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Abstract
Journalistic fact-checking, as well as social or economic research,
require analyzing high-quality statistics datasets (SDs, in short).
However, retrieving SD corpora at scale may be hard, inefficient,
or impossible, depending on how they are published online. To im-
prove open statistics data accessibility, we present a focused Web
crawling algorithm that retrieves as many targets, i.e., resources
of certain types, as possible, from a given website, in an efficient
and scalable way, by crawling (much) less than the full website.
We show that optimally solving this problem is intractable, and
propose an approach based on reinforcement learning, namely
using sleeping bandits. We propose SB-CLASSIFIER, a crawler that
efficiently learns which hyperlinks lead to pages that link to many
targets, based on the paths leading to the links in their enclosing
webpages. Our experiments on websites with millions of web-
pages show that our crawler is highly efficient, delivering high
fractions of a site’s targets while crawling only a small part.
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1 Introduction
Openly accessible data has long been shared through the Web;
in particular, many HTML pages contain entity-centric tables,
where each line is about an entity, e.g., an album, and describes
its attributes such as artist or year. Entity-centric tables have
been leveraged to extract large-scale, open knowledge bases [4,
38, 53, 57], and for question answering [13, 30, 31, 56]. They are
also frequent in data lakes, [12, 18, 21]. In this work, we focus on
openly accessible Web data, independently of their licensing status.
Among them, statistics datasets (SDs, in short) form a distinct and
highly valuable category. They are compiled by domain specialists
typically working for national or international governing bodies,
such as the United Nations, the IMF, but also by companies,
NGOs, etc. Some organizations, e.g., Eurostat, publish hundreds
of thousands of SDs, updated yearly; others, e.g., an NGO focused
on equitable justice, or a pollution watchdog in a certain area,
may only publish a few dozen highly specialized datasets.

SDs significantly differ from entity-oriented Web tables. SD con-
tent is mostly numeric, e.g., birth and death counts by age in a
country over decades, or chip production per country and type of
chip. From a data management perspective, SDs are multidimen-
sional aggregates, sometimes data cubes. Also, SDs are mostly
published as standalone files, encoded in a variety of formats, e.g.,
CSV, TSV, spreadsheets, XML dialects such as SDMX [47], JSON,
etc. Open SDs are also sometimes embedded in PDF documents.

Answering queries or questions over tables, and in our context,
over SDs, is as the very core of the data management science and
industry. The wide availability of statistic datasets on the Web
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requires tools that make such data reachable in order to realize
its potential; as the paper shows, such tools are currently lacking.

SDs are of great public utility. Officials rely on them to in-
form decisions and support debates; social scientists use them
to analyze policy impacts and detect trends; newsrooms use
them to check the accuracy of public statements, make compar-
isons across countries, etc. Also, the statistical literacy of the
general public needs to be improved: for instance, US voters
vastly misrepresent the size of various fractions of the US pop-
ulation, e.g., how many are transgender (estimated: 21%, true:
0.6%) [43]. Thus, building and using warehouses of statistics data
is central. Research works seeking to automate the recognition
and checking of claims leveraging on retrieved corpora of SDs
include, e.g., [2, 6, 9, 33, 45] in the Information Retrieval and Data
Management, and [55] in NLP.

Finding all SDs published by an organization is desirable in
order to study them as a whole, compare among organizations,
populate a data lake for fact-checking, etc. For example, a work
historian may want to retrieve all SDs published by the ILO; a
journalist may need all Eurostat SDs on poverty. Unfortunately,
current methods for this are either lacking, or quite inefficient.

Some websites publish an API to retrieve all their SDs, e.g., Eu-
rostat, yet writing custom code for each such API is cumbersome
and brittle when APIs change. Worse, many sites hosting numer-
ous Open SDs, e.g., the ILO, do not provide APIs to access all their
data. Search engines (SEs, in short) and associated data portals
turn out to provide access to only a tiny fraction of existing SDs
(see Sec. 4.2); also, how these are selected is opaque to users. A
naïve, exhaustive website crawl is extremely inefficient for
large websites: (i) acquiring a full website takes space and time;
(ii) crawling ethics requires to wait (typically 1 second) between
two successive HTTP requests; for a site of 1 million pages, such
waits, alone, take 11 days. Thus, we are interested in a focused
crawl, seeking to acquire within a given website as many targets
as possible, while minimizing the resources consumed, e.g.,
HTTP requests or volume of transferred data. Motivated by our
SD retrieval problem, we define targets as data files (CSV, spread-
sheet, etc.). This can generalize to any definition of target. Also,
we aim for an efficient method, feasible on a single machine, as
opposed to SE-scale parallel infrastructure.

Focused crawlers have been extensively studied [10, 19, 20,
27, 29, 37, 40]. However, existing approaches often rely on as-
sumptions that may not hold in our setting, e.g., that all pages on a
topic tend to be close within a website [17]. Early work includes
generic focused crawling approaches [10, 19] (that we will illus-
trate with a FOCUSED baseline); other study large-scale website
selection [40] (as opposed to SDs within a given website), topic-
driven page retrieval methods such as TRES [37] or [10, 27, 29],
and non-topical objectives such as textual diversity [20] (adapted
to our setting as a TP-OFF baseline).

Motivated by the large numbers of open, valuable SDs ac-
cessible via navigation, we address the challenging problem of
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retrieving SDs in a website as efficiently as possible, with-
out relying on prior knowledge of the website’s structure
or content.

Contributions. Our contributions are as follows. (1) We formal-
ize our graph crawling problem and show that optimally solving
it is intractable (Sec. 2). (2) We propose a novel approach SB-
CLASSIFIER based on reinforcement learning (RL) in Sec. 3, relying
on two crucial hypotheses: (i) links found on similar tag paths
within HTML web pages (a tag path [22, 41] goes from the page
root, to a hyperlink tag such as <a>) lead to similar content, (ii) we
can learn, from the tag path structure, which tag paths are likely
to lead to links towards targets. (3) We demonstrate the effective-
ness and efficiency of our approach through extensive experi-
ments on diverse websites, totalling 22.2 millions pages (Sec. 4).
SB-CLASSIFIER outperforms all baselines. On some websites we
experimented on, in particular very large ones, our crawler
retrieves 90% of the targets accessing only 20% of the web-
pages (Sec. 4.1).

We discuss related work in Sec. 5. The code to reproduce the
experiments is available in a public GitHub [24], and an extended
version of this paper is available in [26].

2 Problem Statement and Modeling
We formalize our SD acquisition as a graph crawling problem.
We show that a relaxed version thereof is NP-hard, even if the
website is known before the crawl (it is not!) in Sec. 2.1. Then
we detail the mapping of our problem into the graph crawling
framework, including a crucial choice of labels for the graph
edges, in Sec. 2.2.

2.1 Graph Crawling Problem
We model a website as a rooted, node-weighted, edge-labeled
directed graph. Each node represents a webpage, and each edge is
a hypertext link leading from one to another. We fix a countable
set ℒ of labels, e.g., finite sequences of character strings.

Definition 1. A website graph is a tuple 𝐺 = (𝑉 , 𝐸, 𝑟 , 𝜔, 𝜆),
with: 𝑉 a finite set of nodes (representing webpages); 𝐸 ⊆ 𝑉 2 a set
of edges (representing hyperlinks); 𝑟 ∈ 𝑉 the root of the graph (the
input webpage); 𝜔 ∶ 𝑉 → ℝ+ a cost function assigning a positive
weight to every node (the cost of retrieving that page); 𝜆 ∶ 𝐸 → ℒ
a labeling function, assigning a label to each link found in a page.

On such a graph, we define a crawl and its cost as follows:

Definition 2. A crawl of a website graph 𝐺 is an 𝑟-rooted
subtree 𝑇 = (𝑉 ′, 𝐸′) of (𝑉 , 𝐸). Its total cost, 𝜔(𝑇 ), is defined as
∑𝑢∈𝑉 ′ 𝜔(𝑢).

The graph crawling problem is formalized as follows:

Problem 3. Given a website graph 𝐺 = (𝑉 , 𝐸, 𝑅, 𝜔, 𝜆) and a
subset 𝑉 ∗ of targets in 𝑉 , the graph crawling problem is to find a
crawl 𝑇 = (𝑉 ′, 𝐸′) of 𝐺 with 𝑉 ∗ ⊆ 𝑉 ′, of minimal total cost.

We define the frontier of a crawl {𝑢 ∈ 𝑉 ⧵ 𝑉 ′ ∣ (𝑣 , 𝑢) ∈ 𝐸, 𝑣 ∈ 𝑉 ′}:
nodes that have not been crawled but are pointed to from nodes
that have been. Figure 1 shows a website graph as well as a possi-
ble crawl and its frontier. Even assuming the graph is fully known
in advance, the graph crawling problem is intractable:

Proposition 4. Given a website graph 𝐺 = (𝑉 , 𝐸, 𝑟 , 𝜔, 𝜆), a
subset 𝑉 ∗ ⊆ 𝑉 and some 𝐵 ∈ ℝ+, determining whether there exists
a crawl 𝑇 = (𝑉 ′, 𝐸′) of 𝐺 such that 𝑉 ∗ ⊆ 𝑉 ′ and 𝜔(𝑇 ) ≤ 𝐵 is
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Figure 1: Sample website, crawl, and frontier

NP-complete; hardness holds even when 𝜔 is a constant function.
This holds even when nodes in 𝑉 ∗ do not have any out links in 𝐺.

This is the decision variant of the graph crawling problem.
Hardness is shown by reduction from the set cover problem [23];
the proof can be found in the extended version in [26].

Optimal methods being out of reach (websites may have mil-
lions of pages), we need heuristic methods with a low cost in
practice.

2.2 Data Acquisition as Graph Crawling
We complete our modeling of Web data acquisition as an instance
of the graph crawling problem by detailing the graph 𝐺, the target
subset 𝑉 ∗, and the edge labeling function 𝜆. The choice of 𝜆 will
turn out to be crucial for the performance of our approach.

We identify pages by their URL and fix 𝑟, the website root, as
the start of the crawl. Next, we need to identify which pages be-
long to the website graph. Lacking a commonly agreed definition
of a website’s boundary [1, 48], we use a pragmatic approach.
A URL is considered to be part of the same website as the root
𝑟 if its hostname (the part of the URL which is after the scheme
but before the path, with a potential “www.” prefix excluded)
is a subdomain of the hostname of 𝑟. 𝑉 contains all such URLs.
For instance, if 𝑟 is https://www.A.B.com/index.php, the URLs
https://www.A.B.com/folder/content.php and https://www.C.A.
B.com/page.html are part of 𝑉, but https://www.B.com/page.php
and https://edbticdt2026.github.io/?contents=EDBT_CFP.html
are not.1 An edge (𝑢, 𝑣) ∈ 𝐸 exists if 𝑢 links to 𝑣 via HTML tags
like <a>, <area>,<iframe>.

Since our goal is to find SDs, target pages are those whose Mul-
tipurpose Internet Mail Extensions (MIME) type is in a user-defined
list (e.g., text/csv, application/pdf, application/vnd.ms-excel).
Non-target types include text/html, video/*, audio/*, image/*,
etc. The MIME type can be obtained via HTTP HEAD requests;
to generalize to other content than SDs, any other target MIME
type set can be used. The full list of MIME types we use is in [24].

To each edge 𝑒, the edge labeling function 𝜆 associates as label
𝜆(𝑒) the tag path derived from the HTML page’s DOM struc-
ture [58], the standard tree-based representation of an HTML
page. The tag path includes the full path of HTML tags from
the root to the hyperlink tag (a, area, iframe, etc.), along
with class and id attributes describing additional structural and
styling information. For example, a label might be “html body
div#main ul.datasets li a”, where ‘#’ prefixes the HTML ID,
and ‘.’ indicates a class. This labeling makes it very likely that

1The reason for the special handling of a “www.” prefix is that many (but not all…)
websites use it as a prefix for the domain name of the Web server.

https://www.A.B.com/index.php
https://www.A.B.com/folder/content.php
https://www.C.A.B.com/page.html
https://www.C.A.B.com/page.html
https://www.B.com/page.php
https://edbticdt2026.github.io/?contents=EDBT_CFP.html
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Figure 2: Tag paths in an HTML page

links labeled with similar tag paths lead to similar content types,
even across different webpages of the same website. Figure 2
zooms within an HTML page. It shows five tag paths (the tags
are omitted for readability), leading to: a text paragraph, an image
and 3 hyperlinks to other pages (1 target, and 2 HTML pages). 𝜆
captures exactly the tag paths leading to each hyperlink. We con-
sider two cost functions 𝜔: (i) counting HTTP requests, 𝜔(𝑢)=1
for all 𝑢∈𝑉; (ii) measuring the exchanged data volume, especially
data volume the crawler receives with 𝜔(𝑢) as the page size,
which is, in theory, unbounded. We also account for the cost 𝑐
of determining if a vertex is in 𝑉 ∗, typically via an HTTP HEAD
request. If 𝜔 counts requests, then 𝑐(𝑢)=1; if 𝜔 measures volume,
𝑐(𝑢) is based on HEAD response size (much smaller than 𝜔(𝑢)).
Sec. 3.3 discusses a MIME type prediction method, resulting in a
small, amortized 𝑐 cost, which we can view as constant.

3 Crawling based on Reinforcement Learning
Our goal in efficient crawling is to retrieve as many targets as
possible at minimal cost, without prior knowledge of the web-
site’s size or structure. We hypothesize that an edge’s label 𝜆 (its
tag path in the page containing the hyperlink) can be used to
learn which edges leads to target-rich pages. Obtaining and lever-
aging such insignhts require both exploration (to find promising
paths) and exploitation (to retrieve targets), which we achieve
via reinforcement learning (RL) [52]. Below, we present the envi-
ronment (states and actions) of our crawling task (Sec. 3.1), and
the learning algorithm (or agent) that evolves in it (Sec. 3.2).
We describe the URL classifier we use to compute the agent’s
rewards in Sec. 3.3, and the overall crawling algorithm in Sec. 3.4.

3.1 Environment: States and Actions
In RL, an agent evolves in an environment. It starts from an
initial state, where it can choose among a set of actions. Each
action leads to a new state, where other actions can be chosen.
Each choice leads to a reward. The goal of the agent is to learn a
policy (a mapping from states to actions), that maximizes the total
reward. This model is known as a Markov Decision Process (MDP)
[28]. For our crawler, one might consider using “the currently
crawled webpage” as state. However, this is not suitable: the
current webpage does not reflect previous choices, as it may be
reachable via multiple paths. Also, an efficient crawler should
not visit any webpage twice, whereas learning supposes multiple
visits to a state to refine and then leverage information learned
in that state.

To keep the model simple and lightweight (see Sec. 5 for dis-
cussion), we use a single-state model, where the agent is per-
petually in exactly only one state. What matters then is only
the set of actions that the agent can follow at each crawl step.
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Vocabulary at iteration (k+1): 

2-gram Vectorization

Bag of Words vector p of dimension d = 11

Projection in smaller 
dimension (D = 4) 

Vocabulary at iteration k: 

Projected tag path at iteration (k+1)

[BOS] html

html body body div#container div#container a.info a.info [EOS]
0 1 2 3 4

1

[BOS] html html body body
div#container

div#container
div

ul
li.datasets

li.datasets
a.dataset

a.dataset
[EOS]

0

[BOS] html

html body

1
body

div#container

2
div#con-

-tainer a.info

3 4

a.info [EOS]
div#con-
tainer div

5

div div

6

div ul

7 ul
li.datasets

8 li.datasets
a.dataset

9 a.dataset
[EOS]

10

1 1 0 0 1 2 1 1 1 1

1 1.5 0.5 0.67

Figure 3: Mapping of a tag path into a fixed-size vector.

Intuitively, an action is to navigate along a link. We delve into
action details below.

3.2 Grouping Links into Actions
Following our hypothesis that links with similar labels (tag paths)
have similar values, i.e., likelihood of leading to targets, we model
an action as a group of similar links, with the semantics that
taking the action amounts to crawling along one of these links.

Each link is labeled with its tag path, so we need a measure of
similarity between tag paths. To that effect, we represent each tag
path by a numerical bag-of-words (BoW) vector 𝑝, over the 𝑛-grams
vocabulary built from all tag paths encountered so far. Note that 𝑛-
grams preserve the order of HTML node names appearing in tag
paths; in our context, this order is significant (as Sec. 4 confirms).
Since the 𝑛-grams vocabulary is dynamically built during the
crawl, BoW vectors for tag paths encountered at different times
have different lengths. To still compute distances between them,
we first project each tag path into a fixed-dimensional vector of
size 𝐷 = 2𝑚 for a chosen 𝑚 > 0. We do this as follows:

(1) We fix a hash function ℎ ∶ 𝑥 ↦ ⌊ (Π×𝑥) mod 2𝑤
2𝑤−𝑚 ⌋ which

maps any integer 𝑥 to a number between 0 and 𝐷 − 1. Its param-
eters Π (a large prime number) and 𝑤 are fixed, and chosen such
that 𝑤 > 𝑚.

(2) Calling ℎ on each position between 0 and 𝑑 − 1, where 𝑑 is
the length of the BoW vector 𝑝, maps it to a new position between
0 and 𝐷 − 1. This enables us to transform 𝑝 into a 𝐷-dimensional
𝑝𝐷 vector, where for every 0 ≤ 𝑖 < 𝑑, 𝑝𝐷 [ℎ(𝑖)] = 𝑝 [𝑖].

(3) Potential collisions of ℎ (i.e., 𝑖1 ≠ 𝑖2 with ℎ (𝑖1) = ℎ (𝑖2)) are
resolved by setting 𝑝𝐷 [ℎ(𝑖1) = ℎ(𝑖2)] to the mean of all elements
of 𝑝, at positions which collide with 𝑖1, 𝑖2. Positions 0 ≤ 𝑗 < 𝐷
not hit by any 𝑖 (ℎ(𝑖) ≠ 𝑗 for all 0 ≤ 𝑖 < 𝑑) are set to 𝑝𝐷[𝑗] = 0.
This happens, e.g., at the beginning of the crawl, when the set of
HTML element names seen so far is small (thus 𝑑 is small).

Figure 3 illustrates tag path projection for 𝐷 = 2𝑚 = 4, 𝑤 = 11
and Π = 766 245 317. At iteration 𝑘, the 2-gram vocabulary con-
tains 𝑑𝑘 = 5 elements (including special tokens BOS and EOS de-
noting beginning and end of stream). At iteration 𝑘 +1, a new tag
path is vectorized into a 2-gram vector of dimension 10, and the
vocabulary is updated accordingly, totaling 𝑑𝑘+1 = 11 elements.
From it, we compute the 𝑑𝑘+1-dimensional BoW vector 𝑝𝑘+1. The
hash function ℎ maps each input dimension 𝑖 ∈ {0, … , 𝑑𝑘+1−1} to
{0, … , 𝐷−1}, e.g., ℎ(2) = ⌊ (766 245 317×2) mod 2048

512 ⌋ = 1.
Collisions can occur, e.g., ℎ(4)=ℎ(8)=ℎ(9)=3, so 𝑝𝐷𝑘+1[3]=

𝑝𝑘+1[4]+𝑝𝑘+1[8]+𝑝𝑘+1[9]
3 ≈0.67. This yields a 4-dimensional 𝑝𝐷𝑘+1.

Our next task is to find, for each projected tag path 𝑝𝐷, the
nearest action 𝑎𝑐 among all known actions 𝐴. Conceptually, an ac-
tion is an evolving cluster of similar tag paths with a centroid: the
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Algorithm 1: Finding the action for a hyperlink 𝑙, 𝜆(𝑙)=𝑝
Input: Action set 𝐴, projected tag path 𝑝𝐷
Output: Action 𝑎
𝑎𝑐 ← Approx. nearest neighbor (from index ℐ) of 𝑝𝐷;
𝑠𝑐 ← Cosine similarity between 𝑎𝑐 and 𝑝𝐷;
if 𝑠𝑐 ≥ 𝜃 then

Update centroid of 𝑎𝑐 in ℐ with respect to 𝑝𝐷;
else

Add a new entry 𝑎new to ℐ, with value 𝑝𝐷;
Add 𝑎new to 𝐴;
𝑎𝑐 ← 𝑎new;

return 𝑎𝑐

mean of all projected tag paths. For efficiency, we only store the
centroid, which updates as the action’s set of tag paths evolves.

Algorithm 1 computes the nearest action of each 𝑝𝐷 if it is
close enough; otherwise, it creates a new action. Action centroids
are stored in a Hierarchical Navigable Small Worlds (HNSW) [39]
index ℐ, chosen for its highly efficient updates of centroids as
new tag paths join. While maintaining and querying this index
might be costly in CPU time, it is negligible compared to crawl
time (waiting between two requests, or webpages download).
The index also estimates the cosine similarity between 𝑝𝐷 and
its closest centroid: if above a threshold 𝜃, the tag path is added
to the action; otherwise, a new action composed of only 𝑝𝐷
is created. As our experiments show (Sec. 4), the choice of 𝜃
significantly impacts the agent performance. In extreme cases,
𝜃 = 0 groups all tag paths into a single action, preventing learning
as the agent selects paths randomly, whereas 𝜃 = 1 creates a
separate action for each path, so the agent only explores and
never exploits. A useful threshold balances enough actions to
separate interesting from uninteresting paths while still enabling
learning and exploitation.

The family of reinforcement models for single-state environ-
ments is called Multi-Armed Bandits (MABs) [52]. The standard,
deterministic, MAB algorithm optimizing the exploration–
exploitation trade-off isUpper-Confidence Bound (UCB) [3], which
implements optimism under the face of uncertainty: at each step, a
score is computed for each action, and the highest-scoring action
is selected.

The MAB score of an action 𝑎 at time 𝑡 + 1, denoted 𝑠𝑡+1MAB(𝑎),
combines an exploitation term (the mean of rewards obtained
so far for 𝑎), and an exploration term, reflecting how often 𝑎
has been selected relative to the total crawl history: 𝑠𝑡+1MAB(𝑎) =

𝑅𝑡𝑎 + 𝛼
√

log(𝑡)
𝑁𝑡(𝑎)+𝜖

, where 𝑅𝑡𝑎 is the mean reward for action 𝑎 up to

time 𝑡, 𝛼 weights exploration vs. exploitation, 𝑁𝑡(𝑎) counts how
many times 𝑎 has been selected, and 𝜖 > 0 prevents division by
zero when 𝑁𝑡(𝑎) = 0.

Since each URL is visited only once, an action may become
empty after all its URLs are visited. The Awake Upper-Estimated
Reward (AUER) [34] adapts UCB to cope with actions becoming
unavailable,or sleeping. Following the AUER model, our score

becomes: 𝑠𝑡+1SB (𝑎) = 1𝑎(𝑡) × (𝑅𝑡𝑎 + 𝛼
√

log(𝑡)
𝑁𝑡(𝑎)+𝜖

) where 1𝑎(𝑡) = 1 if

action 𝑎 has remaining unvisited links at time 𝑡, and 0 otherwise.
After selecting 𝑎, our crawler randomly chooses an unvisited link
𝑙 ∈ 𝑎 to traverse next with equal probability. How should we
reward the crawling along 𝑙 ∈ 𝑎? As our goal is to find new targets,
the reward should reflect the number of not-yet-discovered links to

targets, contained in the HTML page ℎ reached via 𝑙: this “novelty”
condition encourages the agent to focus on unseen target. For
instance, if ℎ has 12 links, 5 leading to targets, and 2 already
retrieved, the reward is 3. This simple choice performs well, as
shown in Sec. 4.

Yet, a challenge remains: we must compute the reward of all
links in ℎ before following any, since each traversal incurs a
crawling cost. We therefore need a fast estimation, applicable to
any link, even if some are never followed. For this, we introduce
an online URL classifier that estimates rewards by inspecting links
in the newly acquired page ℎ. We detail it in Sec. 3.3.

Last, we discuss the parameter 𝛼 in our learning agent. UCB
and AUER are optimal for 𝛼 = 2√2 [3, 34], but only under stan-
dard conditions where the rewards are normally distributed in
[0, 1]. In our case, rewards (counts of new targets) are unbounded
and typically do not follow a normal distribution (see Sec. 4.7),
which is desirable: otherwise, it would mean that most HTML
pages contain links to targets. If this held, we would have to
visit the entire website, or at least a vast share, to retrieve most
targets. Setting up 𝛼 to guarantee optimality in our case would
require knowing the reward distribution, which is not possible.
We therefore keep 𝛼 = 2√2, which gives good results in practice,
across very varied reward distributions (as shown in Sec. 4.1, in
particular in Figure 4).

3.3 Estimating Rewards with URL Classifier
Determining the reward of an action taken by our agent (crawl a
link) requires assessing a page’s MIME type from its URL. Doing
HTTP HEAD requests is costly and requires spacing for crawling
ethics, while using the URL extension (e.g., .html, .csv) fails for
extensionless links such as https://www.justice.gouv.fr/en/node/
9961 or others within ILO2. To be efficient and generic, we devise
an online URL classifier3 to estimate rewards, as follows.

For our purposes, any URL belongs to one of three classes:
“HTML”, “Target” or “Neither”. HTML pages are added to the
crawl frontier, while a target contributes to the crawler’s reward.
The “Neither” class includes non-HTML pages, URLs with non-
target MIME types, or URLs lacking a MIME type from the server.
In our experience, over 92% of “Neither” cases correspond to
HTTP 4xx or 5xx codes, designating errors on client or server.

We initially set our classifier to assign one of these three classes
to each link found in a newly crawled page ℎ. However, it proved
unable to distinguish URLs leading to 4xx or 5xx errors from
those that resolve fine, Intuitively, as these are often very simi-
lar to accessible “HTML” or “Target” URLs. However, different
classification errors have different impacts on crawling: (1) Misclas-
sifying a “Neither” URL as “HTML” or “Target” only incurs the
moderate cost of following it (later, respectively, immediately),
as it will likely throw an error. To reduce such visits, we apply
filters based on user-defined MIME types and URL extensions
(see Sec. 3.4). (2) Misclassifying “HTML” or “Target” as “Neither”
completely withdraws the page from the crawl: if it is a target, we
miss it; if it is HTML, we miss all URLs that might be discovered
by following it. This can make the crawler miss huge parts of
the website. To avoid the second kind of errors, our classifier
is trained on just two classes (“HTML” and “Target”), despite
knowing some URLs are neither.

2E.g., https://www.ilo.org/publications/elevating-potential-rural-youth-paths-
decent-jobs-and-sustainable-futures-1.
3Observe that here we classify URLs, whereas in the previous section we clustered
edge labels, which, crucially to our method, are tag paths within HTML pages
(Fig. 2).

https://www.justice.gouv.fr/en/node/9961
https://www.justice.gouv.fr/en/node/9961
https://www.ilo.org/publications/elevating-potential-rural-youth-paths-decent-jobs-and-sustainable-futures-1
https://www.ilo.org/publications/elevating-potential-rural-youth-paths-decent-jobs-and-sustainable-futures-1
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Algorithm 2: Online URL classifier procedure
Input: 𝑈, a URL
Output: 𝑙𝑈 ∈ {“HTML”, “Target”}
if |𝑋| ≥ 𝑏 then
𝑋mat ← 2-gram bag-of-words of each URL in 𝑋;
𝒞 is incrementally trained on batch (𝑋mat, 𝑦);
(𝑋 , 𝑦) ← (∅, ∅);
initial_training_phase ← False;

if initial_training_phase then
𝑙𝑈 ← MIME type class from HTTP HEAD on 𝑈;
Add (𝑈 , 𝑙𝑈) to (𝑋 , 𝑦);
return 𝑙𝑈

else
𝑈vec ← 2-gram bag-of-words vector of 𝑈;
return 𝒞 (𝑈vec)

Algorithm 2 details the training and usage of our classifier 𝒞.
It is a logistic regression model [32], iteratively trained through
epochs of Stochastic Gradient Descent (SGD) [8], with batch size 𝑏.
It takes as input a vector of character-wise 2-grams of the URL.
For instance, the URL https://www.A.com/data/file.csv is trans-
formed into a list [ht,tt, tp, … , .c, cs, sv]. We associate to each
pair of usual ASCII characters4 an ID, and encode each URL as a
BoW over this vocabulary. The choice of model and features is
discussed in Sec. 4.6.

As Algorithm 2 shows, in the first training epoch, we la-
bel 𝑏 URLs via HTTP HEAD requests, with 𝑋 the URL set and
𝑦 their labels. Based on this, we compute rewards and assign
URLs to the frontier ℱ or targets 𝑉 ∗. After this epoch, we set
initial_training_phase to false, and use the classifier to infer URL
classes without additional HTTP HEAD requests. The classifier
is further improved through online training: during execution,
each HTTP GET issued by the crawler contributes an annotated
(URL, class) pair, added to 𝑋 and 𝑦 for incremental training when
the batch size 𝑏 is reached. In this way, after the first epoch, we
get labels at no extra cost.

Since we want to both use the classifier as soon as possible
and train it often to improve its accuracy, we must set 𝑏 relatively
small. This online method adapts to potential changes in the
form of the URLs, e.g., when the crawl discovers new parts of the
website where URLs are formatted differently. An off-line method
would not be able to adapt, even if trained on many examples
initially.

3.4 Crawling Algorithm
We now present the overall crawling procedure (Algorithm 3).
Initially, the tree 𝑇 of crawled pages, the set of actions 𝐴, and
the frontier ℱ are empty. The budget 𝛽 spent by the crawler and
the crawling step 𝑡 are set to 0. The crawler starts by visiting the
original link 𝑟, continuing until all links are visited (the website
is completely crawled) or the maximum budget 𝐵 is reached. At
each step, if 𝐴 is non-empty, the learning agent chooses an action
𝑎𝑐 following the Sleeping-Bandit (SB) procedure (Sec. 3.2). and
chooses a link from ℱ associated with 𝑎𝑐 uniformly at random.
Then, it crawls the page behind this link with Algorithm 4, and if
its MIME type matches a predefined blocklist during download,
its retrieval is immediately interrupted; this is typically used to
avoid multimedia content.

4ASCII digits, upper and lower case letters and main special characters.

Algorithm 3: Efficient target retrieval
Input: 𝑟 the initial page to crawl
𝐴,ℱ , 𝑇 ← ∅; 𝛽, 𝑡 ← 0; 𝑢 ← 𝑟; Add 𝑟 to ℱ;
while |ℱ| > 0 and 𝛽 ≤ 𝐵 do
if |𝐴| > 0 then

𝑎c ← argmax𝑎∈𝐴 1𝑎(𝑡) (𝑅mean(𝑎) + 𝛼
√

log(𝑡)
𝑁𝑡(𝑎)+𝜖

);

𝑢 ← Select a link from ℱ mapped with action 𝑎c
uniformly at random, and 𝑁𝑡(𝑎𝑐) ← 𝑁𝑡(𝑎𝑐) + 1;

else
𝑢 ← Select a link from ℱ uniformly at random;

crawl_next_page(𝑢) (Algorithm 4);

Algorithm 4: Crawl next page
Input: 𝑢 the URL to be crawled
Add URL 𝑢 to 𝑇, and 𝑡 ← 𝑡 + 1;
http_response,mime_type, body ← Result of the request

on URL 𝑢 with HTTP GET, and update 𝛽 accordingly;
if request interrupted (banned MIME type) then return;
if http_response is 4xx or 5xx (error) then return;
else if http_response is 2xx (success) then
if mime_type ≠ ∅ then
if “HTML” ⊂ mime_type then

Add (𝑢, “HTML”) to (𝑋 , 𝑦);
𝑈new ← All hyperlinks in body pointing to the

same website as 𝑟;
else if mime_type ∈ 𝐿 then

Add (𝑢, “Target”) to (𝑋 , 𝑦);
Add target (the content of body) to 𝑉 ∗;

return;
else if http_response is 3xx (redirection) then
𝑢 ← Location from HTTP GET result on 𝑢;
if 𝑢 ∉ 𝑇 ∪ ℱ then crawl_next_page(𝑢) and return;

reward ← 0;
for 𝑢new ∈ 𝑈new such that 𝑢new ∉ 𝑇 ∪ ℱ do
if has_blocklisted_extension(𝑙𝑢new) then continue;
𝑙𝑢new ← class_of_url(𝑢new) (Algorithm 2);
Update 𝛽 if HTTP HEAD request was made;
if 𝑙𝑢new = “HTML” then
𝑎𝑐 ← map_link_to_action(𝐴, 𝑢new) (Algorithm 1);
Add 𝑢new to ℱ;

else if 𝑙𝑢new = “Target” then
crawl_next_page(𝑢new), and reward ← reward + 1;

if 𝑢 ≠ 𝑟 then 𝑅mean (𝑎𝑐) ← 𝑅mean (𝑎𝑐) +
reward−𝑅mean(𝑎𝑐)

𝑁𝑡(𝑎𝑐)
;

Algorithm 4 starts by retrieving the HTTP GET response:
status, MIME type from the header, and body (content) of the
webpage. The request cost is added to the budget 𝛽. The status
may fall into one of three categories: (1) Errors (on the client or
server side) marked by 4xx or 5xx statuses, do not yield new links
or targets. (2) Redirections, indicated by 3xx statuses, include an
extra “Location” header with the redirection URL: if uncrawled,
the crawler follows and processes it. (3) A 2xx status means
the server successfully responds with either an HTML page, a
target (whose MIME type is in the list 𝐿 of Sec. 2.2), or neither.
In the first two cases, 𝑋 and 𝑦 are updated. For HTML pages,
new hyperlinks 𝑈new are extracted from the page, keeping only

https://www.A.com/data/file.csv
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in-website links. Each new link not in ℱ or 𝑇 is classified using
Algorithm 2, except when its extension matches a predefined
blocklist established before the crawl.

If it points to an HTML page, it is mapped to an action us-
ing Algorithm 1. The set 𝐴 is updated by either changing an
action’s centroid or adding a new action, and the chosen action
𝑎𝑐 is mapped to the link, which is then added to frontier ℱ. If
the link leads to a target, we immediately retrieve it by recur-
sively calling Algorithm 4, and the reward is updated. Finally, if
the page crawled by the current call of Algorithm 4 is not the
starting page, the mean reward for 𝑎𝑐 is updated to reflect the
last computed reward.

4 Experimental Results
We now present our experimental results: websites used (Sec. 4.1),
poor search engine performance for this task (Sec. 4.2), baselines
(Sec. 4.3), crawling setup (Sec. 4.4), comparison of our crawler
to baselines (Sec. 4.5), and impact of hyper-parameters (Sec. 4.6).
Sec. 4.7 examines our Sleeping Bandit (SB) algorithm’s effective-
ness in grouping links into coherent and reward-based groups,
and Sec. 4.8 presents an early stopping mechanism.

4.1 Websites
Table 1 lists the 18 websites used in our experiments. As our
primary application is a collaboration with French journalists [7]
from RadioFrance, six websites are French, public, and govern-
mental: the French National Assembly (as), French Local Commu-
nities (cl), French Council for Statistical Information (cn), and the
ministries of Interior (in), Education (ed), and Justice (ju). Each
contains material on government branches, including SDs (our
crawler’s targets). We also include eight multilingual websites:
the UN’s International Labor Organization (il), French Official
Statistical Institute (is), Japan’s Ministry of Interior (jp), OECD
(oe), Open Knowledge Foundation (ok), Qatar’s Official Statistical
Service (qa), the UN World Health Organization (wh), and the
World Bank (wo). Finally, we add national websites in English:
the Australian Bureau of Statistics (ab), US National Center for
Education Statistics (nc), the US Census (ce), and the US Bureau
of Economic Analysis (be). Websites in at least two languages
have a 3 in the “Mlg.” column. The websites range from a few
thousand to over 1M pages, excluding those resulting in 4xx or
5xx HTTP errors (see “#Available (k)” column). A 7 in the “F. C.”
(“Fully Crawled”) column indicates incomplete crawls (Sec. 4.4).

The following metrics assess the difficulty and interest of a fo-
cused crawl. For partially crawled websites, metrics are computed
on the BFS-visited subset (Sec. 4.4). “#Target (k)” is the total
number of identified targets, and the ratio #Target (k)

#Available (k) measures
target density; extremes are 66.78% (cl) and 2.49% (in). “HTML
to T. (%)” is the percentage of HTML pages linking to at least
one target, reflecting the density of target-pointing pages (e.g.,
cl has the highest density, but all targets are concentrated in
5.40% of HTML pages). “Target Size (MB)” gives the mean and
standard deviation (STD) of target file sizes, and “Target Depth”
the mean and STD of depths (shortest link navigation from the
root). Mean depths vary greatly, from 3 to nearly 90: highest values
arise on portals requiring page-to-page navigation, e.g. ju. Table 1
shows our websites are extremely diverse: small or huge, varying
in depth, target number and locations, and over 20 languages.
This diversity demands adaptable crawling strategies to efficiently
retrieve targets. A manual analysis of typical target locations on
ju, il, wh, and nc is provided in the extended version in [26].

4.2 Search Engines and Dataset Search
We attempted to retrieve SDs using search engines (SEs), in par-
ticular by testing three popular Google services: classical search
(GS), Google Datasets Search (GDS), and the Google Public Data
Explorer (GPDE) providing data from international organizations.

GS allows filtering by website (site:) and file type (filetype:), via
its Web interface and API. However, SEs, including Google, do not
fully index websites and GS caps results at 1k, often truncating
them. For instance, querying ju for PDFs yields only 302 results,
although more than 9k exist; similarly, only 240 ODS files are
returned (out of 910), and on in 38 XLS (out of 1 546). Even worse:
TSV is not recognized at all despite 11 097 files on ju. On il, GS
lists 641 results instead of over 49k, and no ZIP archives instead
of at least 2 239. GDS trims results even further, e.g., 109 tabular
files on ju (vs. 1 188); 93 datasets on il (vs. ≥170k found by our
crawler); and 312 on ce (vs. 800k), etc. GPDE is built for human
readers, indexing from a closed, fixed set of providers, such as
Eurostat, wo, Statistics Canada, and oe, but excludes key sites
like UN’s wh, il, and US agencies (be, nc, ce). GPDE only allows
manual exploration, plotting datasets guided by users’ filters but
offering neither downloads nor links to originals: e.g., it displays
150 OECD statistics across 37 countries and 100 years, but only
references a 272-page PDF (OECD iLibrary).

Overall, SEs lack transparency and control over the re-
trieved SDs, a critical limitation for our task. In contrast, our
crawler retrieves all data files within a specified budget, with
explainable decisions and explicit choice of target MIME types.

4.3 Baselines
We compare our best-performing SB-CLASSIFIER with an adapted
version in which the URL classifier is replaced by an (unrealis-
tic) perfect oracle (SB-ORACLE), as well as with several baseline
methods. First, we consider four simple crawlers. (i) The RAN-
DOM crawler selects the next hyperlink to visit uniformly at
random from the crawl frontier. (ii) The Breadth-First Search (BFS)
exhaustive crawler maintains the frontier as a First-In-First-Out
queue data structure. It crawls all pages reachable by a path of
length ℓ before any page reachable only by longer paths (ℓ′ > ℓ).
(iii) Depth-First Search (DFS) maintains the frontier in a Last-In-
First-Out stack. It is rarely used for exhaustive crawling since it
may fall into robot traps. (iv) The unrealistic Omniscient Crawler
(OMNISCIENT) knows all target URLs (𝑉 ∗) from the start and
crawls them sequentially. Since an optimal crawler is intractable
(Prop. 4), this omniscient crawler provides an (unreachable) upper
bound on crawler efficiency.

The Offline-Trained, Tag Path-Based Crawler (TP-OFF) [20] is
a closely related focused crawler originally designed to retrieve
diverse textual content. We apply it technically unchanged, except
for redefining its reward to target retrieval. As described in [20],
it first crawls 3k pages with BFS and groups the tag paths leading
to followed links as in Sec. 3.1. Page benefits are computed imme-
diately, and tag path groups are stored in a priority queue ordered
by average benefit. After these 3k pages, [20] only considers links
matching existing tag path groups (ordered by priority), other are
ignored. In our context, benefit computation requires knowing if
links lead to targets. To enable this baseline, we provide it with
the true benefit (number of targets behind a page’s links) as if
given by an oracle, for the initial 3k pages. Beyond this point,
newly formed tag path groups receive a fixed benefit of 0. This
baseline, given an unfair advantage in its first stage, can be seen

https://www.radiofrance.fr/
https://www.assemblee-nationale.fr/
https://www.collectivites-locales.gouv.fr/
https://www.collectivites-locales.gouv.fr/
https://www.cnis.fr/
https://www.interieur.gouv.fr/
https://www.education.gouv.fr/
https://www.justice.gouv.fr/
https://www.ilo.org/
https://www.insee.fr/
https://www.insee.fr/
https://www.soumu.go.jp/
https://www.oecd.org/
https://okfn.org/
https://www.psa.gov.qa/
https://www.psa.gov.qa/
https://www.who.int/
https://www.worldbank.org/
https://www.abs.gov.au/
https://nces.ed.gov/
https://nces.ed.gov/
https://www.census.gov/
https://www.bea.gov/
https://www.bea.gov/
https://www.google.com/
https://datasetsearch.research.google.com/
https://www.google.com/publicdata/directory
https://www.google.com/publicdata/directory
https://programmablesearchengine.google.com/
https://ec.europa.eu/eurostat/
https://www.statcan.gc.ca/
https://www.oecd-ilibrary.org/
https://en.wikipedia.org/wiki/Spider_trap
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Table 1: Main characteristics of websites (see detailed crawling methodology in Sec. 4.4)

Starting URL Mlg. F. C. #Available (k) #Target (k) HTML to T. (%) Target Size (MB) Target Depth

ab https://www.abs.gov.au/ 7 7 952.26 263.26 8.86 4.50 (± 56.04) 8.94 (± 2.56)
as https://www.assemblee-nationale.fr/ 7 7 949.42 155.94 4.34 0.54 (± 6.38) 5.84 (± 1.07)
be https://www.bea.gov/ 7 3 31.23 15.84 32.19 2.03 (± 6.99) 5.73 (± 3.21)
ce https://www.census.gov/ 7 7 988.37 257.68 3.47 1.51 (± 15.77) 4.23 (± 0.48)
cl https://www.collectivites-locales.gouv.fr/ 7 3 5.54 3.70 5.40 1.15 (± 4.91) 2.80 (± 0.82)
cn https://www.cnis.fr/ 7 3 12.80 7.49 13.87 0.43 (± 1.74) 4.26 (± 1.59)
ed https://www.education.gouv.fr/ 7 3 102.71 10.47 3.95 1.00 (± 3.07) 11.89 (±13.22)
il https://www.ilo.org/ 3 7 990.71 81.01 2.53 13.40 (±110.01) 4.26 (± 1.28)
in https://www.interieur.gouv.fr/ 7 3 922.46 22.98 1.54 1.12 (± 3.06) 66.94 (±39.43)
is https://www.insee.fr/ 3 3 285.55 168.88 41.34 3.13 (± 21.43) 5.20 (± 1.81)
jp https://www.soumu.go.jp/ 3 7 993.87 328.83 6.30 0.80 (± 4.49) 5.18 (± 1.29)
ju https://www.justice.gouv.fr/ 7 3 56.61 14.85 4.85 0.48 (± 1.34) 86.91 (±86.30)
nc https://nces.ed.gov/ 7 3 309.97 84.94 18.87 1.10 (± 11.56) 3.63 (± 1.66)
oe https://www.oecd.org/ 3 3 222.58 45.04 15.61 2.31 (± 23.37) 6.28 (± 5.65)
ok https://okfn.org/ 3 3 423.12 12.95 0.74 0.04 (± 0.24) 2.64 (± 2.89)
qa https://www.psa.gov.qa/ 3 3 4.36 2.45 4.15 2.97 (± 19.28) 3.03 (± 0.61)
wh https://www.who.int/ 3 7 351.86 55.59 14.19 1.26 (± 11.14) 4.43 (± 0.62)
wo https://www.worldbank.org/ 3 7 223.67 23.10 2.38 2.80 (± 27.16) 4.52 (± 0.69)

as an ablated version of ours, learning offline instead of online
with our RL method.

The Focused Crawler (FOCUSED) represents early generic fo-
cused crawling approaches that rely on a classifier to estimate
the likelihood that a newly discovered hyperlink leads to a tar-
get [10, 19]. The frontier is maintained as a priority queue, favor-
ing links predicted to be relevant. It relies on a standard logistic
regression, periodically retrained on crawled pages at no extra
HTTP cost. Its features follow standard focused crawler practice:
the (approximated) depth of the source page, a 2-gram BoW rep-
resentation of the URL (similarly to Sec. 3.3), and a 2-gram BoW
representation of the link’s anchor text [10, 19]. Topic-oriented
features are intentionally excluded (further discussed in Sec. 5).
Overall, FOCUSED can be viewed as an ablated version of our
crawler, as it neither exploits tag-path structure (Sec. 3.3) nor
uses RL (Sec. 3.4).

TRES [37] is a topical, RL-based focused crawler using a Bi-
LSTM classifier to assess HTML page relevance. Like our ap-
proach, it employs RL to learn where interesting content resides
in a website. However, TRES defines interestingness through a
user-specified topic, whereas we target SDs regardless of subject.
As it targets topic-relevant HTML pages only, it requires input
keywords, positive HTML examples, and is limited to one lan-
guage. To include TRES as a baseline for SD retrieval, we made
changes related to its focus, without altering its core logic or tech-
nical components. Specifically, we give it three unfair advantages:
(i) TRES expects a list of topic-specific keywords to initialize its
classifier’s training: we supply 74 hand-crafted terms likely to
appear in links’ anchors to targets to initialize its classifier. (ii) We
provide 1k HTML pages with links to targets from the evalua-
tion websites as positive examples (based on prior crawls), as
required to pre-train its classifier, giving it partial access to the
solution. (iii) TRES must classify URLs as HTML or not to manage
its frontier, as it only accepts HTML pages. Although costly in
practice (see Sec. 3.3), we gave it an oracle doing this classifica-
tion at no cost, giving it its chance while not affecting its original
behavior. Since its RL agent and classifier rely only on textual
HTML features, TRES cannot directly detect targets. We therefore

added two adjustments: links are added to the frontier as in [37],
while others (which TRES would normally ignore) are visited
immediately and targets counted if found; and its language filter
was disabled, preventing coarse URL-based false exclusions. The
modified code is available at [25].

4.4 Practical Crawling in our Experiments
To evaluate six baselines and our crawler with various hyper-
parameters, repeated crawls per website are infeasible due to time
constraints (e.g., large files or slow connections), and crawling
ethics. Thus, for each website, all baselines and our crawler run
in a setting where each first checks if the resource is already stored
in a local database. If so, we use it; otherwise, we fetch it via
HTTP GET and the URL, HTTP status, headers, and response
body are stored.

For evaluation purposes only, we stop crawling a website un-
der any of the following conditions: (i) One crawler terminates
before reaching 1M pages, yielding a complete local replication:
all others then rely solely on database look-ups. (ii) All crawlers
reach 1M visited webpages (possibly not the same pages across
crawlers). (iii) A 3-week time limit is reached, as crawling can be
extremely slow for some websites (across 18 sites, 22.2M distinct
pages were retrieved). (iv) A crawler exceeds 1 minute between
two requests, excluding network latency (only affecting TRES).

We conduct and present our experiments as follows: (i) We
carry hyper-parameter studies and evaluate our URL classifier
on fully-crawled websites with fewer than 1M pages. Full replica-
tion enables parallel runs under multiple parameter settings and
provides complete knowledge for both (unrealistic) SB-ORACLE
crawler and TRES baseline (see Sec. 4.5). (ii) On websites where
all baselines reach 1M webpages, crawlers are compared on the
subset of the website each of them visited. Note that their target
sets, and the retrieved data volume, may differ: a good crawler
prioritizes more target-rich pages. (iii) On websites where at least
one baseline did not crawl 1M pages within the time limit, crawlers
are compared on the smallest crawl size achieved: e.g., if three
crawlers visit 400k, 200k, and 800k pages, respectively, we com-
pare them on their first 200k pages. (iv) On websites where at

https://www.abs.gov.au/
https://www.assemblee-nationale.fr/
https://www.bea.gov/
https://www.census.gov/
https://www.collectivites-locales.gouv.fr/
https://www.cnis.fr/
https://www.education.gouv.fr/
https://www.ilo.org/
https://www.interieur.gouv.fr/
https://www.insee.fr/
https://www.soumu.go.jp/
https://www.justice.gouv.fr/
https://nces.ed.gov/
https://www.oecd.org/
https://okfn.org/
https://www.psa.gov.qa/
https://www.who.int/
https://www.worldbank.org/
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least one baseline fails to reach 1M pages within the time limit,
crawlers are compared on the smallest crawl size achieved: e.g.,
if crawlers visit 400k, 200k, and 800k pages, results are computed
on their first 200k pages.

We exclude retrieval times from our results, since these vary
out of our control. We focus on the number of requests and data
volumes; crawl time can be estimated from these, knowing the
bandwidth and the ethics waiting time. To illustrate retrieval
times, on the medium-sized website ed, SB-CLASSIFIER requires
3h 16min to collect 5k targets and 10h 52min to collect 10k,
whereas BFS requires 5h 13min and 48h 45min respectively (1.6×
and 4.5× more).

4.5 Comparison with Baselines
Figure 4 compares our crawler’s performance with the baselines
on 10 diverse, representative websites; the other plots are in
the extended version [26]. Default settings are 𝑛 = 2 (𝑛-grams),
𝜃 = 0.75, 𝛼 = 2√2,𝑚 = 12 (path vector dimension),𝑤 = 15 (hash
function), and 𝑏 = 10 (batch size). MIME type and extension
blocklists are chosen to filter out multimedia content (image,
audio, video), usually large in volume. Full lists are in [24].

In addition, for each crawler and all 18 websites, Table 2 (above
the double rule) shows the percentage of requests needed to retrieve
90% of targets, and Table 3 the percentage of non-target page volume
retrieved before reaching 90% of total target volume. Lower values
indicate greater efficiency. For partially crawled sites, metrics are
computed on pages visited by BFS. If a crawler never reaches the
90%, we show +∞. The best-performing crawler per website is
in bold, excluding SB-ORACLE (as unrealistic). For each website
in Figure 4, two graphs show crawler performance: on the left,
the number of crawled targets v.s. number of HTTP requests (both
GET and HEAD, in thousands); on the right, the volume of target
responses (GB) v.s. volume of non-target ones. In both graphs, a
higher curve is better.

For fully-crawled websites, we run two variants of our crawler:
SB-CLASSIFIER and SB-ORACLE (see Sec. 4.3). This assesses the
impact of the URL classifier on crawl performance. Results are
averaged over 15 runs, with shaded areas indicating ± one STD.
STD are in most cases low, indicating stable behavior. Variability
arises mainly from: randomness in link selection within chosen
actions; the stochastic SGD-trained classifier; and the single-state
RL agent, whose design is crucial for stabilization (see [24]).

For partially crawled websites, we report a single run of SB-
CLASSIFIER, lacking perfect classifier information, and since mul-
tiple crawls are unfeasible (Sec. 4.4). All baselines but RANDOM
and TRES are deterministic, thus one run suffices. TRES is only
evaluated on the 10 smallest fully-crawled websites, as it requires
oracle access and does not scale: beyond small websites (be, cl,
cn, and qa), it exceeds the 1-minute-per-request threshold and is
stopped before completing the crawl of larger websites. Crawling
100k additional pages at that point would require at the very
least 10 more weeks.

The plots and Tables 2 and 3 show that our crawler with the
URL classifier outperforms all baselines, with one exception:
on cl, DFS is slightly better near the end. On il (volume only) BFS
briefly surpasses ours, but overall our crawler retrieves twice
more targets. For websites as, ce, ed, il, in, ju, nc, wh, and
wo, SB-CLASSIFIER significantly reduces resource usage (time
or bandwidth) to reach a fixed number of targets or maximize
targets under a budget. On wo, the best baseline (BFS) would
require 3 months to match our targets (linear extrapolation), and

FOCUSED 9 months; on wh, the best baseline (RANDOM) would
require 3 months and the worst (TP-OFF) 6 years. On il, the top-3
baselines find no targets in the last 650k iterations, whereas ours
continues until the end.

On other sites (be, cn, cl, jp, qa), while some baselines approach
SB-CLASSIFIER performance, it remains superior overall, outper-
forming all baselines on a wide variety of websites, with respect
to the size, depth, target distribution, etc. Small sites (be, cl, cn, qa)
are traversed quickly, allowing less learning, yet our approach
adapts effectively.

TP-OFF performs poorly, especially on ed, il, jp, wh, and wo.
Learning from just 3k pages proves insufficient on large web-
sites. On cn, TP-OFF underperforms BFS after the initial 3k pages,
despite only three times more pages remaining. Increasing the
training set could help but would approach the simplicity of a
standard BFS crawler. FOCUSED is outperformed by ours on all
websites, showing early focused-crawlers are too basic to effi-
ciently solve our problem. On 10 websites out of 18, it is even
beaten by BFS, DFS or RANDOM.

Despite being given three unfair advantages (hand-picked key-
words, access to training pages with target links, and an oracle
for URL type prediction), TRES fails on 9 out of 10 websites, per-
forming reasonably only on oe and only until it had to be stopped.
More critically, TRES cannot scale to medium or large sites, even
when run fully locally. Crawl iterations slow dramatically due
to exhaustive feature-based evaluations during tree expansion.
These results confirm that topical crawlers are fundamentally
ill-suited for direct target retrieval, even when heavily adapted
and unfairly favored.

Comparing our SB-CLASSIFIER with SB-ORACLE shows that our
classifier is close to the (virtual) perfect oracle. Further analysis
(our classifier’s impact) is provided in the extended version [26].

4.6 Hyper-Parameters
We present the impact of three key hyper-parameters (𝛼, 𝑛, and
𝜃) on crawl performance. Table 4 reports the number of requests
(resp. response volume for non-target pages) needed to retrieve
90% of the targets (resp. target volume); full plots are available
in [24]. When varying one parameter, others remain at default
values (Sec. 4.5). Additional parameters, including the projection
dimension 𝐷 (Sec. 3.2), showed no significant effect.

(1) Impact of 𝛼. 𝛼 controls the exploration–exploitation trade-
off (Sec. 3.2). We test 𝛼 ∈ {0.1, 2√2, 30} (Table 4, top), as optimal-
ity of 2√2 is not guaranteed in our non-standard MAB setting.
Smaller 𝛼 generally improves performance, with best results for
𝛼 = 2√2. Large 𝛼 leads to excessive exploration, especially on low
or moderate-reward websites, neglecting useful, already discov-
ered actions. (2) Impact of 𝑛 in 𝑛-grams for tag path representation.
For merging tag paths (Sec. 3.1), we test 𝑛 ∈ {1, 2, 3} (𝑛 = 1
represents paths as sets of HTML tags). Table 4 (middle) shows
that 𝑛 = 2 and 3 generally outperform 𝑛 = 1, confirming that
groups of tag paths provide a better learning basis than sets of
tags. We choose 𝑛 = 2, as 3 yields similar performance but incurs
higher computational cost due to exponential growth feature
space growth. (3) Impact of 𝜃. The similarity threshold 𝜃 controls
tag path grouping (Sec. 3.1). We test 𝜃 ∈ {0.55, 0.75, 0.95} (Table 4,
bottom). High 𝜃 often performs poorly, especially when no simi-
larity > 95% exists, as with websites adding unique IDs in tags.
For example, on ed it caused an OOM error by creating as many
actions as HTML pages. Best results occur with 𝜃 ∈ {0.55, 0.75},
with 𝜃 = 0.75 usually superior: when 0.55 performs better, 0.75
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2. French Local Communities (cl)
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3. French Ministry of Education (ed)
0 200 400 600 800 1000

Number of HTTP requests (k)
0

25

50

75

100

125

150

175

Nu
m

be
r o

f c
ra

wl
ed

 ta
rg

et
s (

k)

0 20 40 60 80 100
Volume of non-target responses (GB)

0

200

400

600

800

1000

1200

1400

Vo
lu

m
e 

of
 ta

rg
et

 re
sp

on
se

s (
GB

)

4. UN International Labor Organization (il)
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5. French Ministry of Interior (in)
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6. French Ministry of Justice (ju)
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7. US National Center for Education Statistics (nc)
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8. Open Knowledge Foundation (ok)
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9. UNWorld Health Organization (wh)
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10. World Bank (wo)

Figure 4: Comparison of different crawler performance for 10 selected websites presented in Table 1; for TRES, experiments
are only shown for fully-crawled websites. SB-CLASSIFIER is the proposed approach.
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Table 2: Percentage of requests that each crawler performs to retrieve 90% of the targets, for websites in Table 1. Below
double horizontal rule, percentage of saved requests and percentage of lost targets due to early-stopping mechanism (see
Sec. 4.8).

Crawler

Website
ab as be ce cl cn ed il in is jp ju nc oe ok qa wh wo

SB-ORACLE NA NA 72.6 NA 70.7 70.3 48.0 NA 12.8 73.8 NA 34.1 50.8 55.8 13.8 47.3 NA NA
SB-CLASS. 31.2 35.1 75.7 23.5 74.4 70.9 51.5 14.2 11.9 76.0 37.7 35.8 51.6 59.2 15.5 57.7 19.7 18.6

FOCUSED 68.2 +∞ 87.8 36.0 88.9 82.7 86.7 +∞ 62.8 86.9 42.0 91.1 92.8 84.9 51.8 71.0 +∞ +∞
TP-OFF 96.4 50.3 86.2 34.7 81.8 88.2 95.6 +∞ 99.7 88.0 +∞ 74.4 93.0 88.7 76.2 88.6 +∞ +∞

BFS 97.4 90.8 89.1 73.5 87.5 80.0 94.6 33.2 99.3 92.7 45.2 80.8 81.8 96.5 66.8 70.6 79.0 92.0
DFS 83.7 +∞ 85.2 74.9 70.6 84.6 90.5 +∞ 99.7 87.7 45.6 80.2 93.7 88.7 80.5 74.4 +∞ +∞

RANDOM +∞ 98.2 92.4 44.5 89.2 85.1 95.0 +∞ 99.0 92.7 +∞ 83.2 87.9 96.8 85.0 77.8 71.0 +∞

Saved req. 34.4 0.0 0.0 0.0 0.0 0.0 27.4 0.0 82.6 2.2 39.0 18.8 20.4 0.0 73.1 0.0 0.0 0.0
Lost targets 13.5 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 2.5 0.4 0.1 0.0 2.0 0.0 0.0 0.0

Table 3: Fraction of non-target volume each crawler retrieves before reaching 90% of total target volume, for websites in
Table 1

.

Crawler

Website
ab as be ce cl cn ed il in is jp ju nc oe ok qa wh wo

SB-ORACLE NA NA 24.2 NA 56.3 24.6 49.2 NA 12.5 59.7 NA 22.9 29.5 48.0 33.2 30.2 NA NA
SB-CLASS. 20.4 21.4 29.5 29.1 56.0 29.0 49.2 53.2 23.6 64.7 18.6 23.1 34.5 49.5 34.9 33.2 32.7 35.8

FOCUSED +∞ +∞ 85.2 97.0 76.3 74.7 86.4 +∞ 67.3 73.8 66.8 72.2 84.9 72.7 49.8 80.3 +∞ +∞
TP-OFF +∞ +∞ 92.3 64.4 65.0 94.7 92.9 +∞ 98.8 89.7 +∞ 72.3 89.2 89.0 73.6 46.9 +∞ +∞

BFS 81.8 75.7 66.5 98.5 80.8 50.4 93.2 3.6 99.0 93.8 54.0 68.0 84.5 97.5 63.3 87.3 91.5 98.3
DFS 98.6 +∞ 64.2 97.0 45.0 82.4 90.8 +∞ 98.1 85.0 59.5 68.6 96.1 90.5 97.0 75.0 +∞ +∞

RANDOM 71.6 +∞ 83.4 +∞ 89.3 82.7 92.9 +∞ 95.8 98.3 +∞ 70.1 88.2 98.1 86.6 77.8 +∞ +∞

remains comparable, but not conversely (e.g., on ju, 𝜃 = 0.75
improves both requests and volume by 40%).

All crawls with SB-CLASSIFIER so far use a logistic regression
classifier (LR) with URL features (URL_ONLY). To study model
and feature impacts, we also evaluate a linear SVM (SVM), multi-
nomial Naive Bayes (NB), and a passive–aggressive classifier [49]
(PA), restricting to lightweight online models and excluding deep
approaches whose cost would shift the bottleneck from network
latency to local CPU/GPU time. Each model is used with two
feature sets: URL_ONLY and URL_CONT (URL plus anchor text,
DOM path, and surrounding text). All features use character-
level 2-gram BoW encoding, yielding eight variants. Experiments
are run on fully-crawled websites, with 15 runs per configura-
tion and per site. Table 5 reports, for each website and variant,
the intra-website crawl metric of Table 2 (number of requests to
reach 90% of targets); variants requiring at least 2% fewer requests
than URL_ONLY–LR are in bold. The last column (“MR”) reports
inter-website misclassification rates on HTML pages and targets
from averaged confusion matrices. On 10 of the 11 websites, no
variant improves over URL_ONLY–LR by more than 2%; the sole
exception is qa, where two variants achieve a ≤ 2.3% gain. This
lack of consistent gains, also seen in “MR”, shows that neither
richer features nor more complex models yield meaningful gains,
justifying the choice of URL_ONLY–LR.

4.7 Effectiveness of SB Learning
We first study the reward associated by our algorithm to tag
paths. Figure 5 shows the mean reward of the top 10 path groups
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Figure 5: Mean rewards of the top-10 groups of tag paths
for the ten selected websites from Figure 4 (log 𝑦-scale)

(logarithmic 𝑦-axis), for the ten websites in Figure 4. Top groups
have high rewards: across websites, the best group averages
258, followed by 89, 74, 67, and 41 for the 10th, showing that
our SB agent effectively identifies tag path groups leading
to HTML pages with target links. Although the first group
often dominates, several groups still yield substantial reward, so
restricting to the top one is insufficient. Comparing Figure 5 with
the mean rewards for each website (on groups with non-zero
rewards) in Table 6, the top 10 groups generally far exceed the
overall mean (e.g., forwo, the the 10th group scores 33.5 v.s. 2.1 for
the mean). This is also clear from the high STD values from Table 6
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Table 4: Percentage of requests that an SB crawler with oracle performs to retrieve 90% of the targets (left of |).
Right of |: percentage of the volume of non-target pages retrieved, before retrieving 90% of the total target volume.
Hyper-parameter study on 𝛼 (top), 𝑛 (in 𝑛-grams, center), and 𝜃 (bottom), for the 11 fully-crawled websites.

Crawler be cl cn ed in is ju nc oe ok qa

𝛼 = 0.1 86.3 | 26.2 75.9 | 42.3 74.3 | 35.5 53.7 | 54.1 9.8 | 10.2 77.1 | 66.2 37.1 | 35.0 51.6 | 26.2 55.6 | 34.4 14.3 | 33.2 67.7 | 32.1
𝛼 = 2√2 84.7 | 24.2 76.4 | 56.3 71.8 | 24.6 53.0 | 49.2 11.1 | 11.0 74.2 | 58.9 35.0 | 22.9 51.4 | 29.5 59.2 | 48.0 10.3 | 19.0 68.9 | 33.9
𝛼 = 30 83.8 | 36.7 79.6 | 58.9 75.3 | 32.4 66.2 | 41.5 11.6 | 11.8 80.9 | 66.4 43.3 | 28.8 67.3 | 29.5 68.8 | 72.9 36.7 | 71.3 71.8 | 30.4

𝑛 = 1 84.5 | 27.1 77.2 | 48.5 78.6 | 56.3 57.3 | 55.1 9.9 | 10.7 78.2 | 69.6 35.7 | 17.6 54.8 | 33.5 52.6 | 28.1 13.6 | 27.2 68.9 | 34.7
𝑛 = 2 84.7 | 24.2 76.4 | 56.3 71.8 | 24.6 53.0 | 49.2 11.1 | 11.0 74.2 | 58.9 35.0 | 22.9 51.4 | 29.5 59.2 | 48.0 10.3 | 19.0 68.3 | 33.9
𝑛 = 3 84.1 | 32.8 78.2 | 51.2 71.3 | 25.7 57.0 | 53.1 10.7 | 10.5 71.3 | 49.2 37.0 | 26.9 51.2 | 27.0 79.6 | 79.0 6.0 | 8.8 70.0 | 34.9

𝜃 = 0.55 81.2 | 42.0 76.8 | 50.5 76.6 | 41.9 56.5 | 53.1 8.2 | 9.4 78.7 | 65.5 80.6 | 65.4 56.1 | 35.5 52.4 | 30.9 12.5 | 25.7 67.8 | 26.0
𝜃 = 0.75 84.7 | 24.2 76.4 | 56.3 71.8 | 24.6 53.0 | 49.2 11.1 | 11.0 74.2 | 58.9 35.0 | 22.9 51.4 | 29.5 59.2 | 48.0 10.3 | 18.7 68.9 | 33.9
𝜃 = 0.95 82.4 | 47.7 84.3 | 72.1 73.1 | 44.7 OOM | OOM 9.8 | 11.0 71.0 | 54.9 73.3 | 66.5 57.3 | 33.2 90.2 | 87.2 12.4 | 19.0 68.3 | 25.9

Table 5: Intra-website crawl metric (90% targets reached) and inter-website misclassification rates for URL classifier variants.

Variant be cl cn ed in is ju nc oe ok qa  MR

URL_ONLY-LR 82.1 75.1 71.3 53.2 11.7 76.1 36.5 52.6 60.7 15.9 62.3 2.62
URL_ONLY-SVM 82.7 75.7 71.8 63.6 11.3 76.0 37.4 52.2 63.5 16.7 61.5 2.99
URL_ONLY-NB 82.9 75.2 72.1 53.7 11.4 76.3 35.8 52.7 59.7 18.0 63.1 2.92
URL_ONLY-PA 82.3 74.4 71.7 53.3 11.1 75.8 36.7 51.6 60.5 15.9 60.9 2.56
URL_CONT-LR 82.2 74.4 71.9 54.3 11.3 76.4 37.8 52.9 64.7 16.8 60.0 5.93
URL_CONT-SVM 82.6 75.0 71.8 52.8 11.6 76.4 38.8 53.1 61.1 18.7 60.1 6.36
URL_CONT-NB 84.1 74.7 71.9 53.6 11.4 75.7 35.5 52.3 59.9 19.1 60.4 7.15
URL_CONT-PA 82.5 75.1 71.9 53.6 11.6 76.2 38.4 52.1 62.6 16.1 60.6 4.12

Table 6: Mean and STD of non-zero rewards of the learning agent on each website

ab as be ce cl cn ed il in is jp ju nc oe ok qa wh wo

Mean 1.7 1.5 4.5 30.2 12.4 4.2 2.5 3.1 1.6 3.5 3.5 5.4 2.0 2.5 5.5 15.4 3.0 2.1
Std 16.8 5.35 20.9 290.3 2.8 8.9 7.1 53.9 4.2 11.1 17.4 10.5 8.7 9.3 13.9 18.8 22.0 43.5

(over 20 times the mean for wo) implying significant differences
in the rewards of different groups: rewards are not normally
distributed across groups but more closely resemble a power
law. Table 6 also shows large cross-website reward disparities,
leading to the impossibility of setting an optimal exploration–
exploitation trade-off coefficient 𝛼. This supports our pragmatic
choice of 𝛼 = 2√2, effective in practice. These disparities further
highlight strong heterogeneity in target concentration across
websites, complementing Sec. 4.1.

Examining top-group tag paths often reveals clues about target-
rich areas. In nc, a typical path includes div.container.w-iap/
div.iap-content, linked to the International Activities Program,
a program focused on collecting international education statistics.
In wo, paths include collections-sief, related to the Strate-
gic Impact Evaluation Fund, a trust fund producing data and
reports. Some groups directly include target-retrieval keywords,
e.g., fr-link--download in ju or status-publish in ok. Other
websites’ top paths are not human-interpretable yet still achieve
high rewards (examples in [24]). This shows that our agent de-
tects useful patterns even without semantic meaning, adapting
to diverse structures without prior knowledge and supporting an
online, per-website learning approach. It further demonstrates
how our approach is language-independent: the RL agent learns
structural patterns in HTML pages regardless of semantic mean-
ing, enabling efficient target retrieval even on non-English or
multilingual websites.

Table 7: SDs retrieval across sample targets

be ed is in nc oe wh

SD Yield (%) 82 35 93 40 83 60 40
Mean # SDs / Target 9.1 2.8 2.9 2.1 2.1 4.9 1.4

Assessing the concrete precision of our approach to retrieving
SDs requires determining the number of SDs collected in the
targets. Detecting statistics tables in heterogeneous formats is
costly: even state-of-the-art methods require roughly one second
per PDF page [51]; spreadsheets pose similar challenges [54].
Performing this online or at scale remains an open problem. As
an empirical peak into the SD retrieval precision, we manually
analyze a random sample of 7 × 40 = 280 targets from 7 diverse
websites in Table 7, counting the percentage of targets containing
at least one statistics table (“SD Yield”) and their mean number
per target (“Mean # SDs / Target”). Results show that even on
non-statistical websites (ed, in, oe, wh), an important fraction of
targets contains SDs; although many targets contain none, SDs
concentrate on a subset, yielding in most cases more than two
SDs per collected target.

4.8 Early-Stopping
To prevent the crawler from continuing on websites with few
or no remaining targets, we add an early-stopping mechanism.
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Every 𝜈 iterations, we compute a slope 𝜎 = 𝑦𝑡−𝑦𝑡−𝜈
𝜈 , representing

the growth rate in the number 𝑦𝑡 of targets at crawling step 𝑡.
We then maintain an exponential moving average 𝜇 = 𝛾 ⋅ 𝜎 +
(1 − 𝛾) ⋅ 𝜇, with 𝛾 the decay rate. If 𝜇 stays below a threshold
𝜖 for 𝜅 consecutive slopes (i.e., 𝜅 ⋅ 𝜈 iterations), crawling stops.
Parameters (𝜈 = 1000, 𝜖 = 0.2, 𝛾 = 0.05, 𝜅 = 15) provide a good
balance between avoiding premature termination and efficiently
stopping on exhausted sites.

The lower part of Table 2 (below the double rule) shows early-
stopping results: the percentage of requests avoided and of targets
missed. High values are better for the former, low for the latter.
We observe three behaviors: (i) Medium to large websites where
target discovery slows and stopping occurs effectively (ab, ed,
in, jp, ju, nc, ok). Smaller sites take longer (in %) to stop due to
the required 𝜅 ⋅ 𝜈 iterations; (ii) Large websites with continuous
target discovery where stopping conditions are never met before
manual termination (as, ce, il, oe, wh, wo); (iii) Small sites (be, cl,
cn, qa) where the crawl ends before early stopping can trigger
within 𝜅 ⋅ 𝜈 = 15k iterations; this is not an issue, as these sites
are quickly fully crawled.

5 Related Work
Web crawlers. We discuss several aspects of Web crawlers, see

the extended version [26] for other relevant work and a summary
table outlining the characteristics of existing focused crawlers.

(1) Focused crawlers prioritize some pages during the crawl,
often based on predefined topics. Traditional focused crawlers
[10, 19] mainly train a classifier to predict the likelihood that
a hyperlink leads to a relevant page; we adapted this approach
to our target retrieval in FOCUSED. Modern focused crawlers
typically employ RL to adapt the crawl: we review them here. We
distinguish two kinds of focused crawlers by their focus: most
are topical crawlers [27, 29, 37, 59], which focus on a predefined
topic via keywords or sample documents. Non-topical focused
crawlers are rarer: besides this work (which focuses on targets
of a given file type), examples include Anthelion [40], which fo-
cuses on semantic annotations in Web pages, and ACEBot [20],
which accumulates as much diverse textual content as possible.
Anthelion’s focus is more specific than ours and ACEBot’s focus
differs but we adapted it for target retrieval in TP-OFF. Topical
crawlers are ill-suited for target retrieval as shown in Sec. 4.5,
since they target HTML content and require language-specific
elements defining the topic. Our SD application requires crawling
sites with content about different domains (economics, education,
health, etc.) and in multiple languages (Sec. 4.1). Another key dif-
ference is that assumptions of topical locality [17] (similar-topic
pages are close) and crawl direction [29] (page scores increase
near topic-relevant pages) do not typically hold in our case. Ex-
isting systems differ in the way they use learning: many choose
to have a simple single-state representation [27, 40, 59] in the
form of classical MABs, while some introduce a multiple-state
MDP representation as in [29] or [37] which directly extends on
[29]. In order to support an MDP representation, [29, 37] have to
define states that cannot just be the current state of the crawl but
a summary thereof (as RL policy optimization requires visiting
many times each state). For this, they use features characterizing
the topic relevance of the last crawled page and its neighborhood.
This does not have a direct equivalent in the setting of target re-
trieval (again, because of non-locality). We differ from prior work
by choosing a SB representation, a mathematically well-founded
way to both use a single state and model that not all actions are

available at every step. It also allows faster convergence of action
estimation than multiple-state approaches. Unlike our method,
[20] does not use RL but relies on offline training on part of the
website (see Sec. 4.3). In most cases, including ours, actions cor-
respond to selecting the next URL to retrieve. Two works differ:
[40] applies RL only to select sites, to crawl the next URL from,
with URL choice handled separately, while [59] additionally al-
lows actions that query a SE. Finally, except for [20], our work
differs from all cited approaches in targeting a focused crawl of
a single given website: the most common approach crawl across
sites without strict scope constraints. This distinction is crucial
for our application, which requires retrieving datasets exclusively
from trusted sources.

(2) Incremental or revisit policy-based crawling views a web-
site as an evolving set of pages and selectively revisits them
to maximize updated content while minimizing unnecessary re-
quests. [11] presents core challenges, and [50] introduces an incre-
mental version of Heritrix [42], used by the Internet Archive. More
recent works propose learning-based revisit policies: [5, 16, 36]
predict emergence of new outlinks from page features. Others
use RL: [46] shows Thompson Sampling (TS) outperforms MAB
alternatives and the Pham Crawler [44], and [35] introduces a
learning algorithm to compute optimal revisit policies. While
our method is a single-shot crawl, we plan to build upon it to
implement incremental strategies.

Tag paths. Tag paths, e.g., root-to-link paths in the DOM of
each HTML page, have been exploited for Web crawling. [14, 15]
take advantage of the website structure to cluster webpages, with
applications to Web scrapers aiming to automatically extract and
structure data from HTML pages. [20] directly uses paths in the
DOM of each HTML page in order to do focused Web crawling.

6 Conclusion
We addressed the problem of scalable web data acquisition by
developing an efficient crawling that aims to maximize the re-
trieval of targets (interesting pages or files) while minimizing
computational resource usage in terms of time and bandwidth,
and respecting crawling ethics. Our solution, based on RL, out-
performs standard baselines on an heterogeneous set of websites.

In our future work, we would like to explore more complex
reward functions than the simple number of targets reachable.
Also, integrating deep-Web crawling techniques could enhance
our crawler’s ability to access data behind forms or within por-
tals more efficiently, thereby further improving our web data
acquisition at scale. Finally, while our crawler focuses on the
initial acquisition of targets, it does not handle updates or newly
published resources: an important limitation for statistical data
journalism, where timely information is essential. We leave ex-
tending our crawler with incremental revisits for future work,
combining the knowledge acquired by our RL-agent with existing
re-crawling strategies.
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Artifacts
The repository [24] provides a complete experiment reproducibil-
ity kit. The README.md file describes the repository contents and
explains how it is organized. The kit mainly allows running the
crawlers SB-ORACLE, SB-CLASSIFIER, FOCUSED, TP-OFF (some-
times referred to as dom_off), BFS, DFS, and RANDOM. Three
execution modes are available:

• Local crawling: used when a website has already been fully
replicated in a local database (see Sec. 4.4).

• Online-to-local crawling: creates a local copy of a website
using a naive crawler.

• Semi-online crawling: first checks the local database and
fetches the resource only if it is not present (applied to
non-fully crawled websites, also described in Sec. 4.4).

The folder url_classifier_confusion_matrices contains
all confusions matrices used to compute the “MR” metric in
Sec. 4.6 for the URL classifier models. The repository also contains
code to reproduce the plots and information about the websites
used in our experiments. A second repository [25] contains a fork
of the TRES [37] crawler code, adapted for the target retrieval
task described in Sec. 4.3. An extended version of this paper is
available in [26].
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