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Abstract. Text-image retrieval (T2I) refers to the task of recovering
all images relevant to a keyword query. Popular datasets for text-image
retrieval, such as Flickr30k, VG, or MS-COCO, utilize annotated im-
age captions, e.g., “a man playing with a kid”, as a surrogate for queries.
With such surrogate queries, current multi-modal machine learning mod-
els, such as CLIP or BLIP, perform remarkably well. The main reason
is the descriptive nature of captions, which detail the content of an im-
age. Yet, T2l queries go beyond the mere descriptions in image-caption
pairs. Thus, these datasets are ill-suited to test methods on more abstract
or conceptual queries, e.g., “family vacations”. In such queries, the im-
age content is implied rather than explicitly described. In this paper,
we replicate the T2I results on descriptive queries and generalize them
to conceptual queries. To this end, we perform new experiments on a
novel T2I benchmark for the task of conceptual query answering, called
ConQA. ConQA comprises 30 descriptive and 50 conceptual queries on
43k images with more than 100 manually annotated images per query.
Our results on established measures show that both large pretrained
models (e.g., CLIP, BLIP, and BLIP2) and small models (e.g., SGRAF
and NAAF), perform up to 4Xx better on descriptive rather than con-
ceptual queries. We also find that the models perform better on queries
with more than 6 keywords as in MS-COCO captions.

1 Introduction

Text-to-Image retrieval (T2I) aims to retrieve images that answer a user key-
word query [3]. Recent methods based mainly on deep learning models such as
CLIP [25], BLIP [19], and BLIP2 [18] achieve state-of-the-art performance on
such a task by retrieving the relevant image 68% of the time. These models
jointly learn vector embeddings from image-caption pairs, so the embedding of
the image should be close to that of the caption describing that image.
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Since the most adopted datasets are Flickr30k [33], VG [16], and MS-COCO [20],
with only image-caption pairs, all evaluations implicitly treat captions as surro-
gate queries, overlooking that a user query might not describe so explicitly the
image content. Moreover, these datasets contain at best N(captions)-to-1(image)
T2I mapping but miss any 1-to-N mapping. This is again problematic for real
applications in which a query usually aims to retrieve several images.

(a) A pizza shown in an open boz. (b) A small propeller plane sitting on a field.
Fig. 1: Examples of images, captions, and annotations in VG dataset.

For instance, existing T2I evaluations for Figure 1b assume that image to
be the only relevant image for the caption. Further, since they are trained only
on mere descriptions of the images, they are unable to understand conceptual
queries like “symbols of wars from the past” and potentially missing that image.

This paper focuses on replicating [1] results in T2I [25,19,18,10,35] under
the lens of descriptive vs. conceptual queries. To this end, we introduce a new
dataset for Conceptual Query Answering, ConQA, comprising both descriptive
and conceptual queries with a length of three or four words. This length is similar
to the average queries in Web search engines [14,22], and in the Google Trends
for Google Images'. ConQA? comprises 80 queries on 43k images and over 100
annotated images per query using Amazon Mechanical Turk; 30 queries are
descriptive, similar but shorter than those in previous datasets, and 50 queries
are conceptual, an underrepresented type of queries in existing datasets.

Our extensive results highlight that state-of-the-art T2I models perform well
when the text is a long image description, while the performance declines when
the text is short or conceptual. These results confirm and extend those in a
previous study [11] that highlighted deficiencies of T2I models, such as CLIP, in
retrieving images containing a single object (e.g., a bird).

Contributions. In summary, we contribute with (i) A thorough replicability
study of state-of-the-art T2I models validating previously reported results; (ii)

A new dataset, ConQA, that extends MS-COCO and VG annotations with 1-to-
N query-image pairs, providing a new benchmark for the T2I for both conceptual

1 Google Trends for Image search in 2023
2 The code and ConQA: https://github.com/AU-DIS/ConQA


https://trends.google.com/trends/explore?date=2023-01-01%202023-12-31&gprop=images&hl=en
https://github.com/AU-DIS/ConQA
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and descriptive queries; (iii) A reproducibility study on T2I models on ConQA

short descriptive and conceptual queries. (iv) Important experimental findings
showing the limitations of current T2I models those queries.

2 Related Work

Table 1: Main datasets for T2I and their characteristics. Annotation type: Cap-
tion (C), Object (O), Relationship (R), Segment (S), Attribute (A).

Dataset Images Relevant Conc. Annotation Task

per Query Queries
Flickr30k 31K 1 b 4 C Captioning
VG 108K 1 b 4 O, AR Relationship Detection
MS-COCO 328K 1 X O, C,S  Obj. Det., Segmentation
GCC 3 300K 1 b 4 C Captioning, Retrieval
ConQA 43K 24.2 (4 0,C, AR Retrieval

Image retrieval aims to find images that match a query [3], whereby the
query type reflects the task to solve. Image-to-image retrieval [32] returns images
visually or semantically similar to a query image. T2I [13,31,34] returns images
that match text queries or descriptions. Hybrid [36] retrieval finds images based
on a combination of text, images, and additional annotations (e.g., semantic
annotations). Here, we study the T2I task and describe current benchmarks’
limitations to evaluate the T2I task.

Common benchmarks in T2I. Two of the most popular datasets for evaluat-
ing image retrieval tasks are Flickr30k [33] and MS-COCO [20]. MS-COCO [20]
consists of more than 328K images classified into 11 super-categories, e.g., “vehi-
cle,” divided into 91 categories e.g., “bicycle”. MS-COCO is intended for object
detection, segmentation, and captioning, as such images are paired with captions
and annotated objects and segments. Similarly, Flickr30k [33] provides about
31K images crawled from Flickr; each image is associated with five captions.
Flickr30k aims to analyze the semantic relationships and similarities between
different captions. As such, MS-COCO and Flickr30k feature only one known
correct image for each piece of text (caption or description). A more recent
dataset for image captions is the Google Conceptual Caption (GCC) [29] that
includes conceptual relations through synonyms and hypernyms. GCC consists
of 3.3M images from the web, each with multiple captions, with 10.3 words on
average. Yet, the image captions are quite detailed and descriptive. VG [16] is a
dataset associating semantic annotations to objects in the image with a collec-
tion of 108k images from MS-COCO and YFCC100M [15] annotated with scene
graphs. A scene graph is a graph with objects in the image as nodes and the rela-
tionships among them as edges, describing the image contents from the semantic
point of view [21]. Images are manually annotated by more than 33 000 workers
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using crowdsourcing. VG images are still associated only with descriptive cap-
tions. Therefore, none of the existing datasets are intended (nor appropriate) as
a benchmark for the T2I task, since for a given textual clue we only have one
image annotated as relevant (see Table 1). Furthermore, these datasets implicitly
encourage descriptive texts.

State-of-the-art models in T2I. The current best-performing methods for
T21I are vision-language models, such as CLIP [25], BLIP [19], or BLIP2 [18].
Such models are large models with up to billions of parameters that require a
large amount of training data and computational resources, e.g., some versions
of CLIP require 500 V100 GPUs and 18 days of training. CLIP [25] employs a
contrastive loss that promotes high similarity only for true image-caption pairs.
BLIP [19] and BLIP-2 [18] are flexible models trained to perform several tasks.
As CLIP, they are trained for the Image-Text Constastive (ITC) task, which
allows fast image and text search by kNN search. Both models can also perform
a fusion image-caption to estimate the probability that both are related, called
Image-Text Matching (ITM). ITM is much slower than ITC, but it is more
precise due to an attention mechanism that aligns the image and the text.

Besides large vision-language models, small specialized models [17,10,35] ex-
plicitly target T2I, often employing cross-attention mechanisms [7] to align words
and image regions. SGRAF [10] leverages graph convolutional networks to model
relationships between words and regions. NAAF [35] considers both matched
and mismatched word-region pairs. These lightweight models train on consumer
hardware. Yet, since such models are trained on MS-COCO or Flickr30k, it is
unclear whether they generalize to more complex queries.

Diffusion models. Diffusion models [27] are an orthogonal line of work aiming
to solve a different task, namely generating images given textual descriptions.
T2I retrieval can improve the results of such generative models [5] by including
T2I models for similarity search as an initial filtering for image generation.

3 ConQA creation

Despite recent advances in multi-modal representation learning, the replicabil-
ity of the results and their generalizability when these methods are employed
explicitly for the task of T2I have not been studied before. To provide a more
robust test dataset for the T2I task, in this work, we design and collect new
annotations for the popular VG [16] dataset to benchmark T2I methods. Then,
we identify two query sets: descriptive and conceptual.

Image selection. ConQA is a curated subset of VG 1.4. We select VG as it
enriches MS-COCO with scene-graphs, which we use to select images with rich
content. We filter images according to the following annotation quality criteria:

1. Description: The image should have one or more captions. Hence, we dis-
carded the YFCC100M images with no caption, obtaining 91 524 images from
the MS-COCO subset of VG.
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2. Significance: The image should be a non-trivial selection of scenes with at
least two objects and one interaction. Notice that a picture of a single object,
such as a car, can pass this filter if the graph annotates the parts of the
objects and their relations, e.g., “license plates-on—bumper”. We kept only
images with scene graphs containing at least one edge, thus retaining 67 609
images.

3. Coherence: some VG edges contain noisy, erroneous, or meaningless anno-
tations. In our case, we enforce that all relationships should be verbs and not
contain nouns or pronouns. To detect this, we generated sentences for each
edge as a concatenation of the words in the node labels and the relationship
and applied Part of Speech tagging®. We remove all images with scene graphs
that contain an edge not tagged as a verb or where the tag is not in an ad-hoc
list of allowed non-verb keywords?. After filtering, we obtain 43413 images.

Figure 1a depicts a discarded image as the scene graph has the edge “pizza
has not been eaten yet”, which contains the noun pizza. Figure 1b shows an
image with an acceptable scene graph.

Query generation. To ensure high-quality query-image relevance annotations,
we devise a two-step approach.

The first step consists of generating queries for the dataset. Since there are no
publicly available T2I query logs, the researchers created them. Six researchers,
divided into three pairs, served as annotators to create both conceptual and de-
scriptive queries. A descriptive query mentions some objects or actions in the
image, such as “people chopping vegetables”. While, a conceptual query does
not mention specific objects or actions, but refers to a generic abstraction, e.g.,
“working class life”. As a result, images with different objects can fit the query,
e.g., a picture of an office or a factory ground can both be considered relevant.
Notice that unlike GCC [29] that creates its “conceptual captions” by removing
details of the original caption, e.g., removing proper names and object counts,
or replacing a word by its hypernym, our conceptual queries are created inde-
pendently of the images. As a result, while the GCC conceptual captions still
describe the scene objects and relationships with fewer details than the original
captions, our conceptual queries do not prescribe a particular type of object or
action in the scene. The annotators also ensured that the queries are as realis-
tic as possible. A post-hoc analysis confirms that the average number of words
per query (3.4 words) is closer to the number of words reported for real query
logs from Web search engines (2.56 words) [14] than the length of the aver-
age MS-COCO caption (11.26 words). The annotators generated 30 descriptive
queries and 50 conceptual queries. After generating the queries, the annotators
were tasked to search the dataset for images relevant to their query. To this
end, the annotators used a prototype search engine using the “ViT-B/32” CLIP
model [25]. The annotators could use ad-interim proxy or reformulated queries

3 en_core_web_sm model in SpaCy [12]
4 Allowed keywords: {top, front, end, side, edge, middle, rear, part, bottom, under,

next, left, right, center, background, back, parallel}
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to find such relevant images. Anecdotally, we report that the annotators had to
reformulate their queries several times before finding at least one relevant image.
The annotators kept the queries for which they could define a non-empty initial
relevant set.

Data augmentation. We augment the initial set of images by adding the top-
100 closest images in VG according to a pretrained ResNet152 model [9], meaning
that the new images share visual features with the images in the original set.
The purpose of this step is twofold, (1) evaluating a large amount of images, and
(2) discriminating human- from machine-retrieved images.

Human annotation. Finally, we set up a set of Human Intelligence Tasks
(HITs) on Mechanical Turk (MTurk) [2], where each MTurk task consists of a
query and 5 candidate images sampled from the augmented set of images per
query. The workers are instructed to mark each image “Relevant” or “Irrelevant”
for the given query®. They are also allowed to report “Unsure” when undecided.
To reduce presentation bias, we randomize the order of images in each query. We
also include validation tasks with control images to ensure a minimum quality
in the annotation process, so workers failing 70% or more of validation tasks
are excluded. Hence, we purposely present the worker images that the initial
annotators manually tagged as completely irrelevant and only for descriptive
queries. As a result, we employ 2 190 workers to tag 6.9k images with at least 3
workers annotating the same query-image pair. Each worker answered on average
2.5 HITs, 77% of workers performed at most 3 and only one performed 16 HITs.

Annotation cost. We tag 100 images per query for a total of 80 queries. We
show 5 images per HIT, and decided to obtain three judgments per query-image
pair. Every time we show a descriptive query, one of the 5 images is replaced with
a control image for that query. Therefore, to tag all the images for conceptual
query we need 60 HITs and 75 for descriptive query. Since we pay USD 0.2 per
HIT and Amazon charges us 10% of that, in total, the entire dataset tagging
costs USD 1155. Yet, since we run several preliminary versions of the HITs to
validate the interface and the process before running the final task, the cost is
about USD 1500. Notice that this cost is only for Amazon Mechanical Turk, and
it does not consider the time expended by the researchers defining the queries,
analyzing the results of the tagging, and re-running HITs when needed.

4 ConQA Annotations and Content

After filtering the most inaccurate users, we obtain 6941 images annotated as
relevant /irrelevant for at least one query, and on average 100 images per query
tagged as either relevant, non-relevant, or unsure by at least three workers. The
queries have between 1 and 7 words with a median length of 3 words, and each
has 100 annotated images as relevant /irrelevant by the workers. Finally, Figure 2
shows that the images span several MS-COCO categories uniformly.

® An example is shown at https://benevolent-sawine-669286.netlify.app/
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Fig. 2: Number of images per category in ConQA.

Table 2: Query depth in Wordnet hyponymy /hypernymy
Depth

Queries (#) Min Max Average

ConQA Conceptual (50) 2.96+1.94 6.73£1.79 4.88+1.57
ConQA Descriptive (30) 3.56+2.30 8.03+1.43 5.99+1.35
MS-COCO captions (1.5M) 1.53+£0.88 9.72+1.52 5.7540.93

Conceptual vs descriptive queries. We analyze the different abstraction lev-
els of words in conceptual and descriptive queries. Hence, we measure the depth
of the query words in the WordNet hyponym structure [23], which is a hierarchy
where depth is related to concreteness as it goes from the most generic term [6]
to the most concrete. We expect that the words in the conceptual queries have
fewer nodes between them and a root concept, i.e. the most generic. Since queries
have more than one word, Table 2 presents the the average/minimum/maximum
word depth averaged per query. The results show that conceptual query words
are closer to the root node than descriptive query words. MS-COCO captions
are similar to descriptive queries on average while the minimum and maximum
values are, respectively, lower and higher than ConQA queries.

Validation task. We study the annotation quality by analyzing the perfor-
mance of the validation task. Figure 3 shows the correct/incorrect (unsure means
the worker selected unsure as the answer) number of validation HITs with re-
spect to the number of times a worker has been evaluated. Additionally, about
one-third of the workers are not assigned any task with validation, but these
are mostly workers who completed only 1 or 2 hits. Thus, it is reasonable to
conclude that the vast majority of labels obtained are of high quality. To assess
the inter-rater agreement between our evaluation and the workers’ output, we
computed Cohen’s Kappa, which yields 0.676, suggesting a strong agreement.

Image relevance. We further evaluate the reliability of obtained labels by
measuring the inter-judgment agreement between workers. We classify each im-
age into 5 categories in our analysis: “Fully Relevant” meaning all workers se-
lected relevant, “Fully Non-relevant” meaning all workers selected non-relevant,
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Fig. 4: Distribution of workers’ responses per query.

“Majority Relevant” meaning most workers selected relevant, “Majority Non-
relevant” meaning most workers selected non-relevant, and “Unsure” otherwise.
Figure 4 illustrates the distribution of different mentioned categories. The fre-
quency with which workers selected the “Unsure” category for images in con-
ceptual and descriptive queries has a median of 20.0% and 13.97%, respectively.
Moreover, the maximum frequency of “Unsure” is 32% for a conceptual query
and 27.43% for a query in the descriptive category, showing that even humans
tend to have difficulties when assigning relevance to some conceptual queries.

5 Replicating and generalizing T2I experiments

We present the results of our experiments in two parts. First, we reproduce
the T2I over MS-COCO-5K experiments as reported in the papers CLIP [25],
BLIP [19], BLIP2 [18], SGRAF [10], and NAAF [35]. The second experiment
aims at replicating the results in a zero-shot regime on the portion of the MS-
COCO dataset for which we have annotations in ConQA. We additionally eval-
uate the models on ConQA conceptual and descriptive queries. We define repro-
ducibility and replicability as they are defined by ACM in [1].

Models and configurations. We evaluate three pretrained large vision-language
models (LVMs) CLIP [25], BLIP [19], and BLIP2 [18], and two specialized T2I
models, NAAF [35] and SGRAF [10]. In all the cases, we use the original im-
plementations and pretrained weights. CLIP is trained on the WeblmageText
dataset (~400M images), while BLIP and BLIP2 are trained using a combina-
tion of datasets, including MS-COCO [20], VG [16], GCC [29], Conceptual [8],



T2I beyond captions-as-a-query 9

and SBU captions [24], resulting in more than 14M images. Further, LAION [28]
is used as a source of noisy captions adding 100M images. For CLIP, we report
the results for the ViT-L_140336px model that attains the best results in the orig-
inal paper [25]. For BLIP [19] and BLIP2 [18] we both use a version fine-tuned
on MS-COCO for the reproducibility study (Section 5.1) and the pretrained
version for the replicability experiment (Section 5.2). For BLIP and BLIP2, we
use the ITC modality for obtaining an initial set of 128 images and then use
ITM modality to re-rank them, as described in [19,18]. For SGRAF we use the
pretrained model on MS-COCO for the reproducibility experiment (Section 5.1)
and the model trained on Flickr30k for replicability (Section 5.2). For NAAF
the only available pretrained model is on Flickr30k; for this reason we do not
report results on reproducibility. The subscript FT next to each model’s name
indicates the version fine-tuned on MS-COCO.

Datasets. In the reproducibility analysis, we use MS-COCO-5K which com-
prises 5k images with 5 captions each used to test the model in the original
papers [25,19,18,10,35]. For the replicability experiments, we report results on
five datasets: Conc, DEsc, MS-COCO-VG, GPT-Conc, and GPT-DEsc. All
datasets consist of the 6.3K images tagged by the MTurkers excluding the seed
image annotated by the researchers. CONC and DESC are queries in ConQA in
which an image is relevant for the query only if three MTurkers deem it rele-
vant. MS-COCO-VG queries are the 5 MS-COCO captions for each image in
the ConQA dataset. Note that while LVMs are trained with images from various
sources, to the best of our knowledge they have not been exposed to the MS-
COCO-VG queries tested in this work as we use the original hold-out set to test
the models. The results in our reproducibility and replicability analyses seem to
confirm this assumption. Finally, GPT-CoNC and GPT-DESC are respectively
the top-10 rephrasings of the CONC and DESC queries obtained using the GPT-
J6B model [30] with prompt “QUERY” can be rephrased as to task the model
to rephrase the query.

Measures. We report NDCG, R-precision, and Recall at 1, 5, and 10. NDCG
evaluates the entire ranking by assigning a higher score to relevant images in
the top positions. R-precision is the percentage of relevant images in the first R
positions, where R is the number of relevant images for the query. For consis-
tency with the T2I literature [17,35,10,25,19,18], here, we define Recall@QK as the
percentage of queries that return at least one relevant image within the top-K
ranked images. We note that this definition assumes explicitly that each query
(caption) can retrieve at most 1 relevant image. Our evaluation code adopts
the ranx library [4], which follows TREC definitions, hence what we report as
Recall@K here, it is called hit-rate@K in ranx.

5.1 Reproducing T2I results

We first compare the experiments in the original papers and in the previous
study [11]and highlight some differences among them. In the case of CLIP, the
original paper presents a zero-shot experiment; while in the other cases the mod-
els (including BLIP and BLIP2) are fine-tuned on MS-COCO. Table 3 presents
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Table 3: Results for T2I in MS-COCO-5K: our results vs. originally reported

Replication Originally reported
Recall@l Recall@5 Recall@10 Recall@1 Recall@5 Recall@10

BLIPgr [19] 65.1 86.3 91.8 65.1 86.3 91.8
BLIP2pt [18] 67.9 87.5 92.4 68.3 87.7 92.6
CLIP [25] 37.1 61.6 71.5
ECIR’23 Rep. CLIP [11] 21.9 40.2 49.8 37.8 62.4 72.2
CLIP ViT-L/14 36.5 61.0 71.1
SGRAFgr [10] 40.5 69.6 80.3 40.2 - 79.8

Table 4: Replicating results from ECIR’23 Rep. CLIP [11]

Replication ECIR’23 Rep.
Recall@1 Recall@5 Recall@10 Recall@1 Recall@5 Recall@10
CLIP ViT-L/14 [25] 21.9 40.7 49.9
ST-CLIP ViT-L/14 [26] 22.1 40.7 49.9 21.9 40.2 49.8

our reproduction of the T2l experiments as presented in the original works. The
results on CLIP, BLIPpr and BLIP2pr are mostly consistent to those in the
original papers [25,19,18]. Minor differences can be ascribed to technical dif-
ferences in the platform as stated in the PyTorch documentation®. The most
apparent difference is between our results and that of a previous evaluation [11]
for the CLIP model that is depicted in the row “ECIR’23 Rep. CLIP” of Table 3.
That work [11] reports on average 20% less Recall that originally reported for
CLIP [25]. An inspection revealed that the ECIR’23 evaluation was conducted
using the ViT-L_14 in opposition to the ViT-L_14@336px used in the original
CLIP paper and in our evaluation. Moreover, Sentence Transformer library [26]
implementation was used in the ECIR’23 [11], while our experiments use the
CLIP original implementation [25]. Therefore, we performed the experiment
with ViT-L_14 using both implementations. Our results show that the model
and implementation differences do not account for the reported difference. Fur-
ther analysis of the “ECIR’23 Rep. CLIP” code, shows that the authors used
an ad-hoc list of 20252 images/captions from MS-COCO with only one caption
per image instead of five captions per images, despite stating that they used the
standard MS-COCO-5K [11]. Table 4 shows that we could replicate the results
reported in [11] using the original CLIP implementation and the Sentence Trans-
former, called ST-CLIP in the table. Notice that, the MS-COCO based dataset
used in [11] (mistakenly labeled there as MS-COCO-5K), has 4x more images
than MS-COCO-5K. Hence, the task is more challenging than in MS-COCO-5K
as the task consist in ranking 20 252 images instead of only 5000, which explains
the difference in the results.

S https://pytorch.org/docs/stable/notes/randomness . html
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Table 5: Results for T2I Retrieval on Descriptive vs. Conceptual queries. The
results with MS-COCO differ from those reported in previous work as we use
25% more testing examples and we do not fine-tune the models.

Method Queries NDCG R-precision Recall@1 Recall@5 Recall@10
MS-COCO-VG 70.8 51.6 51.6 76.1 84.5
DEsc 48.0 15.3 20.7 51.7 62.1
BLIP2 [18] GPT-DESC 40.2 9.5 12.8 32.4 43.4
Conc 36.4 5.4 8.2 28.6 36.7
GPT-ConNc 32.1 3.4 3.9 16.1 25.3
MS-COCO-VG  66.9 46.3 46.3 71.8 80.9
DEsc 46.2 15.3 20.7 58.3 62.1
BLIP [19] GPT-DEsc 39.3 10.4 13.4 32.8 48.6
Conc 35.0 5.4 4.1 28.6 40.8
GPT-ConNc 31.6 3.8 3.1 14.5 22.0
MS-COCO-VG 50.5 28.0 28.0 49.8 60.3
DEsc 47.8 16.5 20.7 58.6 65.5
CLIP [25] GPT-DEsc 40.2 10.1 12.1 34.5 45.2
Conc 37.9 6.8 12.2 30.6 36.7
GPT-Conc 32.4 3.7 5.3 15.5 24.3
MS-COCO-VG 41.0 17.7 17.7 37.4 48.0
DEsc 41.5 10.6 13.8 34.5 44.8
NAAF [35] GPT-DEsc 36.7 7.3 9.0 26.6 33.8
ConNc 30.7 2.4 4.1 12.2 16.3
GPT-ConNc 29.2 1.9 3.7 8.2 12.2
MS-COCO-VG  39.6 16.5 16.5 35.6 46.1
Drsc 36.3 79 69 241 345
SGRAF [10] GPT-DEsc 33.9 5.8 5.9 18.3 25.2
Conc 28.4 1.3 0.0 8.2 10.2
GPT-ConNc 27.8 1.3 0.8 6.1 9.6

Finally, we obtain results with SGRAF gt slightly better than those reported
in the original paper; our results refer to an improved model released by the au-
thors in their code repository. As mentioned above, it is not possible to evaluate
the NAAF model under the same conditions described in the paper [35].

5.2 Replicating and generalizing T2I results

We study the performance of T2I models under different query regimes. These
results extend those of previous experimental evaluations [25,19,18,10], and pave
the way to novel research in this field. Table 5 shows that the results vary
significantly across query types.

Finding 1: The LVMs perform well in zero-shot MS-COCO-VG queries as opposed
to specialized models. In zero-shot, the LVMs perform better than the small
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fine tuned NAAF and SGRAF. Yet, we see that the performance of the LVMs
decreases in the ConQA queries compared to their original performance on MS-
COCO-5K. This can be seen in BLIP, BLIP2 and CLIP Recall@1, 5, 10 in
Table 3 with Table 5, e.g., BLIP2 Recall@1 on MS-COCO-5K is 67.9% and on
MS-COCO-VG is 51.6%. Hence, while we conclude BLIP2 to be the best off-
the-shelf method, and with superior zero-shot capabilities than small fine-tuned
models, we still highlight difficulties in generalizing to other query sets.

Finding 2: The models are challenged by shorter queries. The models perform
best on MS-COCO-VG queries that are similar to those employed in the model
training. Yet, we observe a consistent performance drop on ConQA’s queries,
even those descriptive. Recall that ConQA has on average 24 relevant images
per query and, despite such an easier case, most models do not identify relevant
images in the top-5. This confirms our hypothesis that current models are less
suited for shorter queries commonly found in web-search.

Finding 3: Current models struggle on conceptual queries. On conceptual queries
that describe the content of the image in an abstract manner only, all models
experience a significant setback up to 30% on all metrics compared to MS-
COCO-VG queries. For example, Table 5 shows that BLIP2 Recall@1l on MS-
COCO-VG is 51.6% and on conceptual queries is 8.2%

Table 6: Relative percentage improvement with p-value< 0.05 among pairs of
queries and difference measures; values in bold: p-value< 0.01; X: not statistically
significant; inf: the measure is 0 for the set of queries.

Method Metrics CoNc CoNc DEsc GPT-Conc  GPT-Conc GPT-DEsc
Desc MS-COCO-VG MS-COCO-VG GPT-Desc MS-COCO-VG MS-COCO-VG
NDCG 31.9 94.2 47.3 25.1 120.4 76.2
R-precision 186.1 862.2 236.3 177.1 1412.1 445.7
BLIP2 [18] Recall@1 X 531.8 149.3 229.0 1230.1 304.2
Recall@s 81.0 166.3 47.1 101.0 371.9 134.7
Recall@10 69 130.0 36.1 71.7 233.9 94.5
NDCG 32.1 91.1 44.7 24.5 111.6 70.0
R-precision 181.5 752.0 X 174.0 1117.7 344.3
BLIP [19] Recall@1 406.9 1034.3 123.8 339.3 1412.4 244.3
Recall@js 69 151.2 48.7 126.1 395.4 119.1
Recall@10 52.1 98.3 30.4 120.6 267.2 66.5
NDCG 26.2 X X 23.9 55.9 25.7
R-precision 142.9 X X 173.5 X X
CLIP [25] Recall@1 X 128.3 X 127.5 426.9 131.7
Recall@s 91.5 62.5 X 122.3 220.8 44.3
Recall@10 78.4 64.3 X 86.0 148.5 33.6
NDCG 35.3 X X 25.6 X X
R-precision 333.4 X X 295.1 X X
NAAF [35] Recall@1 X 333.5 X 144.1 381.7 97.4
Recall@5 181.6 205.1 X 225.3 357.6 40.7
Recall@10 174.6 193.8 X 176.0 291.8 42.0
NDCG 27.7 X X 22.1 X X
R-precision 504.7 X X 335.8 1146.4 X
SGRAFP [10] Recall@1 inf inf X 618.1 1917.3 180.9
Recall@s 195.7 335.7 X 198.5 480.9 94.6
Recall@10 237.9 352.0 X 162.4 380.8 83.2
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Finding 4: Most of the results are statistically significant and exhibit a noticeable
difference from MS-COCO-VG. We further report an experiment on the differ-
ences observed in Table 5. We perform a Mann-Whitney U test , a form of
non parametric test to assess statistical significance of the alternative hypoth-
esis that the model when retrieving queries in X got a lower score than those
in Y. In our case, we compute differences for the following (X,Y") dataset pairs
(Conc, MS-COCO-VG), (DEsc, MS-COCO-VG), (GPT-Conc, GPT-DESC),
(GPT-Conc, MS-COCO-VG), (GPT-DEsc, MS-COCO-VG). We repeat the
test for all measures and report the relative percentage improvement calculated
as (my — mg)/my for a pair of measures (mg, my). We report only the relative
improvements for which the p-value< 0.05. The results in Table 5 confirm our
findings. In particular, all models exhibit statistically significant differences in at
least two metrics when comparing CoNC with DESC and MS-COCO-VG queries.
The DESC queries are also significantly different from those in MS-COCO-VG
in the two largest models, BLIP and BLIP2. We evince that LVMs have a bias
towards longer queries or image descriptions. Finally, we experience significant
differences among GPT-paraphrased queries and MS-COCO-VG queries, show-
ing that the difference is due to the content rather than the language.

6 Conclusions

We successfully reproduced and replicated results in the T2I task using LVMs,
such as CLIP, BLIP and BLIP2, and specialized models trained on a specific
dataset, such as SGRAF and NAAF. In particular, we obtained results within
1% of those reported for CLIP, BLIP, BLIP2, and SGRAF while, we could not
reproduce NAAF due to the lack of pretrained model on MS-COCO. More-
over, we point out a limitation of a previous CLIP reproducibility study [11]. To
perform a more systematic evaluation, we introduced ConQA, a dataset built
on top of VG and MS-COCO datasets, that enriches the T2I task by adding
conceptual queries that express the content of images in abstract terms. We
found that small models, such as SGRAF and NAAF, are not able to generalize,
even when training on Flickr30k and testing on MS-COCO. In contrast, BLIP
and BLIP2 outperform CLIP even without fine-tuning. Furthermore, BLIP and
BLIP2 perform 1.5x better on MS-COCO-VG queries than ConQA descrip-
tive queries. Hence, these models perform better on larger and more descriptive
queries. Overall, we found out that all the models tend to perform better on de-
scriptive queries rather than conceptual ones. Particularly, we found that some
measures are 5x lower for conceptual than for ConQA’s descriptive queries, and
up to 10x than MS-COCO-VG queries. This shows a limitation of state-of-the-
art models to generalize on conceptual queries. Our study provides evidence of
unknown issues of current T2I approaches and paves the way to novel models
that incorporate higher level abstractions to properly answer conceptual queries.
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