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ABSTRACT

SQL is declarative in nature and rich in its features. Writing seman-
tically correct SQL queries and finding logical bugs in SQL are not
easy, even for experienced programmers, who are often used to the
mindset of working with general-purpose programming languages
(GPLs). While there are many GPL debuggers, SQL debugging has
received much less attention. In this paper, we present I-Rex, a SQL
debugger that enables users to inspect the logical execution of SQL
queries visually and interactively to identify and potentially fix
logical bugs in the queries. I-Rex draws analogies to the debugging
paradigm of GPLs (e.g., stepping, watchpoints, etc.), making it easier
for programmers to adopt. However, unlike debugging GPLs, which
involves executing the underlying program in full to the point of
interest, I-Rex allows users to jump to arbitrary points of interest
by leveraging the power of the database systems, through selective
materialization and query rewrites. To simplify deployment, I-Rex
acts as a lightweight middleware on top of the database system; it
imposes no overhead to prepare a database for debugging and main-
tains no state in the database systems during debugging sessions.
We demonstrate the effectiveness of I-Rex through performance
experiments as well as a user study in an educational setting.
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1 INTRODUCTION

Relational databases form the backbone of many data-intensive ap-
plications and scalable data analytics. Despite its age, SQL continues
to retain its prevalence and importance due to its highly declarative

nature (i.e., specifying what the answer should be rather than how
to compute it) and its extensive set of features that have only grown
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over time. However, SQL is difficult to understand and debug. In
debugging general-purpose programming languages (GPLs, e.g.,
C++ or Python) that are typically procedural (i.e., explicitly describ-
ing the steps required to compute the answer), it is natural to trace
the execution of programs to debug them. However, this method
becomes much trickier for SQL.

As a first attempt, one may consider “tracing” a query’s logical or
physical plan, a tree whose leaves represent base tables and internal
nodes represent relational operators. Through this approach, the
user can examine the intermediate results produced by each of
the plan nodes. Unfortunately, there are several problems with this
approach. Firstly, the database optimizer often compiles a SQL query
into a plan that bears no resemblance to the original query, making
plan tracing unhelpful in finding and fixing logical bugs in the
original query. Secondly, debugging is usually an iterative process:
the user may examine the execution multiple times, sometimes with
minor modifications to the query. However, even small changes
can lead the optimizer to choose a very different plan; for example,
adding or removing even a simple condition in WHERE can enable or
disable an index-scan opportunity. Even if the physical plan remains
the same, there is no guarantee that the execution and result order
are reproducible. For example, the size of the buffer memory, the
choice of the hash function, and variations in the speed of parallel
threads at run-time can change the ordering of intermediate result
rows. Such non-repeatable and seemingly inconsistent behaviors
significantly complicate debugging.

Perhaps, one possible workaround would be to restrict the data-
base optimizer to avoid optimization across syntactic blocks of a
query, such that each subquery corresponds to some subtree in
the plan, and the user can at least inspect the result of each sub-
query. However, this may result in inefficient handling of complex
queries. Furthermore, correlated subqueries, a frequently used SQL
construct, render this workaround ineffective for many queries. In
Section 2, we give concrete examples that illustrate this challenge
and demonstrate how I-Rex helps debug these types of queries.

In this work with I-Rex, we focus on finding logical errors instead
of fixing performance issues, and we aim to build an interactive SQL
debugger with the following desiderata:
(1) The debugger should conceptually execute a SQL query in a

completely reproducible manner that is faithful to how it is
written and must be easy for programmers to understand.

(2) The debugger should offer features analogous to those in GPL
debuggers so that they are easy to learn and adopt.
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(3) Unlike GPL debuggers, which must execute underlying pro-
grams in full to reach points of interest, this debugger should
support efficient implementation of powerful features that al-
low the user to jump directly to points of interest.

(4) The debugger must scale to large databases and gracefully han-
dle prohibitively large intermediate results.

(5) The debugger should be simple to run (e.g., from a remote
browser) and easy to deploy on top of a database, without
modifying database system internals or requiring extensive
preparation of the database for debugging.

At first glance, (1) necessitates executing the SQL query “literally”
using a completely unoptimized plan, which runs counter to (4).
Our key insight is that, at any given point in time, the user can
examine only a small “window” of the entire execution. It suffices
to support fast access to any given “window” without incurring the
full cost of the unoptimized plan. Supporting such accesses, along
with (2) and (3) while respecting (5), requires novel optimization —
SQL’s built-in OFFSET and LIMIT constructs fail to deliver acceptable
performance for interactive debugging.

To this end, I-Rex makes the following contributions:
• I-Rex introduces a novel debugging paradigm for SQL that draws

many parallels to GPL debugging. Each query block is viewed as
a function, and correlated subqueries are considered functions
with arguments.We define the canonical execution of a SQL query,
which is reproducible and faithful to query syntax.

• I-Rex supports various debugging features analogous to GPL
debugging, including stepping through execution, pausing to
examine a particular point during execution (breakpoints), paus-
ing automatically at points of interest (watchpoints), drilling
down into subqueries (stepping “into” a function), and row-level
tracing (information flow analysis) in both forward (from input
to output) and backward (from output to input) directions.

• While performing the canonical execution would have been ex-
tremely inefficient, we designed query optimization techniques
for I-Rex to support fast “teleporting” from one point of execu-
tion to another without paying the cost of execution in between.

• I-Rex has a web-based frontend and a middleware backend that
runs on top of a database system, making it easy to adopt and de-
ploy. It imposes no overhead to prepare a database for debugging
and maintains no state in the database during active debugging.

• Our performance evaluation using the TPC-H benchmark shows
the scalability of I-Rex on large databases. It demonstrates the
advantage of our optimization techniques over standard database
(PostgreSQL) support for retrieving windows of query results.

• We evaluate the efficacy of I-Rex with a user study of 100+ stu-
dents in a database course. Its findings indicate that I-Rex signif-
icantly improves students’ efficiency in debugging SQL queries.

2 EXAMPLE USE OF I-REX FOR DEBUGGING

Since I-Rex conceptually executes SQL queries as they are written,
it is particularly suitable for novices who are learning how SQL
queries work on the logical level. It also serves as a powerful tool
for novices and data professionals alike to find and fix logical bugs.
This section provides a walk-through of how to use I-Rex to debug
a query; we introduce the interface, concepts, and features of I-Rex.

bar beer price
Apex Corona 1
Apex Dixie 2
Edge Amstel 4
Edge Corona 1.5
Tavern Amstel 3
Tavern Erdinger 1

(a) Serves

drinker bar times
Amy Apex 1
Ben Edge 4
Coy Tavern 2
Dan Edge 3
(b) Frequents

drinker beer
Amy Erdinger
Ben Budweiser
Ben Dixie
Coy Amstel
Dan Amstel
Dan Corona
(c) Likes

Figure 1: A toy database about beers, bars, and drinkers.
Example 1. Consider the toy database in Figure 1, which stores

information about beers, bars serving them, and drinkers who like

beers and frequent bars. We want to write a query for the following

task: every time a drinker frequents a bar, they buy one bottle of every

beer they like or any beer priced $2 or lower; find the expected weekly

revenue of each bar and rank them by revenue from high to low. A

user may come up with the following (incorrect) query:

SELECT s.bar, SUM(f.times_a_week * s.price) AS revenue -- 𝑄

FROM Serves s, Frequents f

WHERE f.bar = s.bar

AND (s.price <= 2 OR EXISTS (

SELECT * FROM Likes l WHERE f.drinker = l.drinker)) -- 𝑄 inner

GROUP BY s.bar;

The above query intends to first find drinkers and beers available for

purchase using a join between Serves and Frequents. It additionally
applies the two (alternative) conditions for purchase: 1) the price is

lower than $2, and 2) the beer is liked by the drinker. Then, the query

groups the intermediate results by bar and calculates the sum of

revenue. There is a bug in the EXISTS subquery 𝑄 inner, but the question

for now is: how would a user examine the result of 𝑄 inner?

Note that 𝑄 inner is correlated, with the value for f.drinker coming

from the outer (i.e. enclosing) block. As a result, there is no way to

inspect this result independently. This situation cannot be handled

by a query plan with relational operators, where the result of each

subtree depends on this subtree alone.

Indeed, most database optimizers will rewrite the above query for

execution such that the subquery is decorrelated. The decorrelated

subquery would be a join involving both Likes and Frequents to com-

pute the original subquery for all possible drinker values in a single

effort. Then, the result will be combined with the rest of the outer

query. The new plan now consists of only relational operators and

can be computed/debugged in a bottom-up fashion, but unfortunately,

it is vastly different from the original query. Users without in-depth

knowledge of query optimization will likely be confused.

Example 2. This incorrect query described above returns the result
shown in the output table in Figure 2 for the database in Figure 1.

Based on the user’s knowledge of the database instance, the revenue

of bar Edge seems to be higher than expected. We now walk through

how to use I-Rex to debug the query, starting with this observation.

I-Rex presents a panel of UI debugging elements for each block

of the query. Figure 2 illustrates the UI for the outer query block 𝑄

(for simplicity, we do not show the actual interface here as it contains

other details that may be distracting for this discussion). I-Rex shows

the execution of this block in stages, from top to bottom. At the very

top, I-Rex shows all input tables in FROM. Note that one row from each

input table is highlighted; this combination of input tuples (or “input

combo,” formally defined in Section 3.1) intuitively defines the current

point of execution being examined. Then, I-Rex presents the “joined &

filtered” result, which is the intermediate output after the WHERE clause
is applied. The intermediate result row produced by the current input

combo is automatically highlighted. Between this result table and the
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Figure 2: Debugging context for outer query block, Example 2.

Figure 3: Debugging context for inner query block, Example 1.
input tables, a “filter expression” tree shows how the WHERE condition
evaluates over the current input combo. The user can examine the

value of each subexpression and see how the truth values (color-coded)

are combined by logical connectives. Following the joined & filtered

result, I-Rex shows the GROUP BY result. For each group, in addition

to the GROUP BY value, each group member’s contribution to the final

SUM aggregate is also shown. Again, the group and the member that

the current input combo contributes to are automatically highlighted.

Finally, the output table shows the final result of the query block.

For the convenience of subsequent discussion, we show a symbolic

identifier (e.g., 𝑠0, 𝑓2, 𝑗6...) for each row. We do assign internal row

identifiers, whose purposes will be explained later in Section 3, but

they are not explicitly displayed by the UI.

Given the unexpectedly high revenue of Edge, the user naturally
wants to examine how that output row was computed. I-Rex supports

tracing backward from output to input using a more general mecha-

nism called pinning, denoted here by the red † next to 𝑜1 : ⟨Edge, 38.5⟩.

A pinned output row intuitively narrows the execution down to only

parts that are “relevant” to it (which we define formally later in Sec-

tion 3). As shown in Figure 2, relevant rows in upstream tables are

automatically colored red. Specifically, input rows 𝑠2 and 𝑠3 join with

𝑓1 and 𝑓3 in a nested-loop fashion to produce rows 𝑗2 through 𝑗5 in the

joined & filtered table; they are further grouped into 𝑔1 in the group

table before finally producing 𝑜1.

As soon as the user pins 𝑜1, I-Rex identifies the relevant input

combos and “positions” execution at the first input combo in lexico-

graphical order — this is how the input combo ⟨𝑠2, 𝑓1⟩ was activated in
the first place in Figure 2. Starting with this input combo, the user can

step through other input combos relevant to 𝑜1, or manually choose

any combo to investigate. Throughout the process, I-Rex automati-

cally updates highlighting in downstream tables as well as the state of

any expression evaluation trees, in effect supporting forward tracing.

When examining the execution for ⟨𝑠2, 𝑓1⟩ as shown in Example 2,

the user notices that ⟨𝑠2, 𝑓1⟩ contributes a value of 16 to the final sum.

According to the filter expression tree, the price of Amstel is higher

than $2, but EXISTS(𝑄 inner) returns true, meaning that Ben should like

Amstel per query intention. I-Rex allows the user to “drill down” into

the execution of 𝑄 inner in this context. Recall that 𝑄 inner is a correlated

subquery. To a programmer, the analogy of evaluating 𝑄 inner is a func-

tion call with a parameter setting for f.drinker, which takes its value

from the current input combo. Hence, “drilling down” naturally corre-

sponds to “stepping into” a function call in GPL debugging.

Once the user drills down to 𝑄 inner, I-Rex creates a new panel for

debugging this subquery block, illustrated in Figure 3. The UI makes

it clear that we are executing

SELECT * FROM Likes l WHERE f.drinker = l.drinker;

with parameter f.drinker set to Ben. In this case, a quick glance at the
output table or the filter expression tree for this block should reveal

the problem — nothing supports that Ben likes Amstel. In fact, this

subquery does not even look for Amstel. Therefore, to fix the query, we

should let the outer query “call” 𝑄 inner with an additional parameter

s.beer, and let 𝑄 inner additionally test whether s.beer = l.beer.
The user can modify the original query accordingly and restart the

debugging session to verify that it fixes the problem. Because the new

query is syntactically similar to the old, I-Rex will produce a very

consistent experience for the user: the execution of the new query will

be nearly identical to the old, with the exact same stages and exact

same ordering of input combos and intermediate result rows.

A Note on Scalability. While Example 2 simplifies our discussion
by assuming a small database instance, realistic databases are much
larger. Even with moderately sized databases, joins can easily pro-
duce large intermediate results. As we will see in Section 5, for some
TPC-H benchmark queries, even with a moderate scaling factor of
1, a single intermediate result table can easily take an hour to print
out entirely on the database server console. Hence, it is impractical
to cache entire results at any location (database server, middleware,
or user browser) or send them over the network.

Meanwhile, users generally cannot examine many rows simul-
taneously. Therefore, I-Rex UI supports a pagination mechanism
to display each table. The user only sees a page’s worth of data at
once in each table. Data outside the visible page can be computed
and fetched on demand (and subsequently cached or evicted). As
the user interacts with the UI, I-Rex adjusts the visible portions of
all displayed tables accordingly, so that each reflects the execution
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point defined by the current input combo. Similarly, the user can
visit any page of input tables to select a new input combo for trac-
ing; I-Rex would automatically adjust downstream table displays
to show corresponding intermediate result rows.

Hence, efficient pagination is key to scalable SQL debugging.
With efficient pagination, I-Rex effectively allows the user to “tele-
port” across points of interest without incurring the execution
cost in between, making I-Rex much more powerful than GPL
debugging. Pagination also provides a more manageable and less
overwhelming experience for users. While most database systems
support efficient pagination of input tables, it is challenging to pag-
inate intermediate results and associated debugging information.
Furthermore, I-Rex’s requirement ofmaking execution reproducible
imposes a specific ordering of intermediate results that complicates
optimization. We discuss our solution in Section 4.

3 DEBUGGING PARADIGM

This section describes the debugging paradigm of I-Rex. We start
with the data and execution model (Section 3.1), discuss various
debugging operations (Section 3.2), and conclude with a summary
of what SQL constructs I-Rex currently supports and how it can be
further extended (Section 3.3).

3.1 Data and Execution Model

3.1.1 Table Model and IIDs. I-Rex allows users to interact with two
types of tables: base tables and derived tables. Base tables are those
that exist in the database, while derived tables are computed from
the base tables during execution. To support reproducible execution
(including ordering of intermediate result rows), we depart from
the default unordered multiset semantics of SQL and instead model
each table as an ordered list of rows, each associated with an internal
row id (IID). A table’s IIDs must be drawn from a totally ordered
domain and uniquely identify the rows within the table. The IIDs
do not influence the semantics of SQL query operators and should
not be considered as extra columns by these operators. For example,
if two rows have identical values for all columns (ignoring IID),
they are still considered duplicates by SQL though their IIDs differ.

For a base table with a primary key declaration, we simply define
IID to be its primary key value. Otherwise, we choose a compact
UNIQUE key if one is available. In case the table has no key, we use
the database’s internal row id (e.g., PostgreSQL’s ctid); such ids are
unique among duplicate rows. For a derived table, we define its
IID according to how the table is computed. For each SQL query
operator, we define a canonical execution procedure and a result

IID synthesis function (more details will be provided shortly). The
IID synthesis function can compute the IID for each result row
on the fly during canonical execution, such that the result rows
are always produced in the IID order. In addition to maintaining a
reproducible order, I-Rex uses IIDs to support a variety of debugging
features. Therefore, good IID designs positively impact performance,
as we shall see in Section 4. Although it is technically possible to
make the IID of a row simply its sequence number in the result set,
such numbers are not useful by themselves for tracing, pinning, or
possible query rewrite optimizations. As we will see below, most
of the IIDs in I-Rex are “logical” instead of physical, encoding data

provenance [41] helpful to tracing and pinning.

𝑄! 𝑄"

𝑄

𝑄#
𝑄!

T1 T2
Y

7

T1

Filter Expression

with T2.Y=7

T2.Y

…

…

…

… …

𝑄
𝑄! 𝑄"

𝑄#

WITH T1 AS (SELECT ...),
     T2 AS (SELECT ...)
SELECT ...
FROM T1, T2
WHERE T1.x >= ALL (

SELECT ... FROM T1
WHERE x = T2.y AND ...)

      AND ...;

𝑄

𝑄#

𝑄!
𝑄"

Dynamic call graph of debugging contexts

Drill down Drill down

Drill down

Drill down

Reference graph of query blocks

Figure 4: Static reference graph of query blocks vs. dynamic call
graph of debugging contexts, for a more complex example. Note
that there are two debugging contexts for 𝑄1 with different states;
the parent of 𝑄3’s debugging context provides the binding for T2.Y.
3.1.2 Query Blocks and Debugging Contexts. Given a query, I-Rex
defines a canonical execution procedure that is always (conceptually)
followed when debugging. A complex query can be viewed as a
collection of syntactic blocks with dependencies among them. I-Rex
models its canonical execution in terms of function calls:
• The outermost query block defines a function that computes the

query result when executed.
• A subquery block defines a function that can be called by the

function corresponding to its enclosing query block. A corre-
lated subquery is analogous to a helper function with parameters,
while a non-correlated subquery is comparable to a helper func-
tion without parameters. For instance, for𝑄 inner in Example 1, the
caller is responsible for passing the values of external column
references (e.g., f.drinker = ‘Ben’ in Figure 3) as parameters.

• Each table defined by WITH is a function that computes the table
contents when the table is referenced.

Overall, the canonical execution starts by executing the function
defined by the outermost query block, which then calls functions
corresponding to its subqueries or tables defined by WITH, which
may further call functions for their subqueries, etc.

As a function may be called multiple times, for each invocation

of a function (i.e., an execution of a query block), I-Rex creates a
debugging context as needed, analogous to an “activation frame”
in GPLs. As an example, 𝑄 in Example 1 calls 𝑄 inner multiple times,
with potentially different f.drinker values as arguments, resulting
in different executions. Each debugging context holds information
specific to the particular execution of the query block, such as the
values of external column references (i.e., parameter values). A
more complex example is shown in Figure 4.

3.1.3 Canonical Execution for EachQuery Block. Having discussed
the overall canonical execution procedure, we now zoom in on the
canonical execution of each query block. For a complex construct
such as SELECT, we further decompose its execution into stages,
where each stage can be seen as an operator with its own canonical
execution procedure and result synthesis function. We only discuss
SELECT with inner cross joins below; SQL set/bag operations and
general join expressions (including outer joins) are discussed in [45].

The first stage in a SELECT block is join & filter. Its canonical ex-
ecution is nested for-loops iterating through rows, one for each
input table in FROM, in order. In the innermost loop, we test the WHERE
condition (which may involve calling subqueries with parameter
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values obtained from the loop variables). The result row IID is syn-
thesized as a vector whose components are the IIDs of the joining
input rows. Note that the lexicographic order of these vector IIDs
is consistent with the row production order. Considering Exam-
ple 2 and Figure 2, the IID for Serves is its primary key (bar, beer),
and the IID for Frequents is its primary key (drinker, bar). There-
fore, the IID for the derived joined & filtered table has the format
((s.bar, s.beer), (f.drinker, f.bar)). In particular, 𝑗2’s IID would be
(𝑠2, 𝑓1), where we abuse notation slightly and use 𝑠2 and 𝑓1 to denote
their IIDs (Edge, Amstel) and (Ben, Edge) respectively.

If the block contains grouping or aggregation, a grouping stage
will be next. Its canonical execution is a stable sort of input rows
according to the GROUP BY expressions1 in order. Each result row
starts with the GROUP BY values as columns, followed by additional
columns needed to evaluate the remainder of the query (e.g. HAVING
or SELECT expressions). The result row IID is synthesized as a vector
whose components are the GROUP BY expressions in order, followed
by the input row IID. This order puts member rows of a group
together, allowing the UI to detect and display group boundaries
(Figure 2). The stable sort ensures that the IID is consistent with the
row production order. For instance, in Figure 2, the first member
row of 𝑔1 has IID (Edge, 𝑗2), where Edge also identifies the 𝑔1 group.

The final stage produces the final output for the entire SELECT
block. The canonical execution processes the input rows in order.
If HAVING is present, we filter out input rows whose group does not
pass the HAVING condition. Next, if the previous stage is grouping, we
produce one result row for each group, using the leading portion
of the IID corresponding to GROUP BY expressions as the result IID.
For instance, 𝑜1 in Figure 2 would be Edge, same as 𝑔1’s. Otherwise,
no aggregation is involved, and we simply produce one result row
for each input row, using the same IID for the result. In either case,
the IID is consistent with the result row production order.

Several special cases associated with the final stage are worth
noting, including support for DISTINCT and ORDER BY. See [45].

3.2 Debugging Operations

We describe what operations a user can perform in a debugging
context, focusing on those requiring formalization and in-depth dis-
cussion; others with straightforward semantics (e.g., visualization
of expression tree) are omitted. We describe the operations mostly
in the context of SELECT blocks with inner cross joins, although we
have generalized them to other SQL constructs.

3.2.1 Input Combo Space and Execution Positioning. Recall that a
debugging context refers to a specific execution of a query block. To
represent the entire execution of a debugging context, we define its
input combo space as an ordered set of combinations of input tuples
called “input combos” (illustrated in Section 2), each representing a
particular point in execution.

The (conceptual) current point of execution is called the active
input combo for the debugging context. For a SELECT debugging
context with 𝑛 input tables, the active input combo is the 𝑛 input
rows being examined inside the innermost loop by the canonical
execution of the join & filter stage, and it is represented by an 𝑛-
dimensional vector whose components are the IIDs of these input

1Aggregate queries w/o GROUP BY are the same as having empty GROUP BY list.

rows. For instance, the active input combo of the SELECT debugging
context shown in Figure 2 is ⟨𝑠2, 𝑓1⟩, drawn from the input combo
space {𝑠0, . . . , 𝑠5} × {𝑓0, . . . , 𝑓3}.

The user can position the execution of a debugging context at
a particular point using either stepping or teleporting. With step-

ping, I-Rex automatically advances the active input combo to its
successor (or predecessor if stepping in reverse order) in the input
combo space. For example, (ignore the pin and) suppose the active
input combo in Figure 2 were ⟨𝑠0, 𝑓3⟩; stepping would advance it
to ⟨𝑠1, 𝑓0⟩, followed by ⟨𝑠1, 𝑓1⟩, consistent with the processing order
of the canonical execution. With teleporting, given any input table,
through the paginated display, the user can jump or scroll to any
page and select a particular row as active; I-Rex will then update
the active input combo accordingly. Even more advanced execution
positioning can be achieved by pinning, as described later.

3.2.2 Forward Tracing. An active input combo in the debugging
context can produce derivative rows in the downstream result tables
produced by the stages. Intuitively, the input combo contributes
to the computation of derivative rows; formally, the input combo
participates in the how-provenance [41] of the derivative row. As
discussed in Section 2, once the active input combo is set, I-Rex au-
tomatically refreshes all visualizations of expression trees, such that
they reflect evaluation over the active input combo or its derivative
rows. I-Rex also automatically refreshes all result table displays,
such that they show the pages containing and highlighting the
derivative rows. This forward tracing feature allows the user to
examine the effect of input rows on subsequent processing and
potentially understand why a desired effect is not achieved. Note
that for a SELECT block, a given input combo can contribute to at
most one result row per stage, so there is no ambiguity in which
derivative rows to show downstream. For example, in Figure 2,
the active input combo ⟨𝑠2, 𝑓1⟩ has one derivative row per result
table, namely 𝑗2, the first row in 𝑔1, and 𝑜1. In Figure 3, there is no
derivative row for the active input combo ⟨𝑙0⟩. By design, I-Rex
ensures this rule of at most one derivative per stage for other blocks
(such as set/bag operations) as well.

Note that by design, across stages in a debugging context, the
result IIDs naturally encode the provenance information linking
rows from one stage to the next. For example, as discussed in Sec-
tion 3.1.3, the IID of the joined & filtered table, synthesized from
the IIDs of the input tables, essentially encodes how-provenance.

3.2.3 Pinning: Tracing and Watchpointing. We first describe the
semantics of pinning and then discuss its use for tracing and watch-
pointing. Consider all tables displayed for a debugging context.
I-Rex allows the user to pin up to one row from each of these tables.
Formally, each pinned row defines a subset of the input combo
space, called the row’s pinned (input combo) space. Overall, the
pinned space for the debugging context is its input combo space
intersected with each of the pinned spaces defined by the pinned
rows. Intuitively, the pinned space allows the user to narrow the
execution down to the points of interest while debugging.

Consider a SELECT block joining 𝑛 tables in FROMwith input combo
space R =

∏︁𝑛
𝑖=1 𝑅𝑖 , where each 𝑅𝑖 denotes the ordered list of IIDs for

the 𝑖-th input table. A pinned row in the 𝑗-th input table with IID 𝑥

defines a pinned space of
∏︁𝑗−1

𝑖=1 𝑅𝑖 × {𝑥} ×∏︁𝑛
𝑗=𝑖+1 𝑅𝑖 ; i.e., the user

is interested only in input combos with 𝑥 participating. A pinned
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row in a result (intermediate or final) table defines a pinned space
of {𝑣 | 𝑣 ∈ R∧𝑥 is a derivative row of 𝑣}; i.e., the user is interested
only in input combos that contribute to 𝑥 . Considering Figure 2, the
pinned space for the pinned 𝑜1 is {⟨𝑠2, 𝑓1⟩, ⟨𝑠2, 𝑓3⟩, ⟨𝑠3, 𝑓1⟩, ⟨𝑠3, 𝑓3⟩}
because these input combos contribute to the total revenue in 𝑜1. If
the user additionally pins 𝑓1 in Frequents; this pinned row will have
a pinned space of {𝑠0, . . . , 𝑠5} × {𝑓1}. Thus, the overall pinned space
will be shifted to {⟨𝑠2, 𝑓1⟩, ⟨𝑠3, 𝑓1⟩}, meaning the user only wants to
investigate how Dan contributes to Edge’s total revenue.

Pinning has multiple uses. First, it augments I-Rex’s tracing ca-
pability: pinning effectively allows backward tracing from a pinned
result row produced by any stage to the pinned space of input com-
bos, and then from there, forward tracing to result rows further
downstream. Second, combined with stepping, pinning provides
a form of watchpointing. With a pinned space in effect, I-Rex re-
stricts stepping to the pinned space, effectively setting a watchpoint
that pauses execution only at points relevant to the pinned rows.
In Figure 2, with 𝑜1 pinned, execution automatically stops at the
4 relevant input combos ⟨𝑠2, 𝑓1⟩, ⟨𝑠2, 𝑓3⟩, ⟨𝑠3, 𝑓1⟩, ⟨𝑠3, 𝑓3⟩, skipping
irrelevant portions of execution before, after, and in between.

Note that the result IIDs across stages naturally encode prove-
nance for efficient pinning. For example, although the IID of an
aggregate result row does not encode its provenance by itself, the
group-by values therein allow a group’s how-provenance to be
recovered by examining the IIDs for the preceding grouping stage
(which contains these values too) and/or by querying.

3.2.4 Drilling Down and Pulling Up. As illustrated in Example 2,
I-Rex allows the user to drill down into a subquery, analogous to
“stepping into” a function call. Besides drilling down into subqueries
in WHERE, HAVING, and SELECT expressions, I-Rex also allows drilling
down into subqueries in FROM, which can be either directly nested
therein or via a reference to some WITH definition. In these cases, the
user can drill down directly through a particular row in a derived
input table; I-Rex will open the debugging context for the subquery
responsible for producing that table and automatically pin that row
in the subquery’s final output table. When debugging a complex
query with many nested blocks, I-Rex essentially maintains a “call
stack” of debugging contexts (similar to Figure 4). To let the user
pull up from a subquery debugging context, I-Rex simply returns
the user to the previous debugging context on the stack, which
belongs to the enclosing query block. The state of the subquery
debugging context is still preserved until the user changes the active
input combo in the enclosing block’s debugging context, which
forces “stepping out” from the last subquery function call.

3.3 Supported Features and Limitations

I-Rex supports a rich set of SQL query features, such as SELECT
queries, set/bag operations (e.g., UNION, INTERSECT, EXCEPT), subqueries
(including correlated ones), outer joins and joins expressed in gen-
eral JOIN syntax (except LATERAL), and WITH. I-Rex currently does not
support recursive WITH, LATERAL joins and WINDOW functions.

However, I-Rex’s debugging paradigm is very general. By model-
ing a query as a collection of syntactic blocks that act like function
calls, any relational operator that deterministically transforms in-
put tuples into output tuples can be adapted to this framework.
Assigning totally ordered, logical identifiers (IIDs) allows I-Rex to

enforce reproducible execution stages across complex operators.
We briefly outline strategies for several possible future extensions:
1) for WINDOW functions, I-Rex could introduce a new execution stage
where canonical execution performs a stable sort based on PARTITION
BY and ORDER BY expressions; 2) LATERAL joins can be modeled in a
way similar to correlated subqueries, where the left table acts as
the caller passing bound parameters to the right table’s context;
3) recursive WITH can potentially be supported by treating each re-
cursive step as a context whose input tables are produced by the
previous step, until a fixed point is reached.
Limitations.While I-Rex handles complex queries, it does have
some limitations. First, as I-Rex relies on deterministic execution, it
does not support built-in functions whose results cannot be reliably
reproduced (e.g., RAND). The behavior of queries involving such func-
tions may depend on the execution plan chosen by the optimizer,
and cannot be reproducible by I-Rex’s canonical execution.

Second, while features such as forward tracing and pinning allow
a user to quickly examine execution around points of interest, I-Rex
does not by itself suggest potential points of interest. Currently,
I-Rex sorts and paginates all intermediate and final result tables in
IID order, which makes it easier for the user to locate a row by its
IID (or prefix thereof). A future extension is to support searching
for specific result rows by an arbitrary filter condition, which can
be efficiently implemented by issuing a rewritten query to compute
only the filtered rows (in a similar vein as a page-fetch query in
Section 4.1). A more intriguing extension would be to support
pinning by condition instead of by row.

4 SYSTEM AND OPTIMIZATIONS

We now describe the implementation and optimizations of I-Rex.
Given a query𝑄 being debugged, a straightforward approach would
be to carry out the canonical execution of 𝑄 and collect all debug-
ging information in one go, but this approach is not scalable.

Example 3. Consider a TPC-H [11] database instance generated

with a scale factor of 1 (i.e., total size of all tables is 1GB), and the

following subquery in the FROM clause of benchmark query Q8:

SELECT EXTRACT(year from o_orderdate) as o_year,

l_extendedprice * (1 - l_discount) as volume,

n2.n_name as nation

FROM part, supplier, lineitem, orders, customer, nation n1, nation n2, region

WHERE p_partkey = l_partkey AND s_suppkey = l_suppkey

AND ... -- omitted for simplicity

If we were to compute and display the ten entire tables (8 input, 1

joined & filtered, 1 output) and lineage data, we would ship at least

2GB of data from the database server to the I-Rex client, introducing

unacceptable overhead over the network and client-side memory.

To address this challenge, I-Rex uses three high-level ideas. (1) In-
stead of showing the entire canonical execution of 𝑄 , we let the
user examine one small, relevant window of this execution at a
time. (2) To obtain all debugging information needed for a particular
execution window, instead of performing the canonical execution
and instrumenting it, we can formulate SQL queries based on 𝑄 to
compute such information directly and declaratively. (3) We can
judiciously compute some summary data and then use it to further
rewrite these queries to be more efficient.

As described in Section 2, I-Rex realizes idea (1) using a paginated
display for each table. For each debugging context, the active input
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min_iid s.bar s.beer f.drinker f.bar
0 ((Apex, Corona),

(Amy, Apex))
[Apex, Edge] [Amstel, Dixie] [Amy, Ben] [Apex, Edge]

1 ((Edge, Amstel),
(Dan, Edge))

[Edge, Edge] [Amstel, Corona] [Ben, Dan] [Edge, Edge]

2 ((Tavern, Amstel),
(Coy, Tavern))

[Tavern, Tavern] [Amstel, Erdinger] [Coy, Coy] [Tavern, Tavern]

Table 1:Milestone table for the joined & filtered table in Figure 2,
with 3 pages and page size of 3 (rows). The IIDs have the format
((s.bar, s.beer), (f.drinker, f.bar)), and 3 min IIDs are those of the
rows 𝑗0, 𝑗3, and 𝑗6 respectively. The Bloom filter column is omitted.
combo marks the current point of execution and controls which
pages to display by default: pages containing the input combo for
input tables, and the page containing the derivative row for each
subsequent stage. Together, these pages define the “window” of
execution seen by the user. The optimization of tracing and pinning
builds on pagination; see the full version [45] for details.

4.1 Optimizing Pagination

Given a base or derived table to display, the potential savings of
pagination are easy to see: by focusing on one page at a time,
we only need to compute, transmit, and render content on this
page alone. The baseline solution to pagination supported by SQL
uses its OFFSET and LIMIT features. However, OFFSET and LIMIT alone
do not make queries faster (verified in Section 5). The optimizer
typically has insufficient knowledge to skip directly to the OFFSET-th
result row, so the query often executes from the very beginning to
OFFSET + LIMIT, creating enormous waste. Furthermore, for queries
that enforce result ordering (which is the norm in I-Rex as it aims
to provide consistent and reproducible orderings for all results),
simply determining the order would often involve computing and
sorting all result rows, saving no computation cost.

To overcome this limitation, we observe that if we know which
input rows contribute to the particular result page, we can use such
information to prefilter the input rows and reduce execution cost.
For example, in the joined & filtered table of Figure 2, suppose a
user only needs to retrieve the page containing rows 𝑗2 through 𝑗5.
It turns out that we only need {𝑠1, 𝑠2} from Serves and {𝑓1, 𝑓3} from
Frequents to compute this page. In general, explicitly enumerating
a set of such input rows is not scalable, but we can instead com-
pute a compact summary of this set, at the expense of potentially
introducing some false positives (but never any false negatives).

I-Rex has three types of summary-based filters, described fur-
ther below, to cover the range of possibilities: (1) IID-based filters,
(2) “sargable” [72] filters, and (3) Bloom filters [13]. All three require
precomputing a summary of what input rows contribute to each
page. This step, performed when the debugging context is initial-
ized, executes a milestone query (generated automatically by I-Rex)
to produce a milestone table for each input table of the debugging
context and for the result table of each stage. For each page of table
contents, a milestone row contains the summaries of input rows
that contribute to the page. The milestone tables are cached by
the I-Rex client.2 Subsequently, when a particular page of a table
is requested, I-Rex consults the corresponding milestone table to
generate a page-fetch query that incorporates filtering using the
summaries pertaining to the page requested.

2I-Rex assumes the client sees a static snapshot of the underlying database; otherwise,
data updates will invalidate the cached milestones.

4.1.1 IID-Based Filtering. Recall that I-Rex sorts every table by
its IID to ensure consistency and reproducibility. Hence, the pages
of a table partition its rows into consecutive, non-overlapping IID
ranges. To enable IID-based filtering, we precompute, in the mile-
stone table, the minimum IID among rows on each page. For ex-
ample, Table 1 shows the milestone table for the joined & filtered
table in Figure 2, with the minimum IID for each page captured by
the min_iid column. Using this information, I-Rex can add a tight
range condition on IID to the WHERE clause of a page-fetch query.

Continuing with the same example, the following query fetches
the contents of the second page of the joined & filtered table, while
also synthesizing the IID for each result row. Note that the lower
IID bound is the minimum IID of the second page in Table 1, and
the (open) upper IID bound is the minimum IID of the next page:

SELECT ((s.bar,s.beer),(f.drinker,f.bar)) AS iid, * -- synthesize IID

FROM Serves s, Frequents f

WHERE (...) -- original WHERE conditions

-- IID-based filtering:

AND ((s.bar,s.beer),(f.drinker,f.bar))>=(('Edge','Amstel'),('Dan','Edge'))

AND ((s.bar,s.beer),(f.drinker,f.bar))<(('Tavern','Amstel'),('Coy','Tavern'))

ORDER BY 1; -- order by IID

IID-based filtering serves two purposes. First, it rejects any result
row not on the requested page. This feature is indispensable be-
cause the other types of filtering implemented may introduce false
positives and admit rows outside the requested page; therefore,
I-Rex always activates IID-based filtering to ensure correctness.
Second, IID-based filtering can enable efficient execution. However,
its potential is limited: from a range bound on a multi-component
IID, we can safely infer a range bound only on the leading com-
ponent, but not on subsequent components. For example, in the
page-fetch query above, the query optimizer may infer that s.bar
(and hence f.bar by transitivity) falls within [Edge, Tavern] and use
an index on s.bar (or f.bar), but nothing is known about s.beer or
f.drinker. This limitation motivates other types of filtering below.

4.1.2 Sargable Filtering. To enable efficient page-fetch queries, we
aggressively look for opportunities to inject safe, sargable [72]
predicates that enable index plans. To this end, for each column
𝐴 in an input table, where an index already exists on 𝐴, I-Rex
computes a concise summary of the 𝐴 values, in the form of a
single range [min,max], over all input rows that contribute to each
page of the result table. For example, Table 1 shows the milestone
table for the joined & filtered table in Figure 2, assuming that s.bar,
s.beer, f.drinker, f.bar are the indexed columns. I-Rex injects a
range condition for each in the WHERE clause of a page-fetch query.

Using the same example, the page-fetch query for the second
page of the joined & filtered table can now be augmented as follows:

SELECT ... FROM Serves s, Frequents f

WHERE (...) -- original WHERE conditions

AND s.bar BETWEEN 'Edge' AND 'Edge' -- sargable filtering

AND s.beer BETWEEN 'Amstel' AND 'Corona'

AND f.drinker BETWEEN 'Ben' AND 'Dan'

AND f.bar BETWEEN 'Edge' AND 'Edge'

AND ... -- IID-based filtering

ORDER BY 1; -- order by IID

Since the sargable filters are always on indexed columns, they
enable the optimizer to consider index plans that access only the
relevant parts of the input tables. Even when index plans are not
the most optimal, the inexpensive filter conditions still reduce the
number of rows involved in downstream processing (e.g., join) and
hence overall execution cost. However, pushing down filters too
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aggressively may have a negative effect when the filters are not
selective, which can happen if the page size is not small and the
result row ordering does not correlate with the filter column value.
The optimizer may underestimate the output cardinality of the
filter and choose a secondary index scan that is less efficient than a
table scan. Thus, we only inject a sargable filter for column 𝐴 if its
range on the requested page covers a small percentage of the entire
domain. I-Rex uses 30% as a cutoff, which works well empirically.

Finally, instead of using one range to summarize input column
values for a page, we can use multiple ranges to reduce false posi-
tives, at the expense of higher precomputation and storage costs
for milestones. This trade-off is worth investigating as future work.

4.1.3 Bloom Filtering. Correlated subqueries in WHERE can still bot-
tleneck query execution, especially if the external columns they
reference are not indexed and therefore not covered by sargable
filtering. One approach to avoid evaluating expensive correlated
subqueries is memoization: regarding each correlated subquery 𝑞 as
a function, we can cache all value settings of the external columns
that 𝑞 is invoked with, along with the corresponding results re-
turned by 𝑞. However, this approach is not scalable as the number
of possible value settings can be high (even with sophisticated
decorrelation techniques [73] to restrict such settings) and results
can be large, requiring large cache spaces.

To balance space efficiency and performance, we take an approx-
imate approach at a coarser grain: instead of capturing the behavior
of each subquery precisely, we consider the entire WHERE condition
(including any constituent subqueries), and use a Bloom filter [13]
to track, for each page, the set of “relevant” input column values
for which the entire WHERE evaluates to true. We choose relevant
columns to be all input table columns externally referenced by any
subquery, plus any input table column involved in an atomic con-
dition together with some subquery. For instance, in our running
example (𝑄 from Example 1), the only relevant input column is
f.drinker. As another example, if the WHERE condition is 𝐴 IN (𝑞(𝐵)),
where 𝑞 is a correlated subquery with external column reference
𝐵, the set of relevant input columns would be {𝐴, 𝐵}. A single SQL
query can conveniently precompute such Bloom filters using a
user-defined aggregate, along with the rest of the milestone table.

Continuing with our running example, the page-fetch query for
the second page of the joined & filtered table is now updated to:

SELECT ... FROM Serves s, Frequents f

WHERE (...) -- original WHERE conditions

AND ... -- sargable filtering

AND ... -- IID-based filtering

AND BLOOM_CHECK('10101010', f.drinker) -- Bloom filtering

ORDER BY 1; -- order by IID

Here, BLOOM_CHECK(𝐹,𝑒) is a user-defined function that checks if an
entry 𝑒 is in the Bloom filter 𝐹 . Given the probabilistic design of
Bloom filters, BLOOM_CHECK may return false positives but not false
negatives. ‘10101010’ is the Bloom filter computed for the second
page, encoding all f.drinker values over input combos that con-
tribute to this page. Failing BLOOM_CHECK allows query execution to
save time by bypassing the evaluation of the expensive subquery.
In this example, row 𝑓2, with f.drinker of Coy, fails the subquery
condition, so the computed Bloom filter will not have the contri-
bution of Coy. Hence, when evaluating the above page-fetch query,
even though Coy still passes the sargable filter, it will fail BLOOM_CHECK,

skipping rest of WHERE including the subquery. Yet, because of false
positives, passing BLOOM_CHECK does not mean WHERE must evaluate to
true; the original WHERE condition still must be included.

Proposition 4.1. Suppose functions BLOOM_GEN : P(tuples) →
bitstrings and BLOOM_CHECK : bitstrings× tuples → {true, false} satisfy
𝑒 ∈ V ⇒ BLOOM_CHECK(BLOOM_GEN(V), 𝑒) for any tuple 𝑒 and any set

V of tuples of the same sort. Let {𝑅𝑖 } denote a list of (potentially

aliased) input tables and Θ a condition over {𝑅𝑖 }. For any subset A
of columns in {𝑅𝑖 }, the following two queries are equivalent:
𝑄1: SELECT * FROM . . . , 𝑅𝑖 , . . . WHERE Θ;

𝑄2: SELECT * FROM . . . , 𝑅𝑖 , . . . WHERE Θ AND BLOOM_CHECK(𝐹, ⟨A⟩);
where 𝐹 = BLOOM_GEN(SELECT ⟨A⟩ FROM . . . , 𝑅𝑖 , . . . WHERE Θ).

The proposition above implies considerable freedom in choosing
the set of relevant input columns to track for a Bloom filter. Instead
of tracking the IIDs of the input rows (which can be many), we
decided to track input column values that influence the outcome of
evaluating conditions involving subqueries, because there are usu-
ally far fewer distinct values to track. This heuristic has worked well
for I-Rex. Finally, Bloom filter conditions are not sargable and can-
not be used to avoid full table scans. Evaluating them introduces
overhead. Therefore, I-Rex uses Bloom filtering only for “short-
circuiting” evaluation of expensive WHERE clauses with subqueries.
If a Bloom filter returns too many false positives, the overhead of
BLOOM_CHECK may outweigh the savings achieved by skipping sub-
query evaluation. I-Rex automatically estimates the false positive
rate of each Bloom filter and injects the BLOOM_CHECK condition only
if this rate is less than 50%.

4.1.4 Summary. I-Rex optimizes pagination by generating page-
fetch queries that automatically combine three types of summary-
based filters to prune unnecessary data. First, IID-based filtering
uses the minimum IID of a page to create a precise page boundary; it
is always applied to guarantee correctness by rejecting rows outside
the requested page. Second, sargable filtering injects dynamic range
bounds for indexed columns to encourage efficient index scans.
Sargable filters are available only when the query block has base
tables with indexed columns, and they are automatically applied
on top of IID filters. Finally, Bloom filtering tracks relevant input
column values, skipping the evaluation of expensive correlated
subqueries. I-Rex proactively detects the existence of correlated
subqueries and automatically computes and applies Bloom filters
along with IID and sargable filters whenever possible.

4.2 System Overview

We briefly describe the overall I-Rex system while leaving most
implementation and optimization details to the full version [45].

I-Rex operates a highly scalable, stateless client-middleware-
server architecture.The frontend client is built with React, which
handles user interaction logic, visualizes the debugging contexts,
and manages the caching of data and SQL code to ensure a smooth,
interactive experience. The middleware server performs the heavy
lifting of query analysis and rewriting using Apache Calcite [10];
it “compiles” the original query to be debugged into a collection
of rewritten SQL query templates to support debugging. Each de-
bugging action initialized by the client is supported by executing
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appropriately instantiated query templates on the underlying data-
base. I-Rex extends the database server using user-defined functions
(e.g., for Bloom filters) but does not modify its internals otherwise.

Importantly, to support many concurrent users without creating
bottlenecks, I-Rex maintains no session-specific state for any active
debugging session in the middleware or the underlying database.
When a client starts a debugging session, the middleware performs
a compilation step to analyze the original query. The query is di-
vided into logical blocks (Figure 4), and for each block (which will
produce a debugging context when invoked at runtime), the middle-
ware automatically generates milestone queries, page-fetch queries,
and queries supporting other debugging features, as parameterized
SQL templates. In the step, the middleware also employs several
equivalent query rewrites (including scalar subquery optimization,
sargable filter injection, and recursive filter pushdown, further de-
scribed in the full version [45]) to help enable optimizations that
tend to be missed by the underlying database optimizer. Finally,
the result of this compilation step is shipped to and cached in the
client. As a user enters a specific debugging context, the client ini-
tializes the context by executing the cached milestone queries for
the corresponding block and caching the result milestone tables.
Subsequently, as the user navigates within the debugging context,
the client dynamically instantiates page-fetch and other supporting
queries on demand using the cached milestone tables, enabling fast
exploration without computing the full query.

5 PERFORMANCE EXPERIMENTS

We conduct experiments to evaluate the performance and scala-
bility of I-Rex under the optimizations discussed in Section 4. We
focus on evaluating page-fetch queries (Section 4.1) and milestone
computation, as they are the most expensive queries that I-Rex uses;
other operations (e.g., tracing and pinning) either use page-fetch
queries or relatively cheap queries with highly selective conditions.
The baseline for fetching pages is to use SQL OFFSET and LIMIT. We
enable various pagination optimizations in I-Rex to evaluate their
respective benefits. IID-based filtering is always enabled (for cor-
rectness). Section 5.1 evaluates pagination with Bloom filtering
but not other optimizations, while Section 5.2 evaluates pagination
with sargable filtering but not others. Finally, Section 5.3 enables
all pagination optimizations and evaluates both the performance of
pagination and milestone computation.

We use the TPC-H benchmark [11] and generate 3 database
instances of sizes 1GB (benchmark default), 5GB, and 10GB. In
addition to the default indexes on the primary keys, we also create
a reasonable set of secondary indexes (details in [45]) that simulate
typical usage. For Sections 5.1 and 5.2, we show one query for each,
where the respective optimization is applicable and can be best
evaluated; for the general evaluation in Section 5.3, we show results
for all 22 benchmark queries. All experiments were done on a 64-bit
Ubuntu 22.04 LTS server with four Intel(R) Xeon(R) 6530P CPUs @
2.30GHz, 64GB RAM, and 256GB disk space. We used PostgreSQL
18.3 [67] with work_mem=128MB and shared_buffers=8GB; we also turned
off parallel execution (max_parallel_workers_per_gather=0) to reduce
its potentially confounding effect, so results are easier to interpret.
5.1 Effectiveness of Bloom Filtering

This experimental setup uses a variant of TPC-H Q2:

(a) Varying page size; 1GB database. (b) Varying database size; 50-row pages.

Figure 5: Bloom filtering vs. baseline: time to fetch each page. [·, ·]
in legend shows min/max page fetch times.
SELECT ROW(p_partkey, s_suppkey, ps_partkey, ps_suppkey,

n_nationkey, r_regionkey), *

FROM part, supplier, partsupp, nation, region

WHERE ... AND ps_supplycost = (

SELECT MIN(ps_supplycost)

FROM partsupp, supplier, nation, region

WHERE p_partkey = ps_partkey -- p_partkey from outer query

AND ...);

As discussed in Section 4.1, I-Rex precomputes a Bloom filter for the
p_partkey values for input rows that contribute to each result page,
and when fetching a page, uses the Bloom filter to short-circuit the
evaluation of the rest of WHERE containing an expensive correlated
subquery. However, the bloom filter is only used for membership
checking if the false positive rate is less than 50%. By default, we
set the number of Bloom filter bits to𝑚 = 1024; we conservatively
estimate the number of unique p_partkey in each page (denoted by
𝑛) as the page size; accordingly, we set the number of Bloom filter
hash functions to 𝑚

𝑛
× ln 2.

We conduct two sets of experiments. First, we fix the database
size to 1GB and vary the page size. Second, we fix the page size to
50 and vary the database size. We compare page-fetch queries with
Bloom filtering with the baseline using OFFSET and LIMIT. We collect
the execution times reported by the EXPLAIN ANALYZE command for
all queries and show them in Figure 5. Overall, the results show
that Bloom filtering is very effective for Q2. When the database
size is relatively small (Figure 5a), the baseline consistently takes
around 600ms to reproduce a page, because its execution cost is
dominated by the computation of the entire result and sorting
them first; in contrast, Bloom filtering takes 28 to 74ms, with larger
pages requiring more time. Under larger database sizes (Figure 5b),
baseline switches to a different plan whose cost grows linearly with
the starting position of the page fetch, eventually matching the cost
of executing the entire query when fetching pages near the tail;
Bloom filtering performance remains scalable and depends much
less on the fetch position, saving as much as 3.8s (5.1× speedup)
and 7.8s (5.6× speedup) for 5GB and 10GB databases, respectively.

5.2 Effectiveness of Sargable Filtering

This setup uses the joined & filtered table for benchmark Q7:
SELECT ROW(s_suppkey, l_orderkey, l_linenumber, o_orderkey,

c_custkey, n1.n_nationkey, n2.n_nationkey), *

FROM supplier, lineitem, orders, customer, nation n1, nation n2

WHERE ...; -- same as original query
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(a) Varying page size; 1GB database. (b) Varying database size; 50-row pages.

Figure 6: Sargable filtering vs. baseline: time to fetch each page.
[·, ·] in legend shows min/max page fetch times.

1GB (ms) 5GB (ms) 10GB (ms)
Page I-Rex Baseline I-Rex Baseline I-Rex Baseline
head 2,532.81 5,870.729 14,184.028 46,234.889 37,419.067 120,576.875
middle 2,456.265 7,991.925 16,215.405 55,316.965 32,434.602 133,646.155
tail 2,787.514 10,113.122 13,983.933 64,399.041 33,393.882 146,715.434

Table 2: I-Rex vs. baseline: time to fetch a page in the joined &
filtered table of Q18; 50-row pages and varying database size. Here,
head refers to the first query while tail refers to the second to the
last (as the last page sometimes is not full).
We create sargable range filters for all index columns in the input
tables based on the precomputed milestones, but only if the ranges
cover no more than 30% of the domain, as discussed in Section 4.1.
We run two sets of experiments similar to those for Bloom filtering,
with results shown in Figure 6. Overall, we observe that the baseline
using OFFSET and LIMIT performs progressively worse when it fetches
later pages, until its running time plateaus when the plans switch
to essentially computing and sorting the entire result; in contrast,
sargable filtering performs well across all pages regardless of their
position, and its advantage over the baseline widens dramatically
toward later pages. With a 1GB database (Figure 6a), baseline can
take up to 821ms to fetch a page, while sargable filtering takes
no more than 73ms. Fixing the page size at 50 and using larger
databases (Figure 6b), sargable filtering’s benefit is even greater.
For the 10GB database, the baseline takes about 19s to fetch a page
positioned at 1/6-th of the entire result or later, while sargable
filtering takes about 1.2s (16× speedup) in the worst case.

5.3 General Evaluation

For general evaluation, we apply all I-Rex optimizations to all TPC-
H queries, and compare the execution times of the resulting page-
fetch queries with those of the baseline approach. IID-based and
sargable filtering can be applied to all queries, while Bloom filtering
is only applicable to Q4, Q16, Q18, and Q20–22. Because of limited
space, we only show in Table 2 the results for the joined & filtered
table of Q18, which is the most expensive query in our experiments;
remaining results are in [45]. The results generally echo the findings
from the experiments on Bloom/sargable filtering, and confirm the
benefit of combining optimizations. Specifically in Table 2, I-Rex
performs no worse than the baseline for pages at the beginning of
the results, and significantly better for later pages.

Finally, we evaluate the overhead of debugging context initializa-
tion, which is dominated by the cost of running milestone queries.

Milestone Query Original Query
Q18 Exec. time (ms) Output (MB) Exec. time (ms) Output (MB)

joined & filtered 15,984.578 52 12,086.886 1272
group 13,193.212 9 12,602.33 64
output 13,808.861 9 14,452.551 75

Table 3: Milestone vs. original queries: execution time and output
size; 50-row pages and 1GB database.
We compare their costs with those of computing the entire results of
the corresponding original query blocks. Because of limited space,
we only show in Table 3 the results for the three most expensive
milestone/original query pairs, with a 1GB database and 50-row
pages; the remaining results are in [45]. All three pairs come from
Q18’s stages. Since milestone queries conceptually summarize the
output of the original queries, we do not expect them to run faster
than the latter. As Table 3 shows, their performance is comparable
to the original queries. Recall from earlier experiments that baseline
page-fetch queries often cost as much as the original queries; this
observation implies that I-Rex can benefit from milestone-enabled
optimizations for many page-fetch queries by paying only a one-
time overhead equivalent to a single baseline page-fetch query. The
execution times reported are taken from EXPLAIN ANALYZE, which only
measures the time spent in executing the query but not transmitting
its result. We intentionally chose to exclude the latter because the
outputs from the original queries can be too large to transmit. For
example, printing the entire Q18’s joined & filtered table took more
than an hour for a psql client running on the database console. In
contrast, as Table 3 shows, milestone queries return much smaller
results, which are feasible to transmit to and handle by the client.

The end-to-end latency of I-Rex consists of time for page-fetch
query execution, network transmission, and frontend rendering.
While query times naturally vary and network latency fluctuates un-
predictably, the frontend rendering is consistently lightweight. On
average, rendering a 50-tuple page takes ∼600ms, forward tracing
∼300ms, and pinning ∼500ms, providing an interactive experience.
Limitations and Opportunities. While I-Rex aims at making
SQL debugging interactive, for queries that are inherently hard
to optimize and expensive to evaluate, debugging them remains
challenging. For example, the latency in debugging context ini-
tialization is dominated by milestone queries, which cannot be
expected to outperform the original query (other than transmitting
less result data). Possible directions to increase interactivity include
on-demand and/or approximate milestone computation, which are
promising venues for future research. An orthogonal approach is to
find small database instances that can help reveal potential mistakes
in the query being debugged. Sampling is one method, but smarter
query-driven methods have also been studied; see Section 7 for
more discussion. This approach complements I-Rex by reducing
the size of the database used to debug in the first place.

6 USER STUDY

We conducted a user study in an undergraduate database course
to evaluate the effectiveness of I-Rex on two aspects: (1) whether
I-Rex helps users catch more logical bugs, and (2) whether I-Rex
reduces the time to find bugs.
Participants. We had 237 student participants who had just be-
come familiar with SQL at the time of the study. Participation was
voluntary. We considered recruiting participants from other sources
(e.g., Amazon Mechanical Turk), but decided against it as it was
hard to ensure participants’ SQL familiarity was at a similar level.
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Figure 7: Bugs caught (out of two) for P1, using I-Rex vs. not.

Figure 8: Bugs caught (out of three) for P2, using I-Rex vs. not.
Since SQL familiarity significantly impacts debugging time, the lack
of control can make results difficult to interpret.
Preparation and Setup. The study was conducted for two consec-
utive weeks during the course’s once-a-week 75-minute discussion
sessions in the Fall 2022 semester. In the first session, students were
given a tutorial on I-Rex and informed about the format of the quiz,
which contained two SQL debugging problems P1 and P2. After
the first discussion, I-Rex is made public for students to try. In the
second session, students completed the quiz synchronously in a
proctored environment, where they were asked not to discuss with
classmates. For each problem in the quiz, students were provided
a problem statement, an incorrect query, its incorrect output, and
the correct output (details in [45]). To create treatment and control
groups, students received the two problems in a random order. For
the first problem they received, they were free to use any tool of
their choice (e.g., Gradescope autograder, psql console, pgAdmin Web
interface) except I-Rex. For the second problem, I-Rex was made
available but optional along with other tools. This user study was
conducted before any AI tool was released; thus, no AI assistant was
available to students. For each problem, students were to describe
the bugs found in a free-response text box. P1 had two bugs and
P2 had three, and the students were not told how many. While stu-
dents self-paced, they were recommended to spend 15-20 minutes
on each problem. They were not allowed to move on to the second
problem until they submitted an answer to the first problem.
Results and Analysis.We collected the time it took students to
solve each problem, whether they chose to use I-Rex, and the bugs
they found. Of 237 students, 140 completed both problems and
provided legitimate answers. Therefore, we based our analysis on
these 140 responses. For the first problem received, which must be
completed without I-Rex, 73 students received P1, and 67 received
P2. For the second problem received, where using I-Rex was an
option, 73 students received P2, but 36 of them did not use I-Rex; 67
students received P1, but 29 of them did not use I-Rex. In summary,
for P1, we have 38 submissions using I-Rex, and 102 not using I-Rex;
for P2, we have 37 submissions using I-Rex, and 103 not.

We manually reviewed each response and checked whether the
student correctly identified the bugs. Figure 7 shows the fraction
of the submissions that correctly identified each possible subset
of the bugs for P1, with (left) or without (right) help from I-Rex;
Figure 8 does the same for P2. While the total submission numbers
differ between using/not using I-Rex, the distributions (fractions
for possible subsets) are similar. The use of I-Rex had no discernible

impact on the mean of bugs identified, as shown in the last column
of Table 4. While I-Rex did not seem to help students find more
bugs, the comparison of debugging times, reveals that the use of
I-Rex reduces the mean debugging time by around 8 minutes for
both problems. We further prove I-Rex’s efficiency through sta-
tistical tests. Due to the non-normal distribution of the collected
time data (tested by the Shapiro-Wilk Test [74]), we performed
the Mann-Whitney𝑈 Test [60] for P1 and P2 separately. With the
null hypothesis being “I-Rex makes no difference or slows students
down”, the p-values for P1 and P2 are 0.0001 and 0.0007, respectively.
Since they are below the standard 0.05 threshold, we reject the null
hypothesis and conclude that I-Rex significantly improves students’
efficiency in finding bugs without compromising accuracy.

Student Feedback. Students also provided anonymous feedback
on the use of I-Rex. A common theme is that I-Rex has a noticeable
learning curve: since it exposes step-by-step logical execution and
displays numerous visual elements simultaneously, some students
initially found it intimidating. However, those who pushed past this
familiarization phase found it a powerful and effective debugging
aid. There were also students who preferred using traditional clients
(like pgweb) to manually construct auxiliary queries, highlighting
that debugging preferences remain highly subjective and tied to
individual cognitive styles. Just like programmers have different
preferences for debugging in general (from printing to console to
sophisticated IDE-supported execution tracing and state inspection),
we envision I-Rex not as a one-size-fits-all SQL debugging solution,
but as a useful addition to the SQL debugging toolbox.

Discussion. There are several limitations to this user study. First,
its participation was voluntary with no extrinsic incentives, so
students might not feel compelled to invest the upfront time needed
to overcome the tool’s learning curve. This likely explains why
many opted against using I-Rex for the second problem. Besides the
lack of incentives, the strict time constraints may have also reduced
their overall debugging effort. To address this, future evaluations
should develop better incentives for participants to fully acclimate.

Second, limited by time and subject pool, this study only evalu-
ated undergraduates on pedagogical queries. Future work is needed
to assess the tool’s effectiveness among industry professionals de-
bugging complex queries over enterprise-scale databases. Such
settings may also help answer the question of whether I-Rex can
help users find new, harder bugs, beyond making bug finding faster.

Third, this study does not explore the use of large language
models (LLMs) as a potential alternative or augmentation to I-Rex.
The fast evolution of LLMs is rapidly changing how SQL queries
are composed and debugged. While many text-to-SQL frameworks
[36, 38, 58, 68, 69, 77] have shown good accuracy on benchmarks
such as BIRD [59] and Spider 2.0 [56], query debugging remains a
major challenge as shown in [83]. To investigate the increasingly
common use of LLMs for SQL debugging, we conducted a small
case study (details in [45]) by feeding the incorrect queries from
our user study to an LLM. Despite the relative simplicity of these
educational queries, the LLM still occasionally misidentified bugs
or hallucinated incorrect interpretations. Because LLMs lack formal
correctness guarantees and produce inherently non-deterministic
outputs, conducting a direct, reproducible comparison is difficult.
We postulate that LLMs and I-Rex serve orthogonal purposes: LLMs
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Problem # response Mean time Mean bugs found

P1 w/ I-Rex 38 12.85 min 1.13 / 2
P1 w/o I-Rex 102 20.59 min 1.18 / 2
P2 w/ I-Rex 37 19.12 min 1.91 / 3
P2 w/o I-Rex 103 27.63 min 1.85 / 3

Table 4:Mean debugging time and bugs caught per problem.
act as probabilistic oracles designed to instantly suggest a patch,
whereas I-Rex is an interactive tool for investigating logical execu-
tion to understand query behavior under unforeseen circumstances.
Rather than competing, I-Rex provides the deterministic ground
truth that LLMs currently lack. Specifically, future LLM-driven
agents could directly call I-Rex backend API server to examine in-
termediate query execution states accurately and efficiently, thereby
significantly improving their reliability.

7 RELATEDWORK

Earlier versions of I-Rex [47, 61] precomputed and stored all de-
bugging information in the client, which did not scale. The version
described in this paper has refined existing features and introduced
new ones, and most importantly, added scalability support, which
requires a redesign of the system and new optimization techniques.
Finding Logical Errors in Queries. Work toward finding logical
errors in queries can be classified into two categories. The first
category assumes knowledge of a correct reference query and uses
it to help identify errors in an incorrect query. XData [25] checks
the correctness of a query by running the query on self-generated
testing datasets. Cosette [27–29], SQLSolver [34], and QED [80] test
query equivalence using constraint solvers and theorem provers.
RATest [62] aims to construct small, illustrative database instances
that show the differences between two queries. [24] canonicalizes
queries with rewrite rules and decides query similarity using edit
distance between the resulting logical plans. SQLRepair [70] and
Qr-Hint [46] fix wrong queries by proposing syntactical edits. I-
Rex differs from this line of work as it assumes no reference query.
Dropping this assumption fundamentally changes the problem and
makes existing solutions inapplicable in more general settings.

The second category of work helps users examine a query with-
out a given reference query. Qex [79] generates input relations and
parameter values for unit-testing SQL queries. SQLLint [14–16]
looks for patterns in the query indicative of common semantic
errors and alerts users to them. C-instances [39] are abstract in-
stances aimed at illustrating different ways a query can be satisfied.
Interactive query builders and visualizers [1–5, 23, 43, 51, 57, 63]
use diagrams to gain intuitive understanding of query logic. Frame-
works for data exploration [5, 7, 33, 54] use signals such as query
history and user feedback to suggest queries, which may serve
as a debugging approach. A line of work known as algorithmic
debugging [19, 20] guides users through a series of questions on
whether intermediate query steps produce intended results. Also
useful to debugging is explaining what queries do in natural lan-
guage [17, 37, 50, 53, 75, 81]. None of the above supports debugging
by tracing execution, as I-Rex and most GPL debuggers do.

Two systems in this second category, DESQL [44] and Habi-
tat [32, 42], are the closest to I-Rex in approach. DESQL [44] is a
debugger for Spark SQL, which decomposes the query into sub-
queries and helps users examine subqueries’ output; it does not
support correlated subqueries. Conceptually, DESQL fundamen-
tally differs from our work because it adopts an operator-based

view of execution that is closer to optimized execution plans than
to the way queries are written. Technical approaches also differ
significantly: DESQL uses Spark for execution instead of traditional
database systems, and assumes that debugging commences only
after the instrumented query fully executes. Habitat [32, 42] allows
users to mark SQL subexpressions and inspect intermediate results
side by side. It also lets users filter these results to focus on a subset.
However, Habitat differs from I-Rex in important ways. First, on
scalability, I-Rex avoids computing full results of a query, while
Habitat executes a query in full and shows its results in bulk. Al-
though Habitat’s focus filters can restrict the query, they need to
be defined manually and explicitly; in contrast, I-Rex’s pinning
and automatic pagination are intuitive and demand less user effort,
and I-Rex has optimizations to improve query efficiency. Second,
I-Rex and Habitat have different conceptual designs: I-Rex defines
its canonical query execution to be row-oriented and reproducible
(including row ordering), while Habitat presents a set-oriented view
of SQL execution. Finally, Habitat is not yet publicly available.
Other Areas of Related Work. Several areas of research are
related to some of the ideas used by I-Rex. First, tracing and pinning
in I-Rex use information about data provenance [12, 18, 26, 41,
48], which explains why and how a particular row is or is not
produced by a query. Many previous works [6, 8, 9, 30, 31, 40, 49,
52, 55, 71] have focused on making provenance capture a built-in
feature in database systems. In particular, [64] proposes techniques
for capturing provenance by rewriting SQL queries, just as I-Rex
uses query rewriting to help support tracing and other debugging
operations. However, [64] captures full provenance information
for all query results. In contrast, for scalability and interactivity,
I-Rex computes provenance information on demand to avoid the
overhead of full computation and materialization.

Second, efficient pagination of query results has been studied in
query optimization literature. Recent advances have been made on
direct access to query answers [21, 22, 35, 78], but their techniques
require specialized indexes and apply only to conjunctive queries,
less general than what I-Rex supports. Work on data skipping and
predicate pushdown [65, 66, 76, 82] also requires significant changes
to database system internals, but I-Rex chooses to leverage exist-
ing database systems for efficient pagination. I-Rex’s design also
motivates unique optimizations, such as client-cached milestones.

8 CONCLUSION

We have presented I-Rex, a novel, interactive, scalable, and easy-to-
deploy SQL debugger that, given a database instance, enables users
to debug query semantics in a GPL style. I-Rex executes a query in
a canonical fashion that faithfully follows how the query is written,
and lets users examine the execution using a rich set of features,
similar to those found in GPL debuggers. I-Rex supports efficient ex-
ploration of arbitrary execution points by formulating the selective
computation of debugging information around the point of interest
as SQL queries and employing materialization and query rewrites
to ensure efficient execution. Our performance experiments and
user study demonstrate the efficiency and effectiveness of I-Rex.
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