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1 Introduction

Patents are inherently multimodal documents, incorporating both textual descriptions and vi-
sual representations to protect inventions. This multimodal nature necessitates a patent retrieval
system capable of efficiently processing both text and images. However, current research in
patent retrieval has primarily concentrated on text-based approaches [12], leaving a significant
gap in the field. Implementing a multimodal paradigm in patent retrieval could offer several
benefits [29]. A robust visual patent retrieval system can, for example, allow for quicker, more
focused searches, reducing the time required to find relevant patents for patent examiners [23].
This efficiency gain is particularly valuable given the ever-increasing volume of patent applica-
tions!. Additionally, by considering both textual and visual elements, the system can potentially
identify a broader range of relevant patents, enhancing the overall recall of the search process.
As a result, the risk of infringement-related litigation post-publication could be decreased [23].

1.1 Objectives

The main goal of the project Visual and Multimodal Patent Search at Scale (ViP@QScale) was to
research and develop novel approaches and models for visual and multimodal patent retrieval.
Patent images, which are often black-and-white images, are starkly different to natural images.
Content in natural images have colour and texture, whereas in patent images objects are char-
acterized by geometric features, i.e., geometric shapes and spatial relations between them |[21].
In case of natural images, tremendous progress has been made to improve the retrieval methods
due to powerful deep learning approaches, including (large) vision-language models (VLMs) [30].
However, these approaches are not explicitly optimized for patent images. Therefore, adapting
VLMs pre-trained for the utility patent domains can drastically improve results for image patent
search. With this motivation, the first objective of the project was adapting VLMs pre-trained
on natural images to binary patent images by fine-tuning on a large patent image corpus. With
the development of multimodal patent representation models, the second objective was the ap-
plication of the representation models for downstream tasks such as retrieval, clustering, and
classification. The final objective included the evaluation of the representation models on patent
retrieval datasets. The main objectives of this project can be summarized as follows:

e Large-scale multimodal representation models for patent images,

e Application of multimodal models to downstream tasks such as patent retrieval and clas-
sification regarding core concepts (e.g., objects, patent domain, image type), and

e Evaluation of multimodal models on patent retrieval benchmark datasets

1.2 Related Work

Numerous research works have been conducted in the field of patent retrieval, with a predomi-
nant focus on text-based retrieval approaches [12]. This emphasis can be attributed to the fact
that textual data serve as the primary medium for describing inventions in patents, and recent
advancements in machine learning have significantly facilitated the analysis of textual informa-
tion. In addition, most open-source patent retrieval datasets |1, 13, 18] have either provided
only textual content for retrieval, or the relevance judgement is primarily based on textual or
categorical metadata such as claims, abstract, and International Patent Classification (IPC) as
well as Cooperative Patent Classification (CPC) codes. However, visual elements in patents pro-
vide crucial supplementary information about the inventions through innovative illustrations, in
particular drawings. These visual components often convey details that the text alone cannot
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adequately express and offer information that transcends linguistic and domain barriers inher-
ent in patent documents [23, 29|. To this extent, studies on image-based patent retrieval |9, 14|
and multimodal patent retrieval [19, 21, 22] have demonstrated that the incorporation of patent
images can offer substantial benefits to the retrieval process.

In the early works on patent image retrieval, low-level vision-based methods extracted fea-
tures like shape contours, relational skeletons, and Adaptive Hierarchical Density Histograms
(AHDH) [23]. For example, PATSEEK [25] used Edge Orientation Autocorrelograms (EOAC)
for shape-based retrieval, while Csurka et al. [3] use a Fisher Vector representation for images.
These works incorporated additional metadata and figure descriptions for hybrid queries to ad-
dress the limitations of purely visual methods [23], but these systems struggled with scalability
and semantic understanding, often failing to generalize across diverse patent classes |16, 26].

The advent of deep learning introduced a new generation of approaches. The DeepPatent
dataset [13| enabled end-to-end trainable models such as PatentNet [9] and others [14, 27|. In
recent works on design patents [16, 22|, multimodal architectures integrated visual and textual
data to train VLMs such as CLIP [20| enhanced by generated descriptions from large language
models (LLMs) and large vision-language models (LVLMs). While deep learning methods have
significantly improved visual representations in patents, a major focus has been on design patent
images. Although design and utility patents images are both black-and-white and abstract,
design patent images generally show details on design aspects, while images in utility patents
focus more on depicting the applicability of the inventions. Therefore, challenges still remain in
developing a novel multimodal representation model for utility patent images.

2 Work Package Results

This section presents a comprehensive overview of the project’s outcomes, organized according
to the work packages (WPs) outlined in Table 1. Each work package represents a distinct phase
or aspect of the project, collectively contributing to the project’s overall objectives (Section 1.1).
In the following subsections, we will summarize the main results, key findings, and outcomes of
each work package.

Table 1: List of work packages for the project ViP@Scale

Work Package Title

1 Requirements and interfaces for the integration in EPO services
2 Instance segmentation in patent images

3 Multimodal representation learning for patent images

4 Multimodal pre-search and classification of patents

) Efficient models and evaluation at scale

6 Project Management, Coordination and Dissemination

In general, the proposed work packages were addressed as planned. However, during the
course of the project, TIB and EPO jointly decided that approaches for instance segmentation
in patent images (WP 2) are less crucial for patent retrieval than some other directions. Thus,
WP 2 (Section 2.2) was replaced as follows. (1) Due to the significance and high impact of
generative Al models in other domains [30], we explored how to use generative Al models
for multimodal representation learning, pre-search, and classification of patents as explained in
WP 3 (Section 2.3) and WP 4 (Section 2.4). (2) During the project, we noticed that benchmarks
datasets for patent image retrieval, including the one provided by EPO, lack completeness, i.e.,
many relevant images are not labeled as such. This problem originates from the strategies that
are used to automatically create these benchmarks [18]. In many cases, weak indicators such as
citations are used to judge the relevance of patent images regarding a query patent. But citations



are typically incomplete as typically only the most relevant works are cited. Alternatively, the
task of patent image retrieval is reformulated, e.g., to find images from the same patent [13],
which does not match typical use cases for patent image search. As a result, we focused on
creating a high-quality benchmark dataset to reliably evaluate patent image retrieval as explained

in WP 5 (Section 2.5).

Deliverables

Based on the WPs, the deliverables listed in Table 2 were agreed upon for the project. All the
deliverables were submitted to EPO, and are referenced with the corresponding WPs. Due to

the deviations described above, some adjustments were made for deliverable D2.2, as further
explained in WP 2 (Section 2.2).

Table 2: List of deliverables for the project ViP@Scale

Deliverables Title Work Packages

D1 Requirements for multimodal patent search at EPO 1
D2.1 Dataset of annotated patent images )
D2.2 Novel instance segmentation methods for patent images 2
D3.1 Dataset of multimodal patent information (images with related text) 3
D3.2 Multimodal deep learning model for patent data representation 3
D4.1 Models for downstream tasks 3,4
D4.2 Optimized models for downstream tasks 3,4
D5.1 Efficient models 5
D5.2 Results for large-scale evaluations )
D6.1 Regular progress reports 6
D6.2 Publications in reputable venues 3,4,5
D6.3 Workshop organisation 6

2.1 WP 1: Requirements and Interfaces for the Integration in EPO Services

Work Package 1 (WP 1) focused on defining the system requirements and interfaces for inte-
gration into EPO services. This process involved comprehensive discussions of EPQO’s existing
technology stack and systems, leading to the identification of key integration points. The initial
requirements and interfaces were established during the bi-weekly meetings between EPO and
TIB. These discussions resulted in the development of technical specifications, data exchange
protocols, and the adoption of a common technology stack. The team adopted an agile approach,
allowing for modifications as the project progressed.

Key Outcomes

e To simplify integration and for quick prototyping, the visual patent embeddings from the
multimodal models were shared using Google Cloud Platform.

e For rapid prototyping, Streamlit was selected as the primary tool, which is also widely
used at EPO.

2.2 WP 2: Instance Segmentation in Patent Images

Work Package 2 (WP 2) aimed to research and develop novel instance segmentation methods for
patent images. To achieve this, the initial task was to focus on constructing a multimodal patent
data corpus suitable for training and evaluating representation models. Subsequent efforts were
to target the development of metadata extraction methods for patent images and segmentation



techniques to isolate depicted objects. However, much of this work proved redundant when
EPO provided TIB a pre-existing corpus, which already contained comprehensive metadata
and segmentation boundaries for patent images (described in detail in WP 3 (Section 2.3).
Moreover, TIB and EPO discussed on state-of-the-art approaches for instance segmentation
including Meta’s Segment Anything [11] that could be used to further refine existing results.
Thus, as mentioned above, EPO and TIB jointly decided to instead extend other work packages.

2.3 WP 3: Multimodal Representation Learning for Patent Images

The goal of WP 3 was to adapt existing VLMs such as the CLIP model (Contrastive Language-
Image Pretraining; [20]) to the patent domain. The CLIP model provides a multimodal vision-
language representation by learning visual concepts from natural language supervision. Using
a contrastive learning approach on large-scale datasets containing image-text pairs, it projects
text and image inputs into a shared embedding space (shown in Figure 1). CLIP has demon-
strated robust performance across diverse visual tasks, benchmarks, and domains including in
patents [16, 19, 22|. However, these works have used CLIP either without any fine-tuning on
patents [19] or by optimizing it based on design patent figures [16, 22|, which are different to
utility patent figures.
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Figure 1: Contrastive language-supervised image pre-training of the CLIP model for utility
patent domain using extracted figure descriptions. The CLIP model uses a text and image en-
coder to project image-text pairs into a shared embedding space. For this purpose, it maximizes
the similarity of associated pairs of image I,, and text T,.

To address the research gap described above, we focused on adapting the CLIP model [20]
to the utility patent domain. This includes a variety of steps ranging from collecting and
pre-processing a multimodal patent corpus that allows for language-supervised training over
generative Al models to create or further refine descriptions of patent images to the fine-tuning
appropriate VLMs for patent retrieval. In the following, details on the individual steps are
provided.

2.3.1 EPO Utility Patent Corpus

A prerequiste to adapt the CLIP model for the utility patent domain, is to gather a suitable
datasets comprised of image-text pairs. For this purpose, we leveraged a comprehensive multi-
modal corpus comprising images and related text of utility patents provided by the EPO which



is referred to as EPO Utility Patent Corpus in the remainder of this report. The EPO Util-
ity Patent Corpus contains patents across nine CPC sections, encompasses over one million
patents, and contains approximately ten million patent images. Beyond the standard text de-
scriptions and visual representations, the corpus is enriched with valuable metadata such as
figure categories, figure labels, etc. associated with each patent image. Further, to facilitate
the training and evaluation of patent retrieval models, the corpus is divided into three distinct
groups: TRAIN, INDEX, and QUERY. A detailed breakdown of this dataset, including rel-
evant statistics, is presented in Table 3 and 4. The image-text pairs required for training the
CLIP model are taken from the patents in the TRAIN split, and the patents in the INDEX
and QUERY splits are used for evaluation (discussed further in Section 2.5.1).

Figure Type TRAIN INDEX QUERY

Chemical 7,278 153,209 146

Code 1,462 71,454 53

. Circuit 30,387 725,836 1,143

Dataset Group # Patents # Figures Diagram 72590 1,149 266 2,326
TRAIN 66,290 595,629 Drawing 523,282 8,772,323 14,053
INDEX 1,002,374 9,302,246 Flowchart 46,993 776,285 1,459
QUERY 1,756 20,699 Geneseq 4,284 195,419 677
Graph 167,126 2,146,207 4,598

Table 3: Number of patents and figures within Math 623 25,363 36
the EPO Utility Patent Corpus for different Photo 39,238 420,071 789
dataset splits Table 12,790 270,271 283
Text 927 21,553 33

Table 4: Number of images per figure type for
each dataset split

Metadata

The EPO Utility Patent Corpus consists of metadata both at patent-level such as patent title,
CPC codes, and full text description, and at sub-figure-level. A few selected sub-figure-level
metadata are listed in Table 5. An example of a figure from the EPO Utility Patent Corpus
with selected metadata is shown in Figure 2.

[10 Figure Label: Fig. |

Context Surrounding Figure Label:

1. Here, the drawings show: Fig. 1 a diagrammatic
representation of a

2. to the invention from Fig. 1 at the time of the

Component Terms:

20 bumper crossmember
27 connection arrangement
30 crash box

22 end portions

25 first supporting element
40 longitudinal member

Figure 2: Example of a figure (left) from the patent US2019256021A1 randomly sampled from
the EPO Utility Patent Corpus with select extracted metadata (right).

This carefully curated and organized corpus forms the foundation for our efforts to adapt



Table 5: List of selected metadata associated with each sub-figure in the patent image available
as part of the EPO Utility Patent Corpus.

ID Metadata Description

F1 Type Type of the sub-figure

F2 Type confidence score Confidence score of type classifier model

F3 Label text Text of the sub-figure label e.g. Fig. 1, Fig. 3A, etc.

F4 Bounding box coordinates Coordinates of bounding box encapsulating a sub-figure label
for label

F5 Bounding box coordinates Coordinates of bounding box encapsulating a sub-figure

F6 Mentions Snippets of text extracted from full text description containing
the figure label text

C1 Component references Alphanumeric references of all components in a sub-figure e.g.
32A

C2 Bounding box coordinates Coordinates of bounding box encapsulating component references
for component references

C3 Component term Text labels associated with each component reference

C4 Component term men- Snippets of text extracted from full text description containing
tions the component terms

CLIP to the specialized domain of utility patents, enabling more effective and accurate patent
retrieval systems. The corpus’s comprehensive coverage of various patent categories and rich
metadata enhances its utility for training and ensures that the model can generalize well. How-
ever, to use the dataset for training the CLIP model, further filtering and preprocessing steps
are beneficial. In Section 2.3.2, we discuss the filtering and preprocessing steps applied for this
purpose. These steps are essential for removing noise and irrelevant data, thereby enhancing the
model’s performance in patent retrieval tasks.

2.3.2 Preprocessing Steps

We performed the following preprocessing steps to use the EPO Utility Patent Corpus for fine-
tuning CLIP.

Filtering by Figure Type

First, we jointly decided with EPO to only consider figures of type DRAWING (metadata F1;
Table 5) since they best describe the invention in the patent. In addition, prior works [3, 1]
have also shown that selecting only DRAWINGS results in the best performance in retrieval task.
Further, we filter out figures of type DRAWING that were classified by an in-house model with a
confidence score (metadata F2; Table 5) lower than 0.85 based on discussion with EPO.

Filtering Non-informative Images

In addition to filtering only DRAWINGS, we also filtered out “non-informative” images, i.e., patent
images that are abstract and do not show any distinguishing or informative content. Figure 3
shows examples of both “informative” and “non-informative” patent images. For this filtering
process, a binary classifier based on a CNN was provided by EPO.
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Figure 3: Examples of “non-informative”, and “informative” patent images. The filtering process
filters out the “non-informative” images

Segmentation and Padding

Utilizing the bounding box coordinates (metadata F5; Table 5), we cropped the patent figures
to include only the figure content. The segmentation procedure eliminates information such
as patent number, patent issuing office, and others that are irrelevant (or which can even add
bias) for a language-supervised training. If available, this process also outputs the individual
sub-figures with a drawing. For the adaptation of the CLIP model, we set the granularity of
the patent figure at the sub-figure level. Additionally, we padded the images to ensure they had
equal height and width, preventing any distortion or squeezing of their content.

Extraction of Descriptions and Component Terms

Next, for each sub-figure, we extracted figure descriptions (DESC) from the full text of the
patent. The patent sub-figures and the extracted figure descriptions form the image-text pairs
required for adapting the CLIP model (discussed in detail in Section 2.3.4) to the patent domain.
To perform the extraction, we designed a rule-based algorithm that leverages regular expressions.
This algorithm processes figure labels (metadata F3; Table 5) and figure mentions (metadata
F6; Table 5) as input and generates the corresponding figure description from the full text. The
extracted descriptions provide a concise summary of the sub-figure content. An example of such
an extracted description is illustrated in Figure 1. However, extracting figure descriptions is not
always feasible due to certain limitations. One key challenge arises from the optical character
recognition (OCR) system used to extract figure labels, which occasionally fails to retrieve labels
for some sub-figures. Consequently, we exclude these images from further processing since their
corresponding figure descriptions cannot be automatically obtained. The final count of figures
after the filtering process is shown in Table 6.

As an alternative source of text associated with the patent figures, we also utilized the
available list of component terms (TERMS). Examples of component terms are shown in
Figure 2. For fine-tuning CLIP using component terms, we arranged the terms in a comma-
separated string prefixed with “an image composed of”.

Formatting and Masking

For the next preprocessing step, we formatted the extracted figure descriptions by replacing
figure labels such as “Figure 17 with a special token < ¢mage >, and masked the figure labels
and component references with white patches. The main purpose for this is to prevent CLIP



from establishing image-text associations based on these figure labels and component references,
which may result in over-fitting to the training data.

We applied the preprocessing and filtering steps to all three splits of the EPO Utility Patent
Corpus (Section 2.3.1) resulting in the following statistics shown in Table 6. We used this
resulting dataset for training and evaluation purposes.

Table 6: Number of patents and figures within the FEPO Utility Patent Corpus for different
dataset splits after preprocessing

Dataset Group # Patents # Drawings

TRAIN 120,982 333,667
INDEX 660,011 4,825,159
QUERY 1,153 7,612

Beyond the above preprocessing steps, we also explored use of synthetic figure captions
generated using LVLMs that address some short comings of using present existing patent figure
descriptions and component terms. Section 2.3.3 elaborates further on this process.

2.3.3 Generating Figure Captions

Patent Title: Laser Video Endoscope

DESC: Fig. 11 is a sectional view of an assembled hand piece
including distal and proximal portions and a probe of an endoscope
according to an exemplary embodiment of the present invention

TERMS: An image composed of face, proximal end, probe,
trifurcation zone, second portion, proximal portion, channels, fibers,
opening, surface, channel, portion, hand piece, distal end

GenDESC: An image of an assembled hand piece including distal
and proximal portions and a probe of an endoscope.

GenTERMSs: An image of a hand piece with a probe and channels.

Figure 4: Fig 3: Example of a figure (left) from the patent WO2017100651A1 with different text
captions for training CLIP (right). DESC and TERMS are the extracted figure descriptions and
component terms respectively and GENDESC and GENTERMS are synthetic figure captions
generated with LVLM using DESC and TERMS as context respectively.

The extracted figure descriptions may sometimes lack depth or specificity required, for ex-
ample, “FIG. 1 and 2 are views for showing the prior art.” or “Fig. 1 is schematic structural view
of the invention.”. Such descriptions, while technically accurate, offer minimal informative value
about the specific contents or unique features of the figures they reference. Similarly, descrip-
tions like “Figure 3 is a perspective view of the invention shown in Figure 1 in use.” provide little
additional context beyond indicating a change in viewpoint. These vague and non-descriptive
captions pose significant challenges for language-supervised training of a vision-language model,
as they lack the specificity and depth necessary for meaningful image-text associations. Simi-
larly, component terms, while useful for identifying individual components, may not adequately
represent the holistic nature of the invention or its unique features. For instance, a list of terms
like “gear, shaft, lever” fails to capture the innovative mechanism or system they collectively
form.

To address the aforementioned problems, we explored how to use large vision-language mod-
els (LVLMs) to generate more comprehensive and contextually relevant captions for patent



images. LVLMs can understand the complex visual and textual relationships in patent fig-
ures, potentially producing more informative and accurate captions that better represent the
invention’s key features and overall concept. We used LLAVA [15], a state-of-the-art LVLM,
to generate figure captions for patent figures using the following in-context prompting strategy.
In-context prompting strategy is a technique used to enhance the performance of LLMs and
LVLMs by providing relevant examples or instructions within the input prompt. This approach
leverages the model’s ability to adapt to new tasks without requiring additional training or
fine-tuning. For example,

1. GENDESC: Use the patent image and the extracted figure description (DESC) as input
context.

2. GENTERMS: Use the patent image along with the list of component terms (TERMS) as
input context.

For both the variations of figure captions, we used the following LVLM prompt.

< image > For the patent image, please generate a brief CLIP-like image caption
that starts with "an image of ..." and includes no mention of other figures. Use
< metadata = {DESC, TERMS} > as a reference.

Here, in this prompt template, < ¢mage > and < metadata > are replaced with the patent
image and respective metadata information (DESC or TERMS). Figure 4 shows examples of
generated figure caption.

2.3.4 Contrastive Language-image Pre-training for Utility Patent Domain

The extracted figure descriptions (DESC) and component terms (TERMS) as well as generated
captions (GENDESC, GENTERMS), allowed us to formulate four distinct sets of image-text
pairs that can be used to adapt CLIP to the patent domain resulting in four adapted CLIP mod-
els CLIP-DESC, CLIP-TERMS, CLIP-GENDESC, and CLIP-GENTERMS. A comparison
of models using these different types of image-text pairs is provided in WP 5. We follow Goyal
et al. [8] to pre-train CLIP using contrastive language-supervised image pre-training. This ap-
proach, called FLYP (Finetune Like You Pre-train), uses the same contrastive loss for adapting
the model as was used during pre-training. The work demonstrated that mimicking the pre-
training process lead to significant performance improvements.

Implementation Details

For the training of the CLIP model, we used the open source CLIP model training code [10].
For the training architecture, we use the vision transformer variant VIT-B-16 as vision encoder
and a vanilla transformer model as text encoder. We initialized the weights using a pre-trained
model named LAION400M E32, which was pre-trained on 400 million natural image-text pairs.
We optimized the model for 33,000 iterations with early stopping and using ADAMW optimizer
with a batch size of 256 and a learning rate of 3.54e — 6. The hyperparameters and model
architecture were selected using hyperparameter tuning.
We conducted comprehensive hyperparameter optimization across multiple dimensions:

1. Model architecture: VISION TRANSFORMER variants (VIT-B-16, VIT-B-32)

2. Optimization parameters: Learning rates (1073 to 107%), weight decay values (0.1,
0.2) for AdamW



Further the preprocessing pipeline was critical due to the domain gap between natural im-
ages and patent images. To address the unique characteristics of patent images (discussed in
Section 1.1)., we systematically evaluated different normalization parameters with mean and
standard deviations from IMAGENET [5], INCEPTION [24], and our own TRAIN split. We
achieved the best results with IMAGENET normalization parameters.

Visualizing cross-modal alignment of CLIP

After adapting CLIP to the patent domain, we encoded patent images and their corresponding
figure descriptions from QUERY split using the adapted CLIP model and performed dimen-
sionality reduction of the embeddings using Uniform Manifold Approximation and Projection
(UMAP) [17] to visualize them in a 2D-plane. Figure 5 shows the visualization, where the green
circles represent the images, and the blue triangles represent the corresponding figure descrip-
tions in the same projection space. We compare the image-text alignment before (left) and after
adaption of CLIP (right).

Embeddings from baseline CLIP (CLIP-Base) Embeddings from adapted CLIP (CLIP-DESC)

o Images ® Images

LT e
N
. g

UMAP Dimension 2

Figure 5: UMAP visualization of CLIP embeddings before and after adaptation to patent do-
main using figure descriptions for QUERY patents. Left: Embeddings from baseline CLIP
model. Right: Embeddings from adapted CLIP-DESC model. Green circles represent image
embeddings, blue triangles represent text embeddings.

2.4 WP 4: Multimodal Pre-search and Classification of Patents

The main objective of WP 4 was to perform downstream tasks such as retrieval and classification
using multimodal patent representation models. For the retrieval task (Section 2.4.1), the focus
was on developing methods to effectively search and retrieve relevant patent images based on
textual information (i.e., cross-modal text-to-image retrieval), visual information (i.e., image-to-
image retrieval), or both. In terms of classification (Section 2.4.2), the work package explored
the development of patent figure classification techniques, which could be leveraged to facilitate
faceted search in large patent databases. The figure-based classification allows users to filter
and navigate large patent collections using figures, complementing traditional text-based search
methods. For example, users could narrow down their search results by selecting specific figures
based on figure type, patent classification code, object-depicted or figure perspective viewpoint,
greatly enhancing the efficiency of patent search systems.
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2.4.1 Visual and Multimodal Patent Search

The main task in this work involved building visual and multimodal patent search systems that
leverages the multimodal patent representations models developed in WP 3 (see Section 2.3).
These models allow for various image search scenarios including cross-modal retrieval based on
a textual description, image-to-image retrieval based on a query image, and the combination of
both. For this purpose, we first created the embeddings of the patent figures in the INDEX
split of the EPO Utility Patent Corpus using the CLIP model from WP 3. These embeddings
were stored in a FAISS (Facebook Artificial Intelligence Similarity Search) [6] index, which is
an open-source vector database developed by Meta, for efficient retrieval. Given a query image,
description, we computed the embeddings using the same model and compared them to the
embeddings of the images in the INDEX. For this purpose, we used the cosine similarity as the
distance metric based on the FlatIndex, which is a plain vector store provided by FAISS, with
vector dimension of 512 that corresponds to CLIP’s output dimension. Finally, we sorted the
images based on their similarity to create a final ranking.

To showcase the retrieval system, we developed a Streamlit application. First, we created a
backend that implements the retrieval approach described above. Furthermore, we provided a
simple interface (shown in Figure 6) that allows users to input a text or image for text-to-image
and image-to-image retrieval, respectively. The image is passed to the backend which returns
the final ranking to the user. The code and models for the demo was shared with EPO and
served as basis for EPO’s prototype. We plan to extend this demo with additional features such
as user-driven re-ranking and cluster-based visual analytics as further discussed in Section 4 and
Section 5.

11
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Figure 6: Screenshot of the Streamlit application demo for (a) text-to-image retrieval and
(b) image-to-image retrieval. The results show the retrieved images along with patent id (Patent)
and cosine similarity score (Score).
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2.4.2 Patent Figure Classification using Large Vision-language Model

1. Question: Does the shown figure have an exploded projection? Answer 'Yes' or 'No'.
LVLM Response: {'Yes', 1.0} Assigned Projection: exploded

2. Question: Which of the following type does the shown figure have? Choose one correct option.
Options: (1) flowchart (2) drawing (3) graph ... (9) program (10) symbol
LVLM Response: {'(1)', 0.9} Assigned Type: flowchart

3. Question: What is the object shown in the figure? Provide the class label.
LVLM Response: container Assigned Object: storage box

Figure 7: A figure from patent USD534354S1 showing a drawing of a modular tool storage
drawer in cross-sectional projection, and three different questions asking about various aspects
of the figure: 1) Binary question asking about projection 2) Multiple-choice question asking
about figure type, and 3) Open-ended question asking about object depicted. The figure also
shows the response (and token probability) generated from an LVLM and the corresponding
concept assigned to the figure.

In this task, we explored the use of LVLMs for automating patent figure classification (shown
in Figure 7), a task that is critical for improving efficiency in patent retrieval systems. We focused
on adapting LVLMs to the unique characteristics of patent figures, which differ significantly from
natural images, and demonstrate their effectiveness in handling complex classification tasks
within the patent domain.

We explored figure classification of both utility and design patents, whereby we classify figures
by TYPE (e.g., flowchart or technical drawing), PROJECTION (e.g., exploded or cross-sectional
views), OBJECT (e.g., toothbrush or suitcase), and USPC (United States Patent Classification
Scheme).

For this purpose, we utilized two publicly available patent figure classification datasets:

1. Extended CLEF-IP 2011 [7|, which contains 35,926 utility patent figures classified into
10 different figure TYPES, which include block or _circuit, chemical, drawing, flowchart,

genesequence, graph, maths, program, symbol, and table and fall into three IPC subclasses:
A43B, A61B, and H10L.

2. DeepPatent2 [1], which comprises of 2,785,762 segmented industrial design patent fig-
ures covering 22,394 unique PROJECTIONS, 132,890 unique OBJECTS, and 33 USPC
classes.

We combined and adapted the above two datasets to produce two novel datasets that are suit-
able for training and evaluation of LVLM for patent figure classification. The first dataset, PAT-
FIiGVQA, is designed for visual question answering and enables finetuning LVLMs in few-shot
learning scenarios. The second dataset, PATF1GCLS, supports classification tasks across multi-
ple aspects: TYPE, PROJECTION, OBJECT, and USPC class.

To address the challenge of classifying figures across large label sets, such as the 1,400+
object classes, we developed a tournament-style classification strategy (MC-TS). This novel ap-
proach uses iterative multiple-choice questioning to narrow down labels efficiently, significantly
reducing computational costs compared to binary classification method. Here, we experimented
with 5: MC-T'S (5), 10: MC-TS (10) and 20: MC-T'S (20) options per question. Our method-
ology (shown in Figure 8) involved adapting INSTRUCTBLIP [4] to patent figures through fine-
tuning, which allowed us to bridge the domain gap between natural images and technical patent
figures. We tested various classification approaches, including binary classification (BC), open-
ended classification (OC), and our tournament-style method. A BC approach uses multiple
binary choice questions to narrow down to a single classification label, and an OC approach uses
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Figure 8: Workflow of patent figure classification using different LVLM-based classification ap-
proaches. On the left, question templates for different question types used to create PAT-
FicVQA dataset are shown. On the right, three different approaches to figure classification
using a fine-tuned LVLM is shown, which include Binary Classification [BC|, Multiple-choice
Classification - Tournament-style Strategy [MC-TS|, and Open-ended Classification [OC].

open-ended questions together with a mapping function that maps the open-ended answer to a
classification label.

The evaluation framework included both zero-shot and few-shot scenarios, demonstrating the
adaptability of LVLMs even with limited training data. We used ToP-1 accuracy and SEMEQ
metrics for evaluation. The SEMEQ metric uses LVLM as a judge to evaluate if two classification
labels are semantically equivalent or not. The results of the experiments are shown in Table 7,
which highlight the effectiveness of LVLMs in understanding and categorizing patent figures. We
found that LVLM-based methods outperformed supervised traditional CNN-based classifiers for
figure-type and USPC classification tasks while achieving comparable results for projection and
object classification. This work was accepted as a full conference paper in the 47" European
Conference on Information Retrieval (ECIR) and will be presented on April 7, 2025 in Lucca,
Italy (see Section 5). More details can be found in our publication (Awale et al. [2]).

2.5 WP 5: Efficient Models and Evaluation at Scale

In this work package, we considered two main tasks. The first task involved developing efficient
and lean algorithms for large-scale multimodal patent retrieval, including collaboration with the
EPO for “stress tests” to ensure system robustness and scalability. The second task focused on
evaluating the multimodal patent representation models developed in WP 3 on a patent retrieval
task using prevalent relevance data (Section 2.5.1). Our efforts primarily centered on the second
task, where we evaluated the fine-tuned CLIP models on an image-based patent retrieval task
using citation-based relevance judgments. This evaluation provided valuable insights into the
limitations of using citation-based relevance judgement and highlighted the need for a new
image-to-image retrieval benchmark. Hence, we prioritized creating this benchmark over the
first task to provide a more accurate and relevant means of assessing multimodal patent retrieval
system (Section 2.5.2).

2.5.1 Patent Retrieval Evaluation

In this task, we evaluated the multimodal patent representation model developed in WP 3 (Sec-
tion 2.3) on multiple patent retrieval benchmarks. We formulated the evaluation task as an
image-to-image retrieval task i.e. for a given query patent image, retrieve the most similar im-
ages from a database of patent images. The task involved encoding images into feature vectors,
measuring similarity using distance metrics, and efficiently retrieving matches with indexing

14



Table 7: Top-1 accuracy and SEMEQ of supervised and few-shot models and different LVLM-
based figure classification approaches (BC, MC TS, OC) using INSTRUCTBLIP [4] in zero-shot
and few-shot settings (n denotes the maximum number of training samples per class) for Type,
Projection (Proj.), USPC, Objects.

Type (10) | Proj. (7) USPC (32) Objects (1,447)

Approach n Top-1 Top-1 Top-1 ‘ SemEq | Top-1 ‘ SemEq
Supervised (All results from [7])
RESNET50 all 81.60 -
RESNEXT101 | all 85.01 -
CLIP+MLP | all 82.44 -
Zero-shot
BC | - | 4644 | 1450 | 7.80 | 10.60 | 1.38 | 24.40
MC-TS (5) - 73.27 18.00 18.10 25.90 6.77 29.85
MC-TS (10) - 57.69 14.90 17.80 25.70 6.36 30.82
MC-TS (20) - - - 1270 | 19.50 | 2.83 22.11
oC |- | 3096 11.60 510 | 13.20 | 5.18 25.57
Few-shot

RESNET50 150 77.40 32.80 13.50 18.30 | 29.58 37.80
RESNEXT101 | 150 83.07 38.80 16.80 21.30 | 47.96 56.25
BC | 150 | 67.31 16.40 1550 | 17.80 | 6.70 18.80
MC-TS (5) 150 87.98 24.30 25.20 29.40 17.62 33.31
MC-TS (10) 150 87.12 23.90 26.60 | 30.70 | 17.00 33.10
MC-TS (20) 150 - - 25.60 | 29.40 15.83 33.59
ocC | 150 | 8731 | 3460 | 1890 | 21.90 | 18.24 | 4223

tools such as FAISS [6]. We encoded all the patent images using each of our adapted CLIP
models: CLIP-DESC, CLIP-TERMS, CLIP-GENDESC, and CLIP-GENTERMS. Finally,
to determine which of the retrieved images are relevant to the query image, we utilized the cor-
responding ground truth datasets, which allowed us to calculate standard information retrieval
metrics such as mean Average Precision (mAP).

Evaluation Benchmarks

We evaluated the adapted CLIP models on two patent retrieval benchmarks: (1) EPO Utility
Patent Corpus and (2) DeepPatent 13|, which use different forms of ground truth data to
determine relevance between image pairs.

EPO Utility Patent Corpus The EPO Utility Patent Corpus (Section 2.3.1) uses citation
based relevance ground truth. In the patent domain, a citation refers to a documented reference
in a patent search report where a citing patent A identifies a cited patent B as prior art. This
relationship implies that the claims of patent A may be invalidated by patent B if the former
demonstrates a lack of novelty or inventive step (obviousness of the invention). For exam-
ple, if cited patent B predates patent A and discloses similar technical elements, it could negate
patent A’s novelty. A single citing patent can have invalidation risks from multiple cited patents,
as each claim is independently assessed against prior art. Figure 9 illustrates the number of cited
patents in the INDEX split for each citing patent in the QUERY split.

For EPO Utility Patent Corpus, we used patent images from QUERY split as the query
image and the patent images from INDEX as the database of patent images to retrieve results
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Figure 9: Scatter plot showing number of invalidating patents in INDEX of corpus per patent
application in QUERY

from. While this process produces a ranking of patent images, the citation-based relevance
ground-truth data require a ranking of patents. To bridge this gap, we implemented a mapping
function to convert the image ranking into patent ranking. We employed the MAX aggregation
method, which selects the highest similarity score between patent image pairs from two patents.
To illustrate this aggregation method, consider a scenario where a query patent ) contains ng =
3 figures and a retrieved patent P has np = 4 figures. We compute ng x np = 12 similarity
scores for all possible figure combinations and select the highest score as the overall similarity
measure between patents () and P. This approach allowed us to transform the image-based
ranking into a patent-based ranking suitable for our evaluation purposes.

DeepPatent The DeepPatent [13| dataset uses Re-ID (Re-identification) as the relevance
ground truth, i.e., two patent images belonging to the same patent are considered to be relevant.
The dataset comprises patent images from design patents, containing over 350,000 public domain
patent DRAWINGS sourced from the United States Patent and Trademark Office (USPTO).
Patent drawings within a patent are highly likely to be visually similar, which is more appropriate
to evaluate image-to-image patent retrieval benchmark.

The results of our evaluation experiments are presented below.

Results

For evaluation, we computed the mean Average Precision (mAP@k) on the top-k results of the
respective evaluation datasets, choosing the following values for k: 1, 10, 80, 500, 1000, and
2000. Table 8 presents the performance of baseline CLIP (CLIP-BASE) in comparison with the
adapted CLIP models (CLIP-DESC, CLIP-TERMS, CLIP-GENDESC, CLIP-GENTERMS)
on EPO Utility Patent Corpus and DeepPatent benchmarks.

Table 8 indicates that adapting the CLIP model using language-supervision for image-based
patent retrieval tasks yielded modest performance improvements for EPO Utility Patent Corpus.
However, the adapted models on the DeepPatent dataset demonstrated substantial performance
gains over the baseline CLIP model CLIP-BASE, despite not being specifically trained on the
DeepPatent dataset. These results suggest that our pre-training approach effectively enhances
the model’s ability to handle patent images.

16



Table 8: Results for image-based patent retrieval using mAP@Qk for £ = 1, 10, 80, 500, 1000, 2000
of the baseline CLIP (CLIP-BASE) in comparison with the adapted CLIP models (CLIP-
DESC, CLIP-TERMS, CLIP-GENDESC, CLIP-GENTERMS) on EPO Utility Patent Cor-
pus and DeepPatent benchmarks.

Text mAP@Q1 mAPQ@10 mAP@QR0 mAP@500 mAP@I1000 mAP@2000
Results for EPO Utility Patent Corpus
CLIP-BASE 0.20468 0.22078 0.20764 0.18075 0.16821 0.15383
CLIP-DESC 0.21336 0.23251 0.21202 0.18730 0.17404 0.15470
CLIP-TERMS 0.21336 0.23251 0.21202 0.18730 0.17404 0.15470
CLIP-GENDESC 0.21336 0.23188 0.21464 0.18566 0.17098 0.15179
CLIP-GENTERMS 0.21336 0.23188 0.21464 0.18566 0.17098 0.15179
Results for DeepPatent dataset
CLIP-BASE 0.56979 0.58448 0.49603 0.41091 0.38045 0.35062
CLIP-DESC 0.67151 0.66748 0.56736 0.47628 0.44384 0.41286
CLIP-TERMS 0.66352 0.65888 0.5592 0.46724 0.43632 0.40632
CLIP-GENDESC 0.58395 0.59388 0.50134 0.41100 0.38212 0.35377
CLIP-GENTERMS 0.59141 0.60147 0.50462 0.41668 0.38603 0.35862

Interestingly, the mAP values on the DeepPatent dataset are significantly higher than that
for the EPO Utility Patent Corpus. We believe that this discrepancy is due to the misalign-
ment between image-based patent retrieval task and the citation-based relevance judgement,
i.e., patents judged to be relevant based on citations do not necessarily account for relevancy be-
tween images. In the patent domain, the citation-based relevance judgement is primarily based
on text-based patent retrieval systems. Hence, the retrieved patents have a bias towards those
with similar text. Further, the patent examiners are not necessarily required to consider the
patent images during relevance judgement. As a result, a citing patent and a cited patent may
be relevant, but the images between them may not necessarily be similar. Further to exacerbate
the problem, patent examination is a time-sensitive process, and examiners are not incentivized
to find multiple relevant patents. They typically stop searching once they find sufficient prior
art to make a decision on patentability. This leaves a large number of patents judged to be not
relevant (relevance judgement hole). In information retrieval, relevance judgement holes is
a well-known concept, which refers to a gap or missing relevance judgement data between query
and retrieved pairs.

As a result, while our developed multimodal patent retrieval model successfully retrieved
visually similar patent images, the quantitative evaluation metrics based on citations did not
accurately reflect the true performance of these models. On the other hand, on DeepPatent
dataset, which accounts for image-to-image similarity, the models perform relatively well. Al-
though DeepPatent dataset is suitable for our evaluation purposes, the retrieval task does not
reflect the need of patent examiners, i.e., retrieving images from the same patent. These misalign-
ments in the evaluation process highlight the need for more appropriate evaluation benchmark
for image-based patent retrieval tasks.

Figure 10 presents qualitative results that support our hypothesis, demonstrating instances
where visually similar patent images were retrieved but not necessarily reflected in the ground-
truth labels derived from citation-based relevance judgments. This visual evidence underscores
the limitations of relying solely on citation-based metrics for evaluating image-based patent
retrieval systems.
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Figure 10: Retrieved images and their rank that are labeled as relevant (green border) and
irrelevant (red border) according to the EPO Utility Patent Corpus for two query images (black
border). The qualitative results demonstrate that automatically curated citation-based relevance
judgements can be (1) incomplete as images that are considered relevant by humans (retrieved
within the top-2 in both examples) but are not labeled as such; and (2) inaccurate as the images
itself can be irrelevant and are ranked lower according to human judgments while the patent
text is related. The retrieved images are using CLIP-DESC model.

2.5.2 Patent Image-to-Image Retrieval Benchmark

The findings presented in the previous section underscored a critical gap and a need for a new
patent retrieval benchmark that incorporates image-based relevance judgments. To address this
gap, our goal was to build a high-quality patent image retrieval benchmark based on human
annotations. To gain insights into the task’s requirements and potential challenges, we initiated
our efforts with a small-scale pilot study. This pilot study served as a foundation for understand-
ing the requirements of image-based patent relevance assessment and developing a sophisticated
strategies to create a challenging and comprehensive benchmark for patent image search.

Pilot Study

Sample Selection In our pilot study, we manually curated 45 query images, selecting
one representative image from five randomly selected patents evenly divided across nine CPC
sections from the QUERY split. The selection ensured coverage of diverse technical domains.
For each query image, we applied the vanilla CLIP model (CLIP-BASE), pre-trained on natural
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images, to identify two images from the INDEX split. The selection process focused on finding
the two most visually similar images to the query with an important distinction: one image was
sourced from a cited patent to the query patent, while the other came from a non-cited patent.
As a result, we retrieved 90 image pairs for annotation.

Annotation To facilitate the annotation process, we developed a custom tool using Stream-
lit, enabling efficient evaluation across three critical dimensions: visual relevance, semantic rel-
evance, and subpart relevance. One of the project members manually assessed each image pair
by answering three specific questions, each with three possible responses (Yes, No, Unsure):

1. Are the images the same or visually similar?
2. Do the images depict the same or very similar inventions/concepts?

3. Do the images illustrate related components or subsystems of a larger invention?

First, these questions were answered only based on wisual information from the image pair.
However, since reliably answering these questions might require further context, we also provided
additional, multimodal metadata such as patent title, figure description, etc. The statistics can
be found in the Table 9. The statistics show that the more image pairs between query and non-
cited patents were deemed to be visually and semantically similar than the image pairs between
query and cited patents.

Table 9: Distribution of annotation responses for different relevancy questions between cited
patents and non-cited patents. The responses were provided using only the visual information
of the image pair as well as with additional textual information from the patent (denoted as
multimodal).

Mode Question Response Cited Patents Non-cited Patents Total
Yes 10 30 40

Q1 No 34 15 49

Unsure 1 0 1

Visual Yes 4 14 18
1sua Q2 No 27 5 32
Unsure 14 26 40

Yes 4 14 18

Q3 No 26 5 31

Unsure 15 26 41

Yes 11 30 41

Q1 No 34 15 49

Unsure 0 0 0

. Yes 18 20 38
Multimodal Q2 No 18 o4 42
Unsure 9 1 10

Yes 19 20 29

Q3 No 18 24 42

Unsure 8 1 9

Results of the Pilot Study Finally, we built a novel image-to-image patent retrieval
benchmark using the human-annotated patent image pairs. We consider image pairs with pos-
itive annotations (response: yes) as relevant. Similar to prior experiments, we indexed all the
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candidate patent images, and evaluated the baseline and adapted CLIP models on this new
dataset using mAP@1 metric. We evaluate at only k=1 as we only have one relevant image in
the index. Table 10 shows the results on the new benchmark dataset. The results show high
mAP scores compared to the EPO Utility Patent Corpus and DeepPatent dataset benchmarks
demonstrating that the baseline and our adapted CLIP models are well-suited to retrieving
visually and semantically similar images. In particular, the CLIP models adapted using syn-
thetic text captions (CLIP-GENDESC, CLIP-GENTERMS) also show strong performance in
retrieving semantically similar images and images with subpart relationship.

Table 10: mAP@1 using baseline CLIP and pre-trained CLIP models on our patent image-to-
image retrieval benchmark

Visual Stage Annotations Multimodal Stage Annotations

Model

Ql Q2 Q3 | Q1 Q2 Q3
CLIP-BASE 0.85 0.86 0.86 0.82 0.5 0.48
CLIP-DESC 0.88 0.86 0.86 0.85 0.54 0.52
CLIP-TERMS 0.88 0.86 0.86 0.85 0.54 0.52
CLIP-GENDESC 0.85 0.93 0.93 0.82 0.58 0.55
CLIP-GENTERMS 0.85 0.93 0.93 0.82 0.58 0.55

Key Learnings The pilot study helped us understand some of the key requirements in the
development of an image-based patent retrieval benchmark. We summarize our learnings from
the pilot study as follows:

e Circular Bias: A circular bias was identified due to the use of the same image encoder for
both sampling candidate images and evaluating their relevance. This overlap compromises
the objectivity of the evaluation process, as the encoder inherently favors its own learned
representations.

e Relevance Judgement Hole: The analysis of response statistics (Table 9) showed that
positively annotated image pairs predominantly belonged to non-cited patents, indicating
the presence of a relevance judgment hole problem (discussed in Section 2.5.1)

¢ Annotation Guideline: Requirement for a comprehensive and detailed annotation guide-
line was identified, where each of the relevance dimensions need to be defined specifically

Final Benchmark Annotation

With these insights from the pilot study, we revised our methodology to address the shortcomings
and to create a more challenging dataset which requires avoiding the circular bias and identifying
not only easy but also hard positives and negatives samples, which involved making the following
changes:

Sample Mining We first made revisions to the process of sample mining. First, in order
to avoid the circular bias that was prevalent in the dataset developed in the pilot study, we
modified the sampling technique to use multiple image retrieval models instead of using only the
CLIP model. For example, we used CLIP together with PATENTNET [9], RESNEXT101 [28],
which have different model architectures and number of model parameters, and were trained
on different domains including the patent domain. The image encoders only capture visual
relevance, so additionally, we also used text retrieval models to incorporate semantic relevance.
The text retrieval models are based on retrieving patent images using different text metadata
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such as figure descriptions, component terms and patent titles. Using text retrieval and image
retrieval models, we formulated four distinct groups of samples:

e Group 1: Easy Positives - This group includes samples that were ranked high by both
text and image retrieval models.

e Group 2: Hard Positives - This group includes samples that were ranked high by text
retrieval models but lower by image retrieval models.

e Group 3: Hard Negatives - This group includes samples that were ranked high by
image retrieval models but lower by text retrieval models.

e Group 2: Hard Positives - This group includes samples that were ranked low by both
text and image retrieval models.

Here, the high and low ranks were determined based on percentile of the retrieval scores.
An advantage of having easy sample groups is that they do not require human annotations to
annotate all the sample pairs. Moreover, formulating such positive and negative sample groups
allows us to apply contrastive representation learning, which is in our future plans.

Annotation Guideline Realizing the need for a comprehensive annotation guidelines, we
developed one with clear instructions and guidelines for annotation including example images.
A draft of the new annotation guideline can be found in the Appendix A.

With these revisions, we then plan to create patent image retrieval benchmark annotated
by multiple humans across multiple key dimensions to facilitate a comprehensive evaluation of
patent representation models. The modifications are planned to be completed by end of May
2025 and we intend to share the annotated dataset with EPO.

2.6 WP 6: Project Management, Coordination and Dissemination

Project Management and Coordination

Management and coordination of the project was realized mainly through the regular bi-weekly
online meetings between TIB and EPO (supervisors: Rahim Delaviz and Alexander Klenner-
Bajaja). In these bi-weekly meetings, TIB reported on the progress status regarding accom-
plishments, challenges and other obstacles to synchronize the work with the project objectives.
To keep track of the project’s progress, a mid-term interim report was prepared and shared with
all stakeholders. This report served as a comprehensive overview of the project’s status, high-
lighting key milestones achieved, challenges encountered, and plans for the remaining project
duration.

Presentations

We presented ViP@Scale at multiple workshops.

1. A presentation on the project was given on July 12, 2023 at the Annual European Patent
Office Academic Research Programme Workshop 2023. The workshop proved to be highly
productive, with valuable feedback and suggestions received during the question and an-
swer session. Our discussant, Anna Chatzimichali from the University of the West of
England, provided particularly insightful feedback. Her recommendation to develop the
patent retrieval system with the end user in mind was especially valuable and has influ-
enced our approach to the project.
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2. We were invited by Dr. Hidir Aras (FIZ Karlsruhe) to present the project at the 1st work-
shop of the DFG-funded research project Patents/Science (https://www.patentsdscience.
org/) in Berlin on October 5, 2023. This workshop was organized by project members of
the FIZ Karlsruhe (Leibniz Institute for Information Infrastructure), INP Greifswald (Leib-
niz Institute for Plasma Science and Technology), IWT Bremen (Leibniz Institute for
Materials-oriented Technologies), and INM Saarbriicken (Leibniz Institute for New Mate-
rials) and provided a good opportunity to promote the project, exchange ideas and use
cases, as well as discuss future collaborations.

3. Ralph Ewerth is invited to give a keynote talk at the SIGIR Workshop PatentSemTech
2025.

4. We will present our work on Patent Figure Classification using Large Vision-language
Models [2] presented in Section 2.4.2 at the European Conference on Information Retrieval
in Lucca, Italy on April 7, 2025.

Dataset, Models, and Code

All resources including datasets, models, and source code developed within the project were
shared with EPO directly. For this purpose, Google Cloud Platform? was used to facilitate the
exchange among team members. The shared models were deployed by EPO during the project
to build a demo of the image search system using Streamlit. Furthermore, datasets, source code,
and models used in our published and planned research papers (see Section 5) will be made
publicly available.

3 Use of funds

We confirm that the funds for ViP@Scale were used as requested. A detailed financial report is
attached to this project report, providing a breakdown of all expenditures.

4 Summary & Future Work

In this project, we focused on researching and developing advanced multimodal representation
models specifically tailored to utility patents. A key aspect of our work involved exploring
practical applications of these multimodal models in patent-related downstream tasks: patent
retrieval and figure classification. To validate the effectiveness of our multimodal approaches,
we conducted comprehensive evaluations using a large-scale patent retrieval benchmark, which
provided valuable insights into the performance of our models and helped identify areas for
further improvement.

For the development of our multimodal patent representation model, we performed domain
adaptation of the CLIP vision-language model—originally pretrained on natural images—to
utility patents by leveraging both extracted patent texts and synthetic descriptions generated
by LVLMs for language-supervised alignment. This approach combined patent-specific textual
data with patent figures to enhance cross-modal alignment and create more robust multimodal
patent representations. Utilizing this developed model, we implemented a patent retrieval system
capable of facilitating both text-to-image and image-to-text retrieval. Additionally, we explored
the classification of patent figures using LVLM-based classification methods. This classification
approach enables faceted patent search, significantly aiding in large-scale patent search tasks by
providing more nuanced and targeted search options.

*https://cloud.google.com/
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Finally, to assess the efficacy of our multimodal approaches, we conducted thorough eval-
uations using a citation-based patent retrieval benchmark. This evaluation process yielded
valuable insights, particularly regarding the limitations of image-based patent retrieval meth-
ods. Our findings highlighted a critical gap in the field: the absence of a suitable benchmark
for evaluating image-to-image retrieval in the patent domain. This realization underscored the
need for a human-annotated image-to-image retrieval benchmark, which would provide a more
accurate framework for evaluating multimodal patent retrieval systems.

Looking ahead, our future work will focus on advancing the multimodal patent representation
model through contrastive representation learning to better align visual and semantic similar-
ities in the projection space. This task will entail (1) developing sample mining techniques to
formulate image pairs with positive and negative pairings suitable for contrastive representation
learning, and (2) creating a high-quality image-to-image patent retrieval benchmark based on
human annotations based on several relevance judgements that are specifically designed for typ-
ical use cases in patent retrieval task. We also plan to augment the patent retrieval system by
incorporating interactive components such as user-driven re-ranking mechanisms and cluster-
based visual analytics, while integrating LVLM-powered classification techniques directly into
the retrieval pipeline. These ongoing developments—already in active progress—aim to estab-
lish new standards for technical patent analysis, with planned dissemination through major
conferences and workshops in multimodal and information retrieval.

5 Publications

We have worked on three papers during the course of the project. One paper has been accepted
so far, two further papers (one research and one demo paper) are currently being prepared and
we plan to submit them for review in spring 2025.

Published Articles

[2] Sushil Awale, Eric Miiller-Budack, and Ralph Ewerth. “Patent Figure Classification using
Large Vision-language Models”. In: Furopean Conference on Information Retrieval, ECIR
2025, Luuca, Italy, April 05-11, 2025. Lecture Notes in Computer Science. Springer, 2025.
DOI: 10.48550/ARXIV.2501.12751.

This paper present a novel approach using large vision-language models along with two
datasets for patent visual questions answering classification (see WP 4, Section 2.4.2).
Abstract: Patent figure classification facilitates faceted search in patent retrieval systems, en-
abling efficient prior art search. Existing approaches have explored patent figure classification
for only a single aspect and for aspects with a limited number of concepts. In recent years,
large vision-language models (LVLMs) have shown tremendous performance across numerous
computer vision downstream tasks, however, they remain unexplored for patent figure classi-
fication. Our work explores the efficacy of LVLMs in patent figure visual question answering
(VQA) and classification, focusing on zero-shot and few-shot learning scenarios. For this pur-
pose, we introduce new datasets, PatFigVQA and PatFigCLS, for fine-tuning and evaluation
regarding multiple aspects of patent figures (i.e., type, projection, patent class, and objects).
For a computational-effective handling of a large number of classes using LVLM, we propose a
novel tournament-style classification strategy that leverages a series of multiple-choice questions.
Experimental results and comparisons of multiple classification approaches based on LVLMs and
Convolutional Neural Networks (CNNs) in few-shot settings show the feasibility of the proposed
approaches.

Source Code: https://github.com/TIBHannover/patent-figure-classification
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Planned Articles

Based on the work and future work presented in this report, we are planning to submit two
papers at renowned conferences (or workshops), with authorship shared between our team and
the EPO.

Preliminary title: “iPatent - Interactive Patent Retrieval and Clustering” We
plan to submit a demo paper (Section 2.4.1) including the extensions described in the future
work (Section 4) for interactive patent retrieval. We aim to submit this work to the demo track
of ACM Multimedia or the Patent Text Mining and Semantic Technologies (PatentSemTech)
workshop co-located with ACM SIGIR, Conference on Research and Development in Information
Retrieval (SIGIR).

Preliminary title: “Multimodal Patent Retrieval Benchmark Dataset” In this
paper, we will present our approaches for multimodal representation learning including a novel
high-quality benchmark to reliably evaluate models for for image retrieval in patents. For this
purpose, we will finalize the corpus and train several models as described in the future work (Sec-
tion 4). Depending on the results and contributions, we aim to submit this work either at the
research track of International Conference on Information and Knowledge Management (CIKM
2025) or as a resource paper at the ACM Multimedia Conference (ACMMM 2025).
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A Patent Figure Similarity Annotation Guideline

Task Description

The objective of this annotation task is to evaluate the relevance between pairs of patent images
across three key dimensions. Relevance, in the context of this annotation task, refers to the
degree to which the characteristics of one patent image visually align with the characteristics of
another patent image, relative to specified dimensions. Annotators should assess similarity across
the following three dimensions: Visual, Semantic, and Subpart Relevance. During annotation,
each dimension should be considered independently.

1. Visual Relevance

For visual relevance, we ask the question “How similar are the two shown images visually?” We
assess the visual relevance of the two images based on the following points:

e Overall shape and structural match
e Layout and arrangement of components
e Level of detail and complexity

e Ignore leading lines and pointed arrows

Score ‘ Condition

2 - Relevant Nearly identical or very similar visual appearance
1 - Moderate Relevance | Moderately similar overall look

0 - No Relevance Completely different visual appearance

Table 11: Score card for annotating visual relevance between shown patent image pairs

Guide: Would these drawings look similar if traced?
Example Here, the following two images are visually similar (2 - Relevant) as the overall shape
and structure match, although are shown in different perspectives and are different inventions.
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(a) Patent image showing battery pack  (b) Patent image showing power brick

Figure 11: Example of an image pair for visual relevance annotation
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2. Semantic Relevance

For semantic relevance, we ask the question “How semantically close are the concepts depicted
in the shown two images?” We assess the semantic relevance of the two images based on the

following points:
e Functional purpose of the invention
e Core operating principles
e Problem addressed by the invention

e Application of the invention

Score Condition

2 - Relevant Nearly identical or very similar function and approach
1 - Moderate Relevance | Related function or similar approach

0 - No Relevance Completely different function/purpose

Table 12: Score card for annotating semantic relevance between shown patent image pairs
Guide: Do these inventions solve the same problem?
Example For example, the following two images are showing two different battery modules.

Here, the relevance is high (2 - Relevant) as both inventions have the same function, same working
principle and same application, although the images look different.

(a) Patent image showing battery pack  (b) Patent image showing battery pack

Figure 12: Example of an image pair for semantic relevance annotation
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3. Subpart Relevance

For subpart relevance, we ask the question “Is one image showing one or more subpart of the
same invention depicted in the other image?” We assess the subpart relevance of the two images
based on the following points:

e One image showing key or specific component /s of the invention shown in other image

e Hierarchical relationship exists between the concepts shown in the images

Score ‘ Condition

1 - Relevant One image showing one or more subpart of the other invention
0 - No Relevance | No shared components

Table 13: Score card for annotating subpart relevance between shown patent image pairs

Question to Ask Yourself - Is this image a detailed view or component of the other?

Example For example, the following two images are showing two different subparts of the
same concept. Here, the images are relevant (1 - Relevant) as one is a subpart of the other.

(a) Patent image showing internal(b) Patent image showing back of a
structure of a chair chair

Figure 13: Example of an image pair for semantic relevance annotation
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