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Abstract

As businesses increasingly rely on large-scale data analysis to build
products and features, understanding how data flows through het-
erogeneous storage assets has become a critical challenge. To ad-
dress these challenges, we present Unified Lineage System (ULS), an
end-to-end lineage aggregator designed to track data flows at scale.
Our system features a general data model representing data flows
between different asset types, a lineage data model that enables
navigation across granularities, and techniques to stitch incom-
plete lineage traces. We also describe methods for processing the
lineage graph to customize precision and recall. We implemented
ULS at Meta, where its lineage graph contains billions of nodes and
edges and supports over one hundred use cases, including routine
operations, capacity management and privacy.
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1 Introduction

Many businesses rely on scalable analysis of large datasets in order
to build products and features for users [51]. A standard architec-
ture for such businesses separates two main classes of database: a
“production database” [9] which supports user-facing products, and
a “data warehouse” used for analytics. Large data warehouses can
contain millions of tables [50] and exabytes [35] of data.
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Maintaining such large-scale systems requires support from data
understanding tools. In particular, many use cases require develop-
ers to understand how data flows through heterogeneous storage
assets. For example, a developer debugging corrupted data in a
specific storage table may wish to understand which other tables
received that data and require correction. A capacity engineer wish-
ing to free up unused storage may need to understand whether a
specific table is being used by important pipelines. And a privacy
engineer wishing to understand where certain data are stored may
need to track their provenance as they flow through pipelines.

Data moves between production databases and a data warehouse
(and vice versa) in several ways. Data can originate in the mobile
or web stack, be processed by frontend servers, and then be logged
into a warehouse via a distributed queuing system [14]. These dis-
tributed queues can be processed by stream processing systems or
bulk importers. Within the warehouse, the data can be transformed
and aggregated before flowing into dashboards or back into pro-
duction databases to improve user-facing experiences. Data flows
thus form a directed graph with data storage assets as nodes and
flows between them as edges. Modeling this graph requires novel
techniques: lineage systems must be able to track data ingestion
points, how data is read and processed, and where it is written to.

Building such a lineage graph is not as simple as it may first
seem. In this paper, we discuss a number of challenges that lineage
systems must overcome to support production use cases. They must
integrate with a wide range of data providers, from high-volume
ETL processors through to manual queries or opaque blocks of
specialized code. They must support querying different views (or
granularities) of the same data flow, from individual columns to an
overall table. They must be able to infer accurate information about
flows given only partial system traces. They must keep false positive
or negative flows to an acceptable level, despite many potential
sources of incorrect and incomplete data. And they must expose
lineage information in a way that is useful to developers while still
supporting bulk automated queries.

To that end, we have developed ULS, an end-to-end lineage ag-
gregator. Our contributions are as follows. First, a system to track
data flows at scale. ULS has a general data model, enabling the rep-
resentation of data flows between different asset types. Flows can be
represented at different granularities, allowing the representation of
“real world” flows, in which not all metadata collection has the same
accuracy (Sections 2 and 4). Second, a flexible and rich lineage data
model to encapsulate the requirements to represent evidence-based
lineage from diverse sources (Section 5). Our model introduces
containment edges, which establish parent-child relationship for
a pair of nodes to allow users to navigate across granularities and
to view flows at different levels of detail (e.g., column and table).
Third, different techniques to connect lineage data with flows based
on common evidence metadata when information is known to be
incomplete, enabling increased recall for lineage queries (Section 7).
Fourth, tools and methods for processing the lineage graph that
help balance false positives and negatives, allowing consumers to
customize their precision and recall depending on their use case
(Section 7). In Section 3 we provide a description of challenges. Fi-
nally, in Section 9 we present a quantitative view of the ULS graph,
an impact analysis of lineage consumption techniques, and lessons
learned from real production data (Section 9.4).
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2 Unified Lineage System

Figure 1 provides a high-level overview of a standard architecture
for a complex web service, and the interconnections between ser-
vices as data moves through them. When a request hits a web server,
it may result in reads and writes to production databases, backend
services, and event logs. These logs can be processed by streaming
systems and/or be ingested to a data warehouse. Warehouse data
can be processed for analytics and ML training, and its results may
return to production services to feed different user experiences.
During these operations, data moves through different data assets
(e.g., Hive [50] tables), being transformed and/or merged with other
data (e.g., production databases or data logs). A data flow loosely
refers to the movement of data from one asset to another. Data
flows occur via automated processes such as SQL queries, other
transformation primitives (e.g., Python via data frames), invocation
of different services, and more.

As shown in Figure 1, ULS operates alongside these everyday
operations. While many systems operate to provide day-to-day
services to users, a selection of these, referred to as providers, also
produce lineage metadata from their own operational logs. ULS
takes input from all its providers, synthesizes and aggregates their
lineage, and produces a new daily data lineage graph. The graph
is used directly by developers for ad-hoc exploration, as well as
programmatically to power several business use cases.

We remark that, by design, ULS allows for both false positive
and false negative lineage: that is, it is possible for it to report data
flow between two assets where no true flow is present, or not to
report the lack of a flow despite its existence. Overall, we make no
formal guarantees about the correctness of ULS results.

2.1 What is lineage used for?

Multiple use cases rely on high quality lineage. We call out three
main categories:

(1) routine operations such as data pipeline debugging and data
corruption recovery,

(2) efficiency and capacity management such as data removal
and data collocation,

(3) privacy and data use, such as data discovery.

Data pipeline debugging: Developers routinely require lineage
information during software development. For example, consider
a daily batch job that reads certain datasets to create a processed
output. This job is expected to complete overnight, but one day
fails to finish on time. Daily jobs which depend on that output
will become “stuck” waiting for their inputs, and thus the delay
propagates to downstream jobs. In such a case, developers need to
identify the furthest upstream piece of processing which has not
yet completed and remediate any issues. In other words, given a
table, they must find its transitive set of upstream tables.

Data corruption recovery: Another form of debugging is to iden-
tify and remediate incorrect or corrupt data. For instance, a logging
bug might lead to incorrect data in an event logging table. Once such
bugs are fixed, engineers may wish to recompute the downstream
consumers’ affected partitions to remove the incorrect data. To
create a data recovery plan, the information on the lineage graph is
leveraged to track down the set of table partitions and data pipeline
tasks that need to be re-executed to remove the incorrect data.
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Figure 1: Unified Lineage System

Data removal: Tools such as Systematic Code and Asset Removal
Framework (SCARF) [48] identify and remove unused data assets.
SCARF needs lineage information to determine whether an asset
is unused: if an asset is consumed by an active downstream asset,
then it too must be active. ULS fulfills these lineage queries in order
to enable SCARF to remove such assets.

Data collocation: Data warehouses are often sharded into names-
paces, which are themselves allocated to regions and individual
data centers. When joining two tables together, it is more efficient
to collocate those tables to reduce cross-region traffic. To perform
this optimization, lineage is needed to determine which tables are
downstream dependencies of each other or joined within a query.

Data understanding: Various privacy implementation strategies
rely on the ability to understand the data stored in a data asset. This
may include relatively straightforward definitions such as “this is
data about users”, or metadata about complex subtyping such as
“this string-type data contains email addresses”. This kind of label
can be used for determining applicability of privacy requirements
such as data deletion [17], or for developer improvements such
as enhanced type checking in SQL queries [37]. One technique to
identify and place such data-understanding annotations on assets
is via automated scanning tools as in Data Loss Prevention (DLP)
systems [2, 25]. However, such tools often operate on assets in-
dependently, without knowing their relationships. In contrast, by
placing semantic annotations on assets that are at the root of data
pipelines or processing flows, we can use lineage information to
automatically detect downstream flows of that data and propagate
the labels to those downstream tables as well. For example, a lineage
system can identify that a column y is downstream of a column x
which is known to contain email addresses, and thus automatically
propagate a semantic annotation from x to y.

Data discovery: Privacy engineers often need to identify all assets
to which a given policy applies. In [30], the authors describe enforc-
ing a commitment that a given data point is not used for a given
purpose. To do so, developers must identify where this specific data
is stored, in a process called asset discovery [33]. This discovery
can be done via upstream or downstream asset traversals on the
lineage graph. A developer can identify root assets containing the
data in scope, and then query the lineage graph to identify other
candidate assets that may contain this data and its derivations.

3 Lineage Challenges

This section describes the main practical challenges faced towards
a high-quality lineage system while operating our large-scale and
diverse system as shown in Figure 1. Throughout this section we
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use a simple SQL-based lineage example, an unstructured data flow
and data movements and transformations through table manipula-
tion that constitute common patterns of our operations. We clarify
that the goal of our lineage system is to devise a lineage graph
of data flows. We build a new graph every day from data coming
from lineage sources referred to as providers. Such a graph can be
queried by lineage-related queries. While using different examples,
we discuss the practical challenges to build such a graph to capture
intended data flows. We later formalize our data model and lineage
models in Sections 5, 6 and 7.

One of the most common examples is
recording lineage metadata about data
flowing between relational tables, such
as Hive. Figure 2 shows a simple SQL
query g, where data moves between two
date-partitioned Hive tables foo and bar.
Recall that Hive tables are divided into
partitions, according to unique values of
a column [50]. The simplest flow f in q is
data moving from foo to bar and can be
represented as the table graph in Figure 3.
In this graph the directed edge indicates
the data moved from node foo to bar. g
is attached to the edge to provide evidence of the flow, i.e., data
flow f is generated by the execution of query q. Such table-to-table
representation is straightforward and satisfies many use cases.

INSERT INTO bar
(¢, p)
SELECT
a+ b as c,

p
FROM foo
WHERE

p = '2024-01-01"'

Figure 2: Example
SQL query.

3.1 Data flow granularity

While straightforward, table-to-table lineage does not cover all use
cases. If an engineer is trying to understand why a table has not
yet received a new partition today, it is not sufficient to know that
its upstream tables still exist. They must be able to identify which
upstream partitions are delayed. If an engineer is trying to identify
whether a column contains email addresses, knowing that some
upstream table contains email addresses is not sufficient, as the
upstream column containing email addresses may never be involved
in a flow. Thus, the table-to-table graph in Figure 3 does not capture
many use cases’ needs. Figure 3 shows additional views of flow f
from query g, at table, partition, and column granularities.

One way to support multiple granularities is to store all flows at
the finest granularity, and use this data to synthesize abstractions
of the lineage graph at all coarser levels. For example, in query ¢
above, this would store a flow edge for every (column, partition) pair.
There are two reasons why this approach is not straightforward.
First, even a single SQL query on a large table (say with 10 years
of date partitions and 300 columns) will generate over a million
flow edges in the resulting graph, quickly leading to a graph size
explosion. Second, not all lineage providers are able to report data
at the finest granularity; we discuss this further in Section 3.3.

CHALLENGE 1. Itisdifficult to track lineage across flows of different
table, partition, or column granularities.

3.2 Data flow evidence

A lineage system which simply reports “table foo flows into bar”
is not particularly useful for use cases that need to understand why
the system believes such a flow exists. For example, an engineer
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column granularity

function

function

copy

table granularity partition granularity

Figure 3: Lineage flows at different granularities.

debugging missing data may discover that an unrelated upstream
table is blocking their pipeline, and wish to understand why there
is a dependency on that upstream.

In some cases, basic evidence of flow is sufficient. For example,
in Figure 3 we can store the query q identifier in the lineage graph,
and report q as evidence of the flow from foo to bar.

However, simply reporting a query identifier as an evidence
metadata is often insufficient. An engineer investigating g may
wish to understand who ran the query, where it is stored in source
control, or whether there were recent modifications to the query
that could have introduced issues. Similarly, a data deprecation
system [48] attempting to deprecate foo may wish to modify the
source code of q to remove the dependency, and thus need a code
pointer to the underlying repository.

CHALLENGE 2. It is difficult to identify and record enough evidence
metadata for consumers to investigate and understand reported flows.

3.3 Data flow stitching

Lineage providers do not always provide flows: sometimes they can
only report reads or writes. For example, consider the Python code
script.py in Figure 4. The code defines two strings containing
SQL queries, executes them via an example Hive library binding,
and writes the results to a new Hive table. Reading this code, we
can see that there are only two true data flows, shown in blue.
Instrumenting the Hive library itself is a straightforward way
to report lineage for such queries. For example, we can update
hive_lib.query_presto (resp. hive_lib.write_to_hive) to re-
port a “read” (resp. “write”) event to ULS. For the code above, this
would give us four independent events: reads via q1 and g2, and
writes to bar1 and bar2. Since lineage users want to consume flows
instead of events, ULS must therefore construct flows out of these
events. One approach is to attach a common identifier to related
events at execution time to capture their connections [7], and then
stitch all reads and writes from the same identifier into flows. In the
example above, if the same id is shared across reads and writes, this
results in both the correct (blue) and incorrect (red) flows shown.
In our experience, stitching of indirectly connected assets is one
of the most challenging tradeoffs when developing a lineage sys-
tem. Relying too heavily on low level stitching comes with its own
pitfalls. For example, an engine like Presto may read and write sta-
tistics about the query execution (e.g., processing speed) to its own
internal datasets, or may do authentication and authorization oper-
ations with backend services. In this case, it is hard to differentiate
automatically which assets are being read because of a user-level
operation, and which are due to internal IO issued by the engine.
Always stitching all assets read or written by a given processor
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example script.py

{ g1 = "SELECT coll FROM foo WHERE |
: ds BETWEEN '23-12-01' AND '24-01-01'"
! g2 = "SELECT col2 FROM foo WHERE i
| ds = '24-01-01'"

a month
of data from
foo.coll

| correct
flows

incorrect,
flows

Figure 4: Lineage metadata stitching.

dfl = hive_lib.query_presto(ql)
i hive_lib.write_to_hive("bar1i", df1)

df2 = hive_lib.query_presto(q2)
i hive_lib.write_to_hive("bar2", df2)

leads to superconnectors, resulting in a very noisy lineage graph
with overall degraded quality of information.

CHALLENGE 3. It is difficult to perform meaningful data flow stitch-
ing for systems that do not report complete and accurate lineage.

Known unknowns. While stitching is necessary to maintain end-to-
end flows in the lineage graph with high coverage, it results in flows
with lowered confidence as in Figure 4. In our observation, lineage
users expect to have means to detect that a given flow edge may
have imprecision (e.g., constructed by stitching instead of directly
reported). This is so that users can distinguish which data flows are
more likely to be true (i.e., higher confidence) from flows that may
require further manual inspection (i.e., lower confidence).

CHALLENGE 4. It is difficult to establish and represent known un-
knowns in the graph to facilitate lineage data understanding.

3.4 Graph traversal

Many applications require traversal of the lineage graph. While
some flows are accurate (e.g., Figure 3), others are overapproxima-
tions (e.g., Figure 4). Traversing such a graph to output flows of
high quality is challenging. Further, recursively traversing incorrect
edges on the graph means that we are amplifying the error when a
path through an incorrect edge is traversed.

CHALLENGE 5. It is difficult to effectively navigate the lineage
graph with edges of varying confidence to produce high recall and
high precision lineage traversal query results.

3.5 Tackling These Challenges

To address Challenge I, ULS’s data model allows edges of the lin-
eage graph to be defined at different granularities which lineage
providers leverage to ingest data at the appropriate column, table,
or partition granularity (Sections 5 and 6). To tackle Challenge II on
flow evidence, ULS’s data model introduces the processor node for
providers to declare the evidence of edges in the graph (Section 5).
To address Challenge III on metadata and events stitching, ULS pro-
vides comprehensive lineage ingestion and consumption through a
series of mechanisms for flow traversal of the global lineage graph
including the ULS Tailer component at the Lineage Enrichment
stage (Section 6) and the proactive stitching of half edges at the Lin-
eage Consumption stage (Section 7). Finally, to tackle Challenges
IV and V ULS introduces two novel techniques - granularity sweep-
ing and column-partition granularity — that allow graph traversal
even when edges are of low quality and by using available lineage
metadata to reduce false flows (Section 7).
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4 ULS architecture

ULS follows a streaming-based architecture as shown in Figure 5.
Lineage providers ((D, Section 6.1) generate daily reports of lineage
data, which is combined by a lineage ingestion system ((2), Section 6)
to build a global lineage dataset powering global graph traversal
APIs (), Section 6.2). Users can then query these APIs in various
ways (&), Section 7.1).

At its core, ULS uses the global, aggregated lineage dataset to
dynamically build on-demand, in-memory representations of the
lineage subgraphs requested by user queries. ULS considers the
global dataset and the global graph, or simply the lineage dataset
and graph, as equivalent representations of the same lineage and so
these terms are used interchangeably hereafter. Briefly, the lineage
dataset contains entries of lineage data which can be stitched to-
gether to build the user-requested subgraphs. Both the input lineage
data and the derived dataset conform to the ULS data model (Sec-
tion 5) designed to capture our diverse types of input lineage data,
use-case requirements, and to provide the fundamental elements
to address the challenges described in Section 3. Finally, ULS uses
measurement-based methods in @ to ensure the lineage quality in
the lineage dataset (Section 8). This process provides quality checks,
such as the measurement of coverage of specific data flows.

ULS APIs enable processing of the graph in batch fashion or via
querying a service call. While users can use the lineage dataset via
SQL queries, we also provide a traversal API to navigate the lineage
graph accounting for the varying quality of data flows.

Most use cases operate on recent lineage data, covering perhaps
a few days. To this end, we deliver a new lineage aggregated graph
every day that captures the flows of the previous day. However,
there are also cases, such as in interactive data pipeline debugging,
where lineage data on fresh flows (e.g., past hour) are needed. To
achieve that, ULS provides “real-time" lineage data on flows soon
after these have been processed, generally within a few minutes.

5 Data Model

The fundamental elements of our model are data, assets, and flows.
Each asset in our data model represents a data identifier to a physical
or a logical entity in which data moves from and/or to (i.e., a flow).
In this way, our model supports a diverse set of different asset
types. For example, an asset can represent a simple storage element
such as a table or a file. An asset can also represent logical entities
that are associated with data movement and have a meaningful
representation to a developer or represent a higher-level storage
abstraction. For example, an asset can be a schema definition used
for logging or a node in the Ent framework [34] that is stored in
MySQL. As our model strictly relies on asset identifiers, it does not
make any assumptions about the data type and format. For example,
a Hive table has partitions, columns, and sub-columns (e.g., structs,
maps). Its storage format does not play a role in this representation.

5.1 Lineage Graph

The lineage graph is a directed graph defined as a set L = (V,T)
where V is the set of vertices or nodes and T is the set of edges. A
node v € V is defined as v = (cy, Ty, idy, Ay). A category set ¢, =
{“asset”, “processor”} denotes whether node v is an asset or a pro-

cessor. A processor provides supporting evidence of data movement
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from one asset to another. A node’s type T, = {Tasset, T5T0°°**°"}

is defined as one element from a set of pre-defined attributes of
the different types of assets T25¢! or processors T o >>*' that the
lineage graph supports. An example of T3¢ is a Hive table. An
example of TY™°°***" is a Presto query. Finally, A, represents an op-
tional free-form map of attributes containing node metadata copied
from a source of truth.

Adirected edge e € Eisdefinedase = (fe, srce, dste, proce, Ge, Ae).
te = {“flow”, “containment”} denotes the edge type and can be ei-
ther a flow or a containment, explained further below. src, is the
source asset node and dst, is the target node of edge e. proc, is
the processor node for edge e providing evidence of the connec-
tion from srce to dst,. Finally, G, is the graph granularity and is
defined as G, = {“table”, “partition”, “column”} and explained in
Section 5.2. A, is a map of edge annotations such as the lineage
provider and the quality indicator (Section 5.3). While containment
edges expect both srce and dst. to be specified, flow edges are
allowed to have only one of them specified.

A flow edge or simply flow indicates a data flow between two
assets. Flows must have a processor node proc, providing evidence
of data flowing from src, to dst.. A flow edge must always have a
proce and at least a source or a target node. A complete edge has both
source and target nodes, while a half edge has only a source or target
node. Half edges occur when our data lineage instrumentation
cannot establish the direct flow relationship between two assets,
but it can establish that there was a read from src, or a write to
dste by the given proc,. It also represents situations in which the
source or destination nodes are not modeled in the lineage graph
(e.g., Web UI). The same evidence node can be in multiple complete
and/or half edges, such as the half edges that are later stitched in
the example in Figure 4. A flow edges can also represent a cycle in
the graph, where src, and dst, are equal. One such example where
this can happen is when a query creates a new partition of a table
based on the past several partitions of the same table.

A containment edge establishes a parent to child relationship
between two nodes, be it assets or processors. Examples include a
table contains columns and partitions (dashed arrows in Figure 3),
or a pipeline task instance contains a query. Evidence nodes are not
required for containment edges, as these often come directly from
metadata systems or specific platforms (e.g., pipeline framework).
Containment edges enable graph summarization and navigation
across granularities. Summarization is achieved by post-processing
the graph to transform nodes into their parent nodes. For example,
a subgraph with columns connected by queries can be presented
as a subgraph of the corresponding tables connected by the data
pipeline tasks that executed the underlying queries.

5.2 Graph Granularity

The lineage graph contains information about tables, partitions, and
columns; we refer to these as different granularities. Granularities
in the ULS data model are effectively different views of the flow
graph, where the same asset can be represented with different levels
of precision regarding the same data flow as shown in Figure 3. We
can traverse the lineage graph at any granularity, “zooming” in to
capture fine details such as column-to-column flows, or out to see
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high-level flows between tables. Different granularities may suit
better different use cases of the lineage graph (see Section 2.1).

Note that not every asset type has a meaningful representation
at every granularity. In particular, this means that finer granular-
ities (e.g., partition, column) do not necessarily have all the data
from coarser granularities (e.g., table). For example, the Scribe [29]
distributed queuing system, allows developers to stream data into
queues that eventually flow into tables in the data warehouse. A
Scribe category (i.e., a queue) is broken down into columns but
not partitions, as it is a continuous queuing service. Thus, a flow
from a Scribe category into a Hive table can be represented at the
table and column granularities. Although one could represent flows
from a Scribe category to all partitions of a Hive table, there is no
gain of information when compared to the table level flow. The
representation of asset types in granularities is a design decision
made when ingesting new flows into ULS. Section 7 describes how
ULS handles cross-granularity traversals .

5.3 Edge Annotations

Edges are associated with free-form annotations A, described below.
These annotations include the lineage provider it came from as well
as the relevant responsible engineering team, to enable debugging in
case lineage users report problems with specific edge information.

Data flow characterization. In addition to stating that there is a
data flow between assets, edges can be annotated with information
on the characteristics of the data transformation, further specifying
how the input has influenced the output for a specific flow. For
example, the column granularity provides the annotations clause
and category, modeled after SQL transformations. In particular, the
clause annotation tells us how information was used (in a select,
filter, or group by) and can be broken down into categories to char-
acterize how the information from source to destination happened.
For example, when going to a destination column, a source column
can be copied, aggregated, pass through a function, and others.

Contextual information. Edges can be annotated with other in-
formation available about the flow, depending on the provider.
Examples include the name of the operator in the data pipeline
used to construct the flow, or the information about which security
credential was used to authorise the query.
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Quality Indicator (QI). Finally, we introduce the quality indicator
to capture our confidence on the flows described by edges. It is a
simplified assessment of ULS’s confidence that a flow edge describes
a real data flow between source and destination, ranging from
1 (high confidence) to 4 (low confidence). In ULS, the indicator is
generally tied to the accuracy of the flow information acquisition
process. Below, we describe some guidelines to assign the indicator
values. A flow indicator has value 1 when considering flows at the
column granularity, and our flow collection information method is
able to pinpoint with high accuracy both the source and destination
columns of the flow (e.g., via SQL analysis). A value of 2 is given
when we are able to point out the source or destination columns of
the flow, but not both. 3 is given when we can pinpoint the source
and destination tables of a flow, but not their column relationships. 4
is given when we are able to make asset connections via a processor
but we do not know how they relate to each other (e.g., processor
read from 5 assets and wrote to 2 assets). Quality indicators help
ULS users sift through reported flows, as ULS can flag where a
flow may need additional review. ULS relies on lineage providers to
assign the edge quality indicators, as they are in the best position
to assess the confidence of their flow data acquisition process.

6 Lineage ingestion

This section describes the overall ULS ingestion process, which
starts with lineage providers sending data that is then validated or
enriched with additional flow information (D and (2) in Figure 5).

6.1 Lineage providers

ULS supports approximately 50 different lineage providers which
can submit input lineage data to our system using ingestion APIs.
These include Data Warehouse query engines, such as Presto and
Spark, ETL systems, stream processing systems, and more. Data
generated by providers can be either declared or raw lineage events
or both. By declared lineage we mean metadata that follows the
ULS data model i.e., full or half-edges. In contrast, we refer to raw
lineage as metadata that must further processed to generate nodes
and edges, or to enrich edge information.

Providers, such as WWW code lineage, create declared lineage
data through an offline process (e.g., code static analysis, using
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operational datasets) that can execute multiple times a day. At its
final stage, this offline process invokes a ULS library to generate
subgraphs made of nodes, flow, and containment edges. The library
is responsible for data validations (e.g., validate identifiers) and
publishing the subgraphs to a declared lineage Scribe category in ).
Other providers integrate to ULS by adding lineage instrumentation
to their own code and then submitting lineage events, either raw or
declared, in a streaming fashion as soon as the flows happen.

ULS requires lineage providers to be registered before they can
start submitting lineage data. While ULS is extensible and geared
towards easy on-boarding of new providers, this is still a governed
process. This is to ensure that providers are using existing asset
types, and follow the granularity and quality indicator guidance.
The registration process includes the description of what asset types
a given provider will submit and the responsible engineering team.

6.2 Lineage enrichment

While declared lineage from providers is used without any further
processing, raw lineage events can be further enriched with in-
formation about the environment they were executed on and the
transformation executed on the data.

As shown in Figure 5, enriched events go through an additional
transformation step performed by the ULS Tailer component in
@. This component is responsible for (i) converting an event into
a ULS conforming sub-graph; (ii) encoding specific attributes as
part of edge metadata; (iii) creating containment edges between
processors based on environment information (e.g., pipeline task
contains pipeline task instance that contains a query); and (iv)
creating column and subcolumn (e.g., structs, maps) level lineage
for SQL queries coming from our Data Warehouse compute engines.
The ULS Tailer then submits the enriched events to the Declared
Lineage events category, which is used to construct our final results.

While compute engines could generate column lineage directly
during SQL query execution, we delegate this process to a dedi-
cated Column Lineage Service component that is invoked outside
of the query execution path. This service receives a SQL query as
input, and returns a column lineage graph describing the lineage
relationships between input and output columns and subcolumns.
This service also labels the edges according to the transformation
made on the query, such as the clause and category described in
Section 5.3. These are directly relied on by lineage users. Delegating
column lineage to a service ensures that: (i) different engines use
the same column lineage specification; (ii) compute engines have
its lineage data enriched based on environmental information in
the same way; and (iii) that the column lineage process can evolve
independently of the release cycles of compute engines. This means
that both bug fixes and lineage refinements can be released indepen-
dently from engines. Both the ULS Tailer and the Column Lineage
Service have many replicas to properly serve the required input
load. At the end of the Lineage Enrichment process all declared
lineage generated is given to Lineage Consumption for making the
global data graph.

7 Lineage consumption

The Lineage Consumption stage is the final step in the ULS data
pipeline and generates the global lineage graph for consumption
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by ULS users for different purposes as shown in Figure 5. Lineage
Consumption can be done either on historical daily data, or on fresh
data generated on the same day with minutes of latency, or in a
combination of the two.

To achieve this, declared lineage data from (2) is copied into two
different locations. First, it enters the Live Indexing key-value store,
which is continuously indexed with fresh declared lineage data and
can be used by the Traversal API for answering queries that require
fresh lineage data. Second, it is copied into Hive tables that are
further processed, both to deduplicate the declared lineage and to
stitch any half edges with input and output nodes that have common
evidence nodes. Any half edges that have no matching evidence
are kept as is. The result of these transformations are stored in new
Hive tables and constitute the Hive interface to the global lineage
graph. The Hive tables go through the Batch Indexing process, so
that historical data is visible for the Traversal APL

Thus, ULS exposes two APIs for consumers. One is a Hive dataset,
that can be used directly with SQL query engines. The other one is
an Interactive Traversal AP, which generates lineage subgraphs
based on specified root nodes. One implementation of this API is
pipeline-based, using the graph data processing tool from [16] to
traverse the ULS Hive dataset and generate subgraphs which can
be millions of nodes. The other implementation is a Thrift-based
API that provides both synchronous and asynchronous calls to
generate small to medium subgraphs (e.g., low hundred thousands
of edges). The Thrift API builds the subgraphs using the live and
batch indexes.

7.1 Granularity Sweeping Graph Traversal

Because ULS contains lineage at multiple granularities, it can com-
bine information across granularities to fill in missing data. This
relies on the existence of containment edges, which connect match-
ing nodes in the different granularities. For example, consider the
case where a provider returns only table-level lineage, instead of
column-level. Querying only the column-level graph would omit
any data from this provider, since its data is only present in the
table graph. However, ULS can traverse from a column node to its
corresponding table node, and then to any table-level downstreams.
We call this operation granularity sweeping, since it performs a
sweep through different lineage granularities when queried. Addi-
tional results from granularity sweeping are returned separately
from ULS APIs, and identified as such.

The granularity sweeping graph traversal follows the principle
“traverse datasets confidently where possible, and with caution
otherwise”. To achieve this balance ULS leverages the different
flow views provided by granularities to navigate lineage in case
of both low confidence or missing edges in the finer granularities.
To begin, users provide a set of root assets and filtering criteria,
such as graph depth. Starting from the root assets, ULS recursively
traverses the high-confidence edges at the finest granularity until
the user-defined stopping condition is reached (e.g., number of
hops or filtering criteria); this is to traverse datasets confidently
where possible. When a lower confidence edge (i.e., indicator value
higher than the one given by the running lineage query) or no
outgoing edge is found, granularity sweeping proceeds to find
nodes at coarser granularities that are 1-hop away from all currently
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Figure 6: Granularity sweeping example traversal.

included nodes in the subgraph. In some cases, these 1-hop nodes
can be found using lineage datasets that are not yet onboarded to
ULS. The graph traversal operation terminates when no more edges
are left to follow or traversal has reached n hops.

Nodes identified via low confidence edges or coarser granular-
ities are curated by either manual inspection by experts such as
data flow owners, or through automatic processes leveraging addi-
tional metadata not available to ULS. Curation forces users to make
informed decisions about which edges with known lower preci-
sion to include in their lineage subgraph. Over the years, we have
observed that allowing users to traverse all lower quality edges
available recursively, produces very large graphs with very small or
no added value to the output lineage graph. In fact, users would get
lost when navigating lineage in such graphs as the probability of a
true data flow path reduces at each hop following an edge of low
confidence. The combination of granularity sweeping and curation
supports our key requirement to traverse with caution in case of low
confidence and it provides users with a powerful tool to achieve
high precision and recall lineage queries.

7.1.1  Example interactive traversal. To illustrate how interactive
traversal works we use Figure 6 and the following lineage query:
for table A with column id, find all downstream assets that are a copy
of A.id and only consider edges with a quality indicator value of 1
(i.e., highly probable). To answer this query, traversal uses both the
column and table granularity lineage subgraphs (Figure 6).

Traversal begins from node A. id in the column lineage graph
and continues to recursively traverse the graph edges matching the
specified quality indicator (QI) of 1 and the copy filtering constraint.
As such, nodes B.id, C.id, D.1id, and E. id are found and included
in the output lineage subgraph (shown in green). Although there are
further edges fromD.idtoeach F.id, F.a, and G. a, these nodes are
not yet included in the output graph as their corresponding edges
do not satisfy the query requirements; either their quality indicator
is higher than 1 or their label is not a "copy". Given G. a does not
meet the "copy" criteria based on high confidence information, ULS
excludes the node from the resulting subgraph.

For edges with low-confidence nodes, ULS pauses traversal to
surface new candidate nodes to the consumer. First, since D.id is
connected to F. id and F . a via low-confidence edges, we select both
nodes as candidates (yellow). Second, since D. id is a child of D in
the table-level graph (via a containment edge), and D is adjacent to H,
we perform granularity sweeping and select node H as a candidate.
It is relatively common to find flows such as D—H available only in
one granularity. This may be due to a lineage provider which does
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Figure 7: Example of a data warehouse flow leading to overly
broad column- and table-level lineage. The column-partition
granularity subgraph accurately depicts the real flows.

not provide column-level lineage, or due to not yet having ingested
the column-level edge in a real-time query. ULS therefore surfaces
F.id, F.a and H as candidate nodes.

We remark that while D is adjacent to G in the table graph, the
edge D.1d—G. a is explicitly excluded by the customer’s filter crite-
ria, and thus we can lift that exclusion to the table graph and do not
need to select G as a candidate. More generally, if a flow is under-
stood at a finer-granularity graph, it does not need to be surfaced
as a candidate in a coarser-granularity graph. The consumer now
can choose which of F.1id, F.a and H to include in traversal. For
any that they select, the traversal API repeats the process, selecting
new high-confidence nodes and curation candidates.

Note that the traversal API does not have a direct way to specify
the desired precision and recall. The API focuses on leveraging as
much as possible of the lineage metadata to do a precise traversal
(see Section 7.2). Recall can be controlled through additional API
knobs. For example, a use case may decide to use strictly column-
level data and not traverse flows with only table-level grain. The API
also enables users to filter specific asset types, avoiding traversal
of certain flows if they are not of interest for a given use case (e.g.,
only data warehouse flows).

7.2 Column-Partition Granularity

As discussed in Section 5.2, the ULS graph represents different views
of data flows through the column, table and partition granulari-
ties. In this section we introduce the column-partition granularity
view used to achieve more accurate graph traversal for our Data
Warehouse flows. The column-partition subgraph is generated in a
post-processed fashion based on both the column and partition sub-
graphs. It can be stored on a separate new Hive table or generated
on the fly by the Global Graph Traveral APIs.

To motivate the need for column-partition granularity, consider
the example in Figure 7, where data of different partitions in our
data warehouse is copied across table columns asin A.id ->C.id ->
D.id for partition ‘2024-01-01" and B. id -> C. id for partition ‘2024-
05-05’. Figure 7 shows the two column and table ULS subgraphs
for the lineage traversal query looking for all data copies of A.id
and B.id for partitions 2024-01-01" and 2024-05-05". The column and
table subgraphs rightfully include C.id and D. id as copies of A. id.
However, downstream of B. id wrongly includes D. id and D as the
flow C -> D does not include any data from B. If there were more
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assets downstream of D, this initial error would keep compounding
with even more assets being reported as downstream of B.

This example clearly shows that lineage flows are only transitive
when the flows are modeled and metadata is available at the grain
in which the real flows occur. In this case, this is both the column
and partition. For our warehouse production flows, we observe that
strictly tracking flows at the column and subcolumn granularity is
not sufficient to fully cover our use cases. We need to incorporate
table partition information when available as independent queries
write to and read from different partitions of a Hive table.

The column-partition granularity is a view of the data flow graph
where data flows from a column (or subcolumn) in a source parti-
tion to another column (or subcolumn) in a destination partition.
Figure 7 shows the column-partition granularity subgraph which
correctly shows that in fact there are two different flows from
A.id and B.id and that only one copies data to D. id for partition
2024-01-01". To relate the column information with the partition
flow we use the evidence node. For a single query, both column and
partition flows have the query id as the evidence. As a result, we
can join both information to achieve a more precise view of the
flow. Section 9.2 illustrates the accuracy improvements achieved by
combining information from the column and partition subgraphs.

7.2.1  Reducing the size of the column-partition graph. Given that
the column-partition graph is a combination of the column and
partition granularities, a single query can yield millions of edges.
This is also exacerbated as in our current implementation, query
engines only report all partitions read and all partitions written for
every query, which results in ULS connecting all input partitions
to all output partitions for every query, as in Figure 4.

To reduce the size of the partition graph, the ULS Tailer further
analyzes partition lineage together with the SQL query column
lineage extraction process. The Tailer verifies that that the SQL
analysis reports that the input and output partition columns are an
exact copy of each other. If so, the Tailer discards partition combina-
tions in which the partition values are not equal to each other. This
technique resulted in substantial reduction of the ULS partition
lineage subgraph size, with the daily partition subgraph reducing
about 20% in terms of number of edges and with the materialized
daily column-partition size reducing up to 60%.

8 Lineage measurement

Measuring the coverage or accuracy of ULS’s outputs—box () in
Figure 5—is technically challenging, because it requires comparing
ULS outputs against a ground truth dataset of “real” data flows,
but such a ground truth is hard to build at scale. Furthermore,
consumers generally do not care about global precision and recall,
but only on precision and recall for their own datasets. For example,
the lineage subgraph may have a high false positive rate on one
specific type of table, but if no consumers’ data flows into this type
of table then the impact of this lowered data quality may be limited.
To measure coverage and accuracy we rely on three high-level
approaches namely unit testing, known flows and proxies of truth.
A. Unit Testing: ULS components must have unit tests to ensure
correct lineage flow metadata. For example, the column lineage
service in Section 4 uses an SQL parsing library to return the set
of flows that a particular query creates. Our internal library has
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over 150 tests on different SQL queries to confirm that the expected
flows for each of them and no other flows are returned. This tests
the coverage and accuracy of each component independently.

B. Known-Flows: For certain datasets, such as ones which were
manually curated in the past, we know the precise set of flows
which should exist. We can capture these as “known flows”, and
compare them against ULS’s outputs on the same root queries. This
enables measurement of both coverage (how many of the known
flows were returned) and accuracy (how many of the returned flows
were known). Creating such known-flows datasets from scratch
involves significant manual effort, but often they can be repurposed
from previous work. Coverage and accuracy for these datasets can
then be measured automatically and reported for evaluation.

One significant advantage of using known-flows datasets from
previous consumers’ investigations is that they are by construction
relevant to their consumers. That is, they are a sample of root and
downstream assets for which coverage and accuracy are known
to be important to measure. One disadvantage is that, since the
flows are manually curated, they do not always remain accurate
over time. For instance, if a known flow detected in a previous
incident is deprecated as part of the long-term incident response,
ULS may correctly stop returning it in the output. Thus, discrep-
ancies between ULS and a known-flows dataset may be errors in
the dataset, and cannot always be assumed to be errors in ULS.
To address this, each discrepancy can be manually reviewed by
inspecting additional metadata on the assets in each flow such as
code pointers, last update times, or existence in an asset catalog.
Manual review can either identify an error in ULS or update the
known-flows dataset.

C. Proxies of Truth: Some lineage providers have an alternative mech-
anism to measure data flows. For example: one lineage provider has
a direct ULS integration which reports a lineage event for every
query it executes. It also maintains operational metrics for its own
debugging and accounting purposes, such as to enable measure-
ment of memory footprints or query plan optimization. We compare
its operational metrics with ULS’s output, and ensure that at least
99% of queries from the former also appear in the latter. This en-
sures that ULS is not missing data. Although not all providers have
internal datasets that can be used for such comparisons, many of
the largest providers do, and thus these can be used to test coverage.

9 Evaluation

In this section, we provide a quantitative view of the lineage graph
(Section 9.1), a performance analysis of our two key methods of
granularity sweeping 9.3 and column-partition granularity (Sec-
tion 9.2). Finally, we describe two case studies of using ULS in
real-world development scenarios (Section 9.4).

9.1 Lineage Graph measurements

9.1.1 Graph sizes across granularities: ULS’s daily run constructs
a lineage graph containing approximately a billion nodes and edges
from nearly 50 providers, varying by nearly 2x day-to-day. We
depict a sample of two weeks of daily graph sizes in Figure 8, starting
on an arbitrary date. All numbers are normalized to the number of
edges on the table granularity on the first day of measurement. We
give sample data in Table 1; similar results appear in other periods.
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# daily nodes

# daily edges

% of column edges of quality 1,2,3,4
# providers

# monthly users of ULS tooling

approx 1 billion
approx 12 billion
65% / 21% / 14% / 0%
approx 50

approx 4000

Table 1: ULS data and usage statistics.
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Figure 8: Lineage graph edges across granularities.

We first note that the partition subgraphs has consistently more
edges than both the table and column subgraphs. This is as expected
as data warehouse flows typically read data from multiple partitions
of a table and write it to multiple partitions of another table. This
results in several partition-level edges but a single edge at the table
granularity. Further, note that while the column granularity also has
finer grained nodes (and therefore more edges), table granularity
has 12 additional providers than column, as it is generally harder to
obtain flow metadata at this level of fidelity. In this case, the column
subgraph has a similar number of edges as the table subgraph.

Second, there is a significant daily variation in the size of the
graph, ranging from —66% to +85% of the initial data point. This is
mainly due to changing workloads and missing data. While some

workloads are daily, there are many weekly or monthly operations.
These will report extra lineage edges only on the days that they run.

This is the cause of the spike on day 11: one provider’s workload
increased by 6x on that specific day. For the latter, in a production
environment operational factors mean that data are often delayed,
and ULS cannot wait for all providers to submit their data. This is
the cause of the drop on day 8: one of the largest lineage providers
failed to submit its data until the following day. This variability
poses a challenge to ULS users, who often add lookback periods
into their queries to smooth out day-over-day issues.

Note that while the overall graph is very large, not all data is
used for all use cases. Some scenarios only care about table and
column lineage, while others need the more detailed information
from partition lineage. ULS is a general purpose system, in which
other special purpose applications can be built on top of consuming
only a subset of the data. We continuously re-evaluate where data
representation can be simplified or removed, so that we can reduce
the overall dataset volume while still providing sufficient metadata
to meet the needs of the different use cases.

9.1.2  Input and output edge distribution. In Figure 9 we depict the
Cumulative Distribution Function (CDF) of the table, column and
partition vertex degrees. All three CDFs are skewed with a long tail
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of high-degree vertices, but the majority of nodes have an input
(41-93%) or output (58-71%) degree of 1. The table graph has the
largest variation in degree, with a p95 output degree of 252. This
is in part because table data is the most frequently provided data
type, and with the most low-confidence data providers.

To enable traversal of high-degree nodes, users can configure
the Global Graph Traversal API to pause traversal once it reaches a
node with a degree meeting a specified user threshold. This gives
users the opportunity to curate the node first before continuing
traversal. Our distribution graphs shows that high degree nodes are
common, with a few nodes reaching more than a million distinct
neighbors. Often, such nodes reflect flows from core infrastructure
components, such as a deletion system.

9.1.3 Longest Path distribution. We measure the distribution of
downstream paths from each node. To do so, we first postprocess
the graph to increase the data quality: we filter only to high-quality
column edges to avoid long spurious paths connected by low-quality
edges, and aggregate over seven days to include flows that span
more than one day. We then filter down to only edge types known
to copy data. The resulting CDF is depicted in Figure 10. We also
include the CDF of the path length distribution when including
function and aggregation edges as well as copies.

The p95 path length is 17 (copy-only: 7), and the longest path
contains 193 nodes. We confirmed that this is a true data flow, but
one whose data pipeline contains a large number of intermediate
tables before generating its final output. This is a fairly common
pattern to increase development speed at the cost of additional
storage. We also note that several libraries themselves create inter-
mediate data notes, which are nevertheless reported to ULS. Having
long paths highlights the importance of our traversal tooling doing
recursive traversal of high-confidence lineage where possible.

9.2 Column-Partition impact

We conducted an experiment to evaluate the effect of including
partition information in lineage discovery. We select random sets of
10, 50 and 100 root nodes in the lineage graph from our production
use cases, traverse 10 hops into the lineage graph, and measure
the number of nodes of the resulting subgraph. This simulates a
consumer using ULS to discover the assets receiving data from a
fixed set of known root nodes. The results are depicted in Figure 11.

In all cases, using only column-level lineage results in including
additional nodes in the output set. These nodes do not contain flows
from source partitions, but instead flows from source columns and
thus are detected as false positives. Up to 20% of output nodes fall
into this case. In other words, using ULS’s column-partition lineage
can reduce false positive rates by up to 20%.

9.3 Granularity Sweeping Impact

We compare two methods of performing one-shot lineage queries:
(a) a naive traversal that includes all low-quality edges, and (b)
excluding low-quality edges and relying instead on granularity
sweeping as in Section 7.1 to ensure sufficient coverage.

We used three different discovery setups of 10/50/100 root nodes
sampled from real scenarios used in production, and traversed from
each set to 10 levels deep. Figure 12 shows the sizes of the different
subgraphs. Granularity sweeping splits the output subgraph into
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included nodes and nodes which need review and additional cura-
tion. The granularity sweeping traversal can produce significantly
smaller subgraphs (up to a 59.1% reduction in the 100 roots traver-
sal) with 321 nodes to review. The size reduction increases with the
number of root nodes, likely because adding more roots increases
the chance that traversal will intersect with low-confidence lineage
nodes that become superspreaders. This shows that granularity
sweeping indeed raises low-confidence lineage for review rather
than traversing further, allowing use cases to review lower-quality
flows early, and remove any false positive inclusions stemming
from them, before further downstream traversal occurs.
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9.4 Case Studies

9.4.1 Graph Explosion. ULS is under continuous development, as
developers add more lineage providers and increase the accuracy of
existing ones. We refer to data changes that substantially increase
or decrease the size of lineage subgraphs as graph explosions and
implosions respectively. Although some explosions and implosions
represent step-change improvements in ULS data quality, we have
observed that in practice they are generally due to data issues.

For example, in one case an existing lineage provider added a
new set of edges which connected a previously disconnected sub-
graph to the main cluster of the graph. This subgraph had incorrect
annotations on its edges that were marked as “high-quality”. ULS
therefore started including incorrect lineage flows via this service
in its outputs. The incident was resolved by improving the quality
annotations on the newly connected subgraph.

To avoid such incidents, we ensure that new lineage events are
tagged with an experiment identifier. When data is added to ULS
with a new experiment identifier tag, ULS creates two versions of
the lineage graph: one containing just production events, and the
other including also the experimental ones. Use case owners can
then write data quality checks (e.g., subgraph size change thresholds
or known flows that should be detected) which are verified in the
experimental version of the graph. If a check fails, ULS engineers
are alerted to investigate and resolve. Conversely, if the checks pass
consistently, the experimental data can be safely added.
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9.4.2 Data Age. In this section, we describe a use of ULS for privacy.
Companies may want to ensure that data is deleted within n days of
a user request [17]. One mechanism to implement this data deletion
is to limit table retention periods to n days, for instance by setting
an upper limit on the age of date partitions. This ensures that any
specific user data deletion request will be satisfied within n days,
by removing all data from the table within the required period.
Unfortunately, relying solely on partition retention limits is
insufficient: a query can create a new partition that reads pre-
vious partitions of its input tables. For example, consider a par-
tition bar.2024-01-02 defined as SELECT * FROM foo WHERE
date=‘2024-01-01’: bar’s partition today is a copy of foo’s parti-
tion yesterday. This means that n days after a user’s deletion request,
one day of that user’s data could still remain in bar. We say that
bar introduces “one day of age lag”. Age lag can be introduced by
any query reading earlier date partitions and writing to later ones.
There are several strategies to handle age lag. One approach is to
permit it as long as the total amount of age lag, plus the total table
retention, is less than n. Another is to filter out deleted users when
copying data from earlier partitions, for instance by performing an
INNER JOIN with a table of current users. We note that remediating
one table may fix age lag issues in all of its downstreams, and thus
choosing where to apply filtering is important to reduce total effort.
We deployed ULS to identify instances of age lag to ensure that
user data deletion requests are fulfilled in time. Using the lineage
graph, we applied a constraint optimizer to select a minimum set of
approximately 1,700 core tables to apply deleted data filtering, and
approximately 2,400 core tables on which to reduce the total table
retention, resolving approximately 21,000 tables downstream.

10 Related Work

Over the years, data lineage (or provenance) has been instrumental
in tracking and understanding data movements in database manage-
ment systems [10, 11, 41, 53]. Data provenance is now key to many
different data processing systems beyond traditional databases
such as graph processing [3], data stream processing systems [38],
log analysis [23, 43], non-SQL databases [12], Spark-based sys-
tems [27, 28, 49], ML systems [42], scientific workflows [26], dis-
tributed systems [52], and blockchains [46]. Tailored approaches
also exist for a variety of domain applications such as in data sci-
ence [12, 47, 54], security and privacy [39], and debugging [4, 52].
Compared to such bespoke approaches tailored for specific data
processing systems and applications ULS uniquely aggregates lin-
eage data from many different providers and systems into a single
global graph for consumption across use cases.

Whole-system provenance [40] refers to capturing lineage events
and tracking data flows across the kernel and the application stack.
To stitch events such systems require either to taint lineage data
or to exploit application semantics and are evaluated on small and
medium-size network of nodes [8, 22, 36, 47]. ULS is a large-scale
lineage system designed to support our user-level data pipelines
composed of generic processing frameworks. ULS’s stitching ap-
proaches are application-agnostic.

Microsoft Purview [1] and Databricks Unity Catalog [21] are
data governance solutions also providing lineage functionalities.
Both aggregate data from multiple providers and may have lineage
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data at multiple granularities. In this paper, we describe how ULS
handles lineage metadata that has granularity differences, both in
the data model and when building consumption experiences.

Several approaches focus on optimizing lineage capture over-
heads and lineage query processing costs [24, 44]. ULS provides
different APIs for consuming lineage (sync and async) that have dif-
ferent query processing costs, operating with reasonable overheads
that are acceptable for our use cases. In cases where near real-time
access to lineage data is required [44], ULS provides a traversal API
that combines historical and fresh data to answer lineage queries.

There are tailored lineage approaches for different data manage-
ment systems. For example, [18-20, 31] track data in data ware-
houses using relational views over relational sources and general
transformations. Others devise coarse-grain lineage at column- and
table-level in databases [5, 15]. ULS has a dedicated component for
SQL query analysis and generates column and subcolumn lineage
edges. These results are aggregated and connected with lineage
metadata coming from other sources.

There is related work for scalable provenance [6, 13, 32, 45]. ULS
produces a daily graph of billions of nodes and edges, and a scalable
platform for users to query the graph. In our experience, in addition
to storing the data, we must provide users with consumption APIs
so that users can properly understand the available lineage data.

Finally, Amsterdamer et al. [5] propose zoom in and out trans-
formation operations for workflow provenance analysis to provide
fine- and coarse-grain views of the provenance graph to reveal or
hide respectively intermediate computations. This work has sim-
ilarities to our notion of column- and table-lineage granularities
and containment edges. However, ULS leverages the connection
between different granularities through the granularity sweeping
method to traverse the subgraphs at different granularities in cases
where high quality lineage is missing from fine-grain subgraphs.

11 Conclusion

In this work, we presented ULS, a lineage system used to track
data flows. ULS addresses key challenges in data lineage manage-
ment, such as enabling representation of data flows at different
granularities and with different confidence levels, and providing
traversal tooling to enable high precision and high recall lineage
subgraph queries. While ULS is used in several internal applica-
tions, providing high quality answers to lineage queries requires
continuous iteration and refinement of the lineage metadata. This
is because patterns of our internal workloads change over time,
and ULS must evolve to represent them well and continue to fulfill
our use cases. In the future, we plan to continue improving our
lineage consumption experiences, such as facilitating precise label
propagation and further scale our traversal tooling.
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