide an incomplete picture of system effectiveness.
Finally, our results may provide insight into how to design online
evaluation metrics for TTI based on more elaborate behavior and
interaction than found in classic information retrieval settings.
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