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ABSTRACT
The quest for optimal join processing has reignited interest in the
Yannakakis algorithm, as researchers seek to realize its theoretical
ideal in practice via bitmap filters instead of expensive semijoins.
While this academic pursuit may seem distant from industrial prac-
tice, our investigation into production databases led to a startling
discovery: over the last decade, Microsoft SQL Server has built an
infrastructure for bitmap pre-filtering that subsumes the very spirit
of Yannakakis! This is not a story of academia leading industry;
but rather of industry practice, guided by pragmatic optimization,
outpacing academic endeavors. This paper dissects this discovery.
As a crucial contribution, we prove how SQL Server’s bitmap filters,
pull-based execution, and Cascades optimizer conspire to not only
consider, but often generate, instance-optimal plans, when it truly
minimizes the estimated cost! Moreover, its rich plan search space
reveals novel, largely overlooked pre-filtering opportunities on in-
termediate results, which approach strong semi-robust runtime for
arbitrary join graphs. Instead of a verdict, this paper is an invita-
tion: by exposing a system design that is long-hidden, we point our
community towards a challenging yet promising research terrain.

1 INTRODUCTION
In 1981, Yannakakis proposed a seminal join algorithm [39] (see
Sec. 2.1) that, in its essence, established for any acyclic join query,
a set of instance-optimal query plans, for which no asymptotically
faster alternatives can be hoped for. Despite this breakthrough, the
algorithm has been largely sidelined by database engines as it bears
an additional (costly) semijoin phase before any join execution.

A new renaissance has recently begun. When researchers [38]
came to the realization that, similar to Bloom joins [18, 45], bitmap
(or Bloom) filters can achieve near-equivalent, but much cheaper,
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pre-filtering as opposed to semijoins, the strong promise of Yan-
nakakis re-gained appeal. A surge of academic pursuits (see Sec. 2.2)
have since sought to retrofit its theoretical guarantees into modern
databases via bitmap filters, showing they can not only accelerate
joins, but also mitigate the negative impact of poor join orders [44].

Our mission was set to bridge the gap between recent academic
insights and production engines. To this purpose, we dived into SQL
Server, on which bitmap filters have been deployed since 2012. Our
investigation led to a surprising discovery: SQL Server, through
a decade of continual refinement, has already captured Yan-
nakakis as part of its design!More shockingly, SQL Server un-
veils in a cost-based framework novel pre-filtering opportunities
that were largely overlooked in the existing work.

Given the widespread adoption of Bloom filters and semijoins in
industrial engines [1, 2, 22], the “Yannakakis effect" may potentially
appear in other modern databases incorporating bitmap filters. This
paper, however, presents a first formal analysis of this phenomenon,
centered around its concrete implementation in SQL Server.

We show how SQL Server elegantly blends bitmap filters into a
pull-based execution (Sec. 3). Its hash join creates bitmaps along-
side hash tables and pushes them into the probe-side subplan to
drop mismatches early. In its pull-based execution, chaining such
hash joins naturally cascades bitmaps through multi-joins before
recursive next() calls for hash probing. We prove such execution
paradigm being instance-optimal, meaning that SQL Server im-
plicitly considers all Yannakakis-style plans for acyclic joins!

Since full instance-optimality is provably impossible for arbi-
trary join queries, we propose a generalized notion of performance
semi-robustness (Sec. 3.4), where runtime depends only on a small
number of critical intermediates, rather than on every intermediate
result. By considering bitmap filters to be built from and applied to
intermediate join results, a capability largely absent in prior pre-
filtering work, we show that SQL Server’s execution model can
achieve strong semi-robust guarantees even on cyclic joins.

While recent works often treat bitmap filters as a heuristic add-
on, SQL Server considers them directly in the costing frame-
work of its Cascades optimizer [13, 20] (Sec. 4). During planning,
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Figure 1: TPC-H Q3 in SQL (left) and its join graph (right). It is also
a join tree rooted at lineitem (shaded). The dotted arrows indicate
the bottom-up semijoin pass and the top-down pass is its reverse.

bitmap filter is a native cost dimension in the optimizer. After esti-
mating the build-side selectivity, it propagates a bitmap "context"
into the probe subtree and (re-)optimizes it in the new context
(accounting for cascading bitmap selectivities). To avoid blowups
of cost alternatives during query optimization, SQL Server uses a
number of heuristics to limit re-exploration.

On TPC-H benchmark, we showed that SQL Server’s cost-based
search frequently selects instance-optimal plans for execution (Sec. 5).
Its bitmap filter design achieves consistent speedups (up to 3.5×)
and near-optimal pre-filtering—approaching the Yannakakis ideal.
However, for the most demanding queries in production settings, in
which complex join patterns and misestimated selectivities abound,
bitmap placement/transferring can falter and erode performance.
This is where the new frontier for pre-filtering optimization unfolds,
opening compelling avenues for future research (Sec. 6).

2 BACKGROUND AND RELATEDWORK
We revisit the Yannakakis algorithm [39] and recent advancements
on pre-filtering techniques to make Yannakakis practical.

2.1 Yannakakis Algorithm
The Yannakakis algorithm introduces a semijoin phase [7, 39] prior
to join execution (i.e., the join phase). It assumes an acyclic (formally,
𝛼-acyclic [39]) join graph, which can be seen as a join tree [39].

Example 2.1. Consider TPC-H Q3, which joins tables customer,
orders, and lineitem. Each table has a local filter𝜎 (e.g., C_MKTSEGMENT
= "BUILDING"), and the join predicates are c_custkey = o_custkey
and o_orderkey = l_orderkey. The join graph itself is a join tree
(so it is acyclic, see Fig. 1). We use C, O, and L to denote the three
tables after being reduced by their respective local filters.

The semijoin phase consists of a bottom-up and a top-down passes.
The bottom-up pass traverses the join tree in post-order, filtering
the table (at each node) by semijoining it with its child tables until
reaching the root. The top-down pass reverses this process, starting
from the root and filtering each child table by its parent. For Q3’s

join tree, the two semijoin passes are (also shown in Fig. 1):

// bottom-up: O⊥ ← O ⋉custkey C, L⊥ ← L ⋉orderkey O
⊥

// top-down: O⊤ ← O⊥ ⋉orderkey L
⊥, C⊤ ← C ⋉custkey O

⊤

Now, Yannakakis moves to the join phase and answers the query
by hash joining the reduced tables along the join tree, in our case,
C⊤ ⊲⊳ O⊤ ⊲⊳ L⊥. The next two properties make the algorithm appeal-
ing: for acyclic queries, 1 the semijoins eliminate all rows from
base tables that do not occur in the final result in time𝑂 (𝑁 ) [7], 𝑁
being the input table sizes1, and in the join phase, 2 hash joins on
reduced tables take time𝑂 (𝑁 +OUT), whereOUT is the query out-
put size2. The algorithm is said to be instance optimal as 𝑁 +OUT
is the unavoidable cost of input scanning and emitting the output.

2.2 Making Pre-filtering Practical
Despite its strong guarantees, Yannakakis incurs significant semi-
join overhead that has impeded its adoption in modern database
engines. Recent work has proposed novel techniques for reducing
this cost while retaining similar theoretical appeal.
Predicate Transfer. Recent work [38] proposed Predicate Trans-
fer (PT), a technique that replaces the semijoins of Yannakakis by
Bloom filters [18, 32, 45], which can efficiently propagate across join
predicates. Beyond direct acceleration of execution, PT delivers ro-
bustness for acyclic queries, i.e., making optimizers less susceptible
to poor join orders [44]. The Bloom filter transferring schedule is
determined by heuristics, e.g., traversing from small to large tables.
Reducing the Number of Semijoins. Birler et al. [8] advocates
for a novel decomposition of hash joins into two operators: Lookup
and Expand. Each Lookup performs a semijoin while keeping iter-
ators that allow a later expansion into full joins. This decoupling
facilitates operator reordering, e.g., Lookup pushdown to early
prune base tables. Wang et al. [35] identify conditions under which
certain semijoins can be removed without compromising optimality,
thereby minimizing the number of required semijoin operations.
Pre-computed Data Structures. Another approach to curb semi-
join overhead is pre-computing compact data structures to pre-filter
at runtime: Kandula et al. [23] caches zone maps to skip scanning
non-joining rowgroups; Stoian et al. [33] pre-stores Bloom filters
to streamline the second pass of Yannakakis into a single scan.
Consider Pre-filtering inOptimizers.Recently, researchers from
industry [13, 40] started to explore how to make optimizers produce
efficient pre-filtering plans while reducing overheads for searching
in a much larger plan space. We defer those discussions to Section 4.

3 PRE-FILTERING IN QUERY EXECUTION
We show how SQL Server achieves the𝑁 +OUT instance optimality
via an elegant execution design. SQL Server uses both Bloom filters
and exact bit-vector filters (i.e., equivalent to semijoins), which we
will collectively term bitmap filters throughout this paper.

1A semijoin is considered as a linear-time operator, i.e.𝑂 (𝑁 ) .
2When the context is clear, we useOUT to denote the output relation or its cardinality.
In the join phase, the intermediate joins on the reduced tables only monotonically
increase in size (since every tuple joins) and will not grow beyond OUT.
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3.1 Batch Mode Hash Join
Batch mode is SQL Server’s vectorized execution model that or-
ganizes columnar data on disk into rowgroups (each holding ~900
rows, while at execution time, batch mode operators extract them
into in-memory data batches, as opposed to operating on one row
at a time, or row mode [25]3. It brings great performance gains by
exploiting cache locality and SIMD instructions, among others [9].

The (batch mode) hash join (or simply HJ) is the sole execution
primitive that unlocks the potential of SQL Server’s bitmap filters4.
In its iterator execution model, HJ.next()5 implements two se-
quential steps— 1 opens the build side, creates a hash table and
(optionally) bitmap filters, closes it, and then 2 opens the probe,
pushes down bitmaps into the probe subtree, and calls next() to
pull batches from the probe subtree to probe against the hash table
and emit matching rows. Consider TPC-H Q12 that has a single
join between lineitem and orders. We denote L, O as their reduced
tables after filters. We will ignore local filters throughout the paper
as they are assumed to be applied during table scans. Fig. 2 shows a
pseudocode for this HJ, L being the build side (since L < O in size).

1: for 𝑡1 in L.next():
2: construct_hash_table(𝑡1 )
3: // if HJ is selective (as pre-determined by the optimizer)
4: construct_bitmap(𝑡1 .l_orderkey) // config adaptively chosen
5: for 𝑡2 in O.next(): // scan operator of O probes bitmap, and
6: // possibly skips non-matching rowgroups
7: if hash_table.probe(𝑡2 ) :
8: emit(𝑡1 ⊲⊳ 𝑡2 )

Figure 2: SQL Server’s HJ when calling next() for TPC-H Q12

BitmapConstruction (Lines 3-4).The optimizer estimates join se-
lectivity (e.g. via histograms) and makes decisions on whether using
bitmaps is cost-effective (Line 3). However, the actual bitmap imple-
mentation—whether to use bloom filters or exact bit-vectors, and
how much memory to allocate for those—is postponed to runtime
(Line 4). This decision exploits statistics collected during hash table
construction (Line 2), including the cardinality and data distribution
of distinct l_orderkey values. SQL Server thus adaptively selects
the optimal bitmap configuration, trading off bitmap sizes against
false positive rates. For example, if the ranges of l_orderkey val-
ues are compact, SQL Server may opt for a bit-vector for zero false
positives. Beyond the bitmap itself, construct_bitmap maintains
min/max values of that column for rowgroup skipping (see below).
Bitmap Probing (Line 5). Once created, bitmaps are heuristically
pushed as deep as possible into the probe-side subplan to drop non-
matching rows at the earliest opportunity. When pushed down to
scan operators (as the case for o_orderkey, in Q12), the min/max
values accompanying the bitmap achieve rowgroup elimination: in
SQL Server, each rowgroup keeps min/max statistics of its underly-
ing data chunk. If the min/max ranges coming from the build side
does not overlap, the scan (including decoding) of that rowgroup is
completely bypassed. This optimization may yield substantial I/O
3https://learn.microsoft.com/en-us/sql/relational-databases/query-processing-
architecture-guide?view=sql-server-ver17
4More precisely, this is the batch mode parallel hash join operator in SQL Server. We
omit parallelism for clarity, though all discussions apply and parallelize naturally.
5In SQL Server’s vectorized execution, next() is really next_batch() that returns a
batch of tuples, but we will use next() for simplicity.

The root HJ between C and (O ⊲⊳ L) calls next()
1: for 𝑡1 in C.next():
2: construct_hash_table(𝑡1 )
3: construct_bitmap(𝑡1 .c_custkey) // bitmap pushdown into O ⊲⊳ L
4: for 𝑡2 in (O ⊲⊳ L).next(): // calls next() on the inner HJ
5: if hash_table.probe(𝑡2 ) :
6: emit(𝑡1 ⊲⊳ 𝑡2 )

The inner HJ between O and L calls next()
7: for 𝑡3 in O.next(): // scan of O probes bitmap(c_custkey)
8: construct_hash_table(𝑡3 ) // hash table creation on O⊥

9: construct_bitmap(𝑡3 .o_orderkey) // bitmap creation on O⊥

10: for 𝑡4 in L.next(): // scan of L probes bitmap(l_orderkey)
11: if hash_table.probe(𝑡4 ) : // 𝑡4 comes from L⊥

12: emit(𝑡3 ⊲⊳ 𝑡4 )

Figure 3: SQL Server’s pull-based HJ execution for TPC-H Q3

savings, depending on the physical data layout [23]. If the scanned
tuple passes the bitmap filter, it probes into the hash table (Line 7) to
pipeline outputs upstream (Line 8). In TPC-HQ12 at scale factor 100,
the bitmap filter (in this case, a Bloom filter is chosen) rejects 80%
out of the 15M orders rows, handing only 2.96M rows to the hash
join—approaching a perfect semijoin pre-filtering (which would
otherwise remain 2.92M orders rows under zero false positives).

3.2 Composing the Hash Joins
While each HJ (Fig. 2) implements nothing but extra bitmaps, the
magic lies in how multiple HJs compose in SQL Server’s pull-based
execution—the cascading pushdown of bitmaps implicitly realizes
the bottom-up pass of Yannakakis (or PT [38]), attaining instance
optimalitywith no additionalmachinery! To demonstrate, we revisit
TPC-H Q3 (Example 2.1) and the SQL Server’s chosen execution
plan (see Fig. 4). The plan involves two HJ operators and Fig. 3
traces the execution starting from the root HJ between C and (O ⊲⊳

L) calling next(). The execution unfolds as follows— 1 the root
HJ builds a hash table and then a bitmap filter for C on c_custkey
(Line 1-3) and the bitmap is pushed down through the join into
the scan of O; 2 then the probe side triggers next() on the inner
HJ of (O ⊲⊳ L) (Line 4). This inner HJ invokes the scan of O, but
crucially, each tuple of O is pre-filtered by the c_custkey bitmap
(Line 7). Only qualifying rows are inserted into the hash table and a
second bitmap filter for O on o_orderkey (Line 8-9); 3 as the final
pipeline, the table L is scanned and pre-filtered by the o_orderkey
bitmap. Surviving tuples are then piped back through both hash
table probes (O and C) to emit the final result (Line 12, then Line 6).

For the rest of this section, assume that the bitmaps have no false
positives, that is, they are exact semijoins. The reader may realize
that the first two stages of execution are just the bottom-up pass of
Yannakakis outlined in Sec. 2.1, but also constructing hash tables
on C and O⊥ = O ⋉ C along the way. In fact, since the pull-based
execution model invokes next() recursively from the root HJ, each
HJ opens the build side followed by the probe; it naturally traverses
the rooted join tree bottom-up, i.e., C->O->L for Q3 (see Fig. 1).

A major difference from the Yannakakis algorithm and PT, how-
ever, is in the last stage, where SQL Server directly starts a backward
probing pipeline of L⊥ = L ⋉ O⊥ into the already built hash tables
of O⊥ and then C instead of another top-down pre-filtering pass. As
such, SQL Server executes the query by a single scan over input (a

https://learn.microsoft.com/en-us/sql/relational-databases/query-processing-architecture-guide?view=sql-server-ver17
https://learn.microsoft.com/en-us/sql/relational-databases/query-processing-architecture-guide?view=sql-server-ver17
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Figure 4: SQL Server’s (partial) query plan for TPC-H Q3. Dotted arrows are the order of pull-based execution (cascading bitmap pushdowns
and join probing). Each operator is annotated below with actual execution rows, estimated rows, and their ratio as percentage (actual/estimated).

common rule of thumb to avoid regressions caused by materializa-
tion, or possibly disk spills), in contrast to the three back and forth
scans—despite possibly on smaller input—of Yannakakis and PT.

3.3 Instance-optimal Query Plan Execution
But by eliminating the top-down semijoin pass of Yannakakis, does
SQL Server compromise instance optimality? Surprisingly, no! This
follows as a corollary of Bagan et al.’s results [6] on output enumer-
ation. We show a dedicated proof on TPC-H Q3 for this insight.

Proof of Instance Optimality for Q3’s Execution. The bitmap
filters (assuming no false positives) and hash tables cost 𝑂 (𝑁 ) to
build, akin to Yannakakis’ bottom-up pass. We will bound the num-
ber of backward probes by 𝑂 (OUT). The insight is that when L⊥

probes O⊥, every probe is a hit (i.e., emits some join results). Be-
cause L⊥ = L ⋉ O⊥, every row in L⊥ has some matches in O⊥. As
for the subsequent (L⊥ ⊲⊳ O⊥) probing into C, since every row in
O⊥ has some matches in C and (L⊥ ⊲⊳ O⊥) can only contain fewer
distinct rows in O⊥, every probe into C must also be a hit. Hence,
all intermediate probes (and outputs) are bounded by𝑂 (OUT). □

Using batch mode hash join (HJ) as a fundamental physical build-
ing block, SQL Server’s plan space subsumes any Yannakakis-
style instance-optimal plan for acyclic join queries. As such,
we can even rewrite Yannakakis algorithm using only SQL Server’s
HJ operator (Fig. 2, denoted as ⊲⊳) in Algorithm 1. The algorithm
requires as input a post-order traversal of a join tree (i.e. leaves to
root). At each step, 1 a (leaf) table becomes the build side. Using
HJ, it constructs the hash table and bitmaps, pushing the latter into
the probe side; 2 the remaining hash tables and bitmaps are built
recursively. Once the recursion hits the root, it initiates the probing
pipeline, where every backward probemust emit join results, ensur-
ing that all intermediate work is bounded by the final output size.
Consider a star schema with a fact table F and dimension tables
D1, . . . , D𝑛 . Following a post-order of (D1, . . . , D𝑛, F) (F as the root),
Algorithm 1 iteratively sets each D𝑖 as the build side, sends each
D𝑖 ’s bitmap to F and finally, F⊥ (reduced by bitmaps) is probed into
each D𝑖 . Similar strategies are proposed in [18, 45] on star schemas.

Algorithm 1 Yannakakis alg. expressed by chaining SQL Server’s HJ
Input: input tables R1, . . . , R𝑛 in an acyclic schema, ordered by a post-
order traversal of a rooted join tree
Output: query results (R1 ⊲⊳ . . . ⊲⊳ R𝑛 )

1: if 𝑛 = 1 then return R1 ⊲ base case
2: take R1 as the build side to build hash table and bitmap filters;
3: let R𝑝 be the parent table of R1 in the rooted join tree;
4: let R⊥𝑝 be the reduced table R𝑝 pre-filtered by the bitmap filter on R1;
5: return R1 Z Yannakakis(R2, . . . , R⊥𝑝 , . . . , R𝑛 ) ⊲ recursion on probe

Proof of Instance Optimality for Algorithm 1. We present
a much simpler proof than Bagan et al. [6] for arbitrary acyclic joins.
Using the same arguments for Q3, we only need to bound the num-
ber of backward join probes by𝑂 (OUT), as constructing hash tables
and performing bottom-up semijoins cost 𝑂 (𝑁 ) (Line 2-4).

A key insight is that when joining (in a top-down order) between
a parent and a child table in the join tree (Line 5), every probe into
the child’s hash table is a hit because the parent table has already
been semijoined by that child in the bottom-up phase.

As such, starting from the root (reduced) table, the intermediate
join results can only grow monotonically along the join tree until
reaching the final output, bounding all intermediates by 𝑂 (OUT).

□

Robustness. An interesting by-product of Algorithm 1’s instance
optimality is robustness to join ordering, i.e. any top-down join
orders along the join tree have intermediate sizes at most 𝑂 (OUT).
In a star schema (as observed by [13]), the join order between F⊥

and D𝑖 ’s can be arbitrary without significant performance impacts.
This is a weaker robustness guarantee than Yannakakis and Zhao
et al. [44], which use multiple pre-filtering passes (hence repeated
scans and materialization overheads) to tolerate any join orders
along almost any join tree. However, as SQL Server’s bitmaps are
baked inside a specific query plan (i.e. a fixed join tree), this tree-
specific robustness suffices in production as a regress-free approach.
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Figure 5: The cyclic join graph of TPC-HQ5 (left) and the bushy plan
chosen by SQL Server (right), where the left-hand side of each hash
join (⊲⊳) is the build side. Each arrow annotates a bitmap pushdown
and labels show the attributes used to construct the bitmap.

3.4 Beyond Instance-optimal Pre-filtering
TPC-H queries involve mostly acyclic joins. Yet in practice, queries
may exhibit arbitrary join topologies and relational constructs, such
as nested subqueries. In many cases, instance optimality may no
longer be achievable. Fortunately, while Algorithm 1 is constrained
to right-deep plans (i.e. always a single base table at the build side),
SQL Server’s plan space encompasses a much broader class of query
plans. Critically, SQL Server considers bitmap filtering over bushy
planswhere the build side of a hash join (Line 5) can be intermediate
results of an arbitrary subplan rather than a single table R1.

A distinguishing feature of SQL Server, largely absent from ex-
isting pre-filtering implementations, is that bitmap filters can be
constructed from and applied to intermediate join results6.
This capability follows naturally from the batch mode hash join im-
plementation (recall Fig. 2): through cost-based decisions, the build
side can construct bitmap filters—even multi-column ones—from
its output before initiating probe-side execution.

Consider TPC-HQ5’s (cyclic) join graph in Fig. 5(left). Fig. 5(right)
shows the bushy plan chosen by SQL Server, where R, N, etc., denote
tables already reduced by local predicates, and N⊥, S⊥, etc., denote ta-
bles further reduced by pushed-down bitmaps. Let OUT1 (C⊥, O) be
the intermediate result of (C⊥ ⊲⊳ O). We define OUT2,OUT3,OUT4
similarly for the remaining subplans, and OUT for the final out-
put. The second hash join takes S as the build side and creates a
double-column bitmap on (nationkey, suppkey) to pre-filter the
probe-side output OUT3. Here, no pushdown is possible.7

The second-to-last hash join treats (C ⊲⊳ O) as the build side,
constructs a bitmap over the resulting orderkey values, and then

6Wang et al. [35] and EmptyHeaded [3] address cyclic joins by materializing carefully
chosen subjoins—typically guided by a hypertree decomposition [19]—such that the
remaining join becomes acyclic and amenable to Yannakakis. SQL Server’s pre-filtering
operates more flexibly: it applies bitmap filtering over arbitrary join queries, whenever
predicted to be cost-effective, rather than enforcing explicit cycle elimination.
7When estimated to be selective, SQL Server may, as a cost-based decision, build one
or more bitmap filters on a single join attribute (e.g., nationkey or suppkey, instead
of both) so that these bitmaps can be pushed down into scans for rowgroup skipping.

pushes this bitmap to the probe-side of L. This optimizer’s departure
from strictly right-deep bitmap cascading, as in Algorithm 1, has its
own advantages: bymaterializing (C ⊲⊳ O) first, SQL Server bases its
runtime bitmap decisions on the realized build-side output, thereby
strengthening pre-filtering on L. Indeed, the build side is usually
far selective than its underlying base tables (i.e. C and O), especially
in the presence of post-join filters (e.g., C.x < O.y), antijoins, or
aggregates (e.g. HAVING clause) that further reduce its cardinality.
Output-sensitive Analysis / Semi-robustness. For general join
queries such as cyclic joins, instance-optimal bounds are provably
unattainable [16, 17]. Consequently, much of the literature turn to
worst-case (optimal) guarantees like the AGM bound [5, 19] and its
refinements via tree decompositions [30, 31]8. In practice, however,
many analytic workloads expect outputs that are far smaller than
their worst-case envelopes, motivating recent theoretical progress
on output-sensitive join algroithms that extends the spirit of instance
optimality to arbitrary joins [4, 12, 21]. Given input tables of total
size 𝑁 , suppose a query plan produces intermediate results of sizes
OUT1,OUT2, . . . ,OUT𝑛 and eventually OUT (i.e. the final output).
A naïve runtime bound is 𝑂 (𝑁 +∑𝑛

𝑖=1 OUT𝑖 + OUT). An output-
sensitive plan instead avoids runtime dependence on every interme-
diate OUT𝑖 , but on a carefully chosen subset of them—ideally only
on OUT, as in the instance-optimal case (i.e. 𝑁 +OUT). This gen-
eralization introduces an appealing semi-robustness argument for
query optimization: performance becomes sensitive to only a few
critical intermediates, rather than to all, reducing the vulnerability
of cardinality estimation errors.

SQL Server’s bitmap filtering mechanisms (discussed in Sec. 3.3-
3.4) gives a pragmatic approach to semi-robust join execution for
arbitrary queries. Intuitively, a bushy plan decomposes a complex
multi-way join into smaller, often nested, acyclic components—some
directly over base tables, others over intermediate results—and ex-
ploit instance-optimal plans (like those in Sec. 3.3) to each compo-
nent. By composing these acyclic subplans, SQL Server achieves
semi-robustness for general join queries whose runtime depends
only on a small set of stitching boundary intermediates. We demon-
strate this through an analysis of TPC-H Q5 (Fig. 5).

Output-sensitive Analysis on TPC-H Q5. The top two joins
can be analyzed as a star schema of R, S joining into a "fact" table
OUT3, so their execution time is𝑂 (𝑁 +OUT3 +OUT), by the same
arguments in Sec. 3.3. The subplan OUT3 is a (nested) acyclic join
among N⊥, C, O, L; since this subplan deviates from Algorithm 1 and
materializes OUT1 first, this acyclic join executes in time 𝑂 (𝑁 +
OUT1+OUT3). The overall execution time is𝑂 (𝑁 +OUT1+OUT3+
OUT), semi-robust against the other two intermediates. □

4 PRE-FILTERING IN QUERY OPTIMIZATION
Although bitmap filters can offer substantial gains, most previous
efforts rely on heuristics to guide pre-filtering decisions [38, 44].
Integrating bitmap filters into optimizers is non-trivial, since they
dramatically enlarge the search space—a cross product of candi-
date plans and filter placements. Recent work have identified such
8For readers interested in worst-case analysis for cyclic joins: SQL Server’s bushy plans
and bitmap pre-filtering over intermediates can achieve an𝑂 (𝑁𝑤 + OUT) runtime
bound, where 𝑤 ⩾ 1 denotes the so-called integral edge cover [19, 24]. Worst-case
optimal join algorithms [3, 30, 31, 34] can further improve this theoretical bound.
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challenges in production. To mitigate this, Ding et al. [13] exploit
robustness across pre-filtering plans on snowflake schemas to skip
budgeting plans of similar costs (see Sec. 3.3 on robustness). Zeyl
et al. [40] introduced an additional phase of annotating bitmaps on
plans in a bottom-up optimizer to make filtering decisions. Both
put heavy emphasis on using heuristics to control optimizer over-
head. This section examines how SQL Server seamlessly integrates
bitmap filters into its Cascades optimizer [20] and some effective
heuristics it employs in production. The reader may refer to [10, 14]
for in-depth explanations of Cascades/Volcano query optimizers.

4.1 Bitmap Filters in Cascades Optimizer
SQL Server’s optimizer integrates bitmaps during logical-to-physical
transformations, when each logical join tranforms (via implementa-
tion rules [14]) into a hash join operator. By exploiting the top-down
nature of Cascades, the optimizer keeps a context ctx9 that contains
bitmap statistics (e.g., size and selectivity estimates) propagated
from ancestral parts of the plan when optimizing each logical (sub)-
expression. This recursive optimization (Fig. 6, modified from [10])
returns an estimated optimal physical plan for a logical subplan
rooted at a logical join; cap is the allocated budget that bounds
exploration for early pruning, while ctx carries forward the con-
text from previously optimized plan components, including bitmap
filter statistics that may affect the current subplan’s cost.

When exploring the implementation rule for hash join (Lines
6-20), we first optimize the build side of the join (Line 8, child_p0),
and if the join exhibits low selectivity, a new ctx’ is created (Line
16) that incorporates the estimated selectivity of the bitmap. This
new context ctx’ is propagated into the probe side optimizations
(Line 8, child_p1). The cost of a hash join plan p.cost is the sum
of the hash join (and bitmap) cost, the lowest build, and probe side
costs (Line 15). If this p.cost is below the current cap, we record
this plan as the current best winner_cur (Line 17) and lower cap for
early stopping in future candidate plan explorations (Line 18). At
any point, if the accumulated cost exceeds cap (Line 9) or if no valid
plan is found (Line 12), we abandon this hash join exploration. Al-
though it is one of multiple physical join implementations—among
sort-merge joins and others—the optimizer explores all alternatives
to identify a minimal cost plan. Upon identifying such a plan for
an expression, the optimizer caches the plan in a winner table for
reuse (Line 22) before returning it to its parent (Line 23).

We show how the optimizer works on Q3 (Fig. 1). Disregarding
bitmap filters, it joins (C ⊲⊳ O) first based on lower estimated car-
dinality. Taking them into account, the optimizer propagates C’s
bitmap context when costing the join (O ⊲⊳ L), i.e. now (O⊥ ⊲⊳ L),
where O⊥ is the reduced table, resulting in a smaller estimated join
size. In a recursive costing of (O⊥ ⊲⊳ L), the build side is a scan
over O⊥ and the optimizer considers another bitmap from O⊥ to L,
compounding the bitmap selectivities. Thus, the final probe side
cost is a scan over L⊥, a relation pre-filtered by the cascaded bitmap
contexts. Indeed, Fig. 4 shows much lower estimated row counts
(e.g. 3.3M for L) than that after only local filtering (e.g. 323M for L).

9SQL Server uses ctx for a range of top-down costing decisions such as LIMIT 𝑘 above
a (non-blocking) plan tree to convey that "only 𝑘 outputs are needed from below".

optimize(join, ctx, cap)
1: if memoized and winner[join, ctx].cost ⩽ cap:
2: return winner[join, ctx]
3: else: // try each physical join op and choose the minimal cost plan
4: winner_cur ← NULL
5: for each join implementation rule:

6: // rule join→ batch mode hash join

7: p.cost ← hash_join_cost; ctx’ ← ctx
8: for each input 𝑖 of join // build side, then probe side:
9: if p.cost ⩾ cap:
10: go back to 5 // out of bound
11: child_p𝑖 ← optimize(join.input𝑖, ctx’, cap - p.cost)
12: if child_p𝑖 is NULL:
13: go back to 5 // no solution
14: p.winner_p𝑖 ← child_p𝑖
15: p.cost← p.cost + child_p𝑖.cost
16: ctx’ ← add_ctx_if_selective(ctx’, child_p𝑖.stats)
17: // find valid plan, update state
18: if p.cost < cap:
19: winner_cur ← p
20: cap ← p.cost // for early stopping in future explorations
21: ... // omit other physical join operators
22: insert (winner_cur, ctx) into winner
23: return winner_cur

Figure 6: SQL Server’s (significantly simplified) Cascades optimizer
logic emphasizing the costing of hash join and bitmap filters.

4.2 Controlling Optimizer’s Overhead
We describe two effective heuristics that have been largely lacking
in previous literature that SQL Server employs to prune the opti-
mizer’s space when considering bitmap filters as costing contexts.
Selectivity Discretization. "Optimize in a context" prevents mem-
oization reuse—each new bitmap context requires re-optimizing
expressions from scratch. SQL Server reduces this overhead by
discretizing selectivity estimates into predefined thresholds, such
as 75%, 10%, 1%, 0.1% and etc., and when optimizing in a context
(say, 3% selectivity), it is truncated into the nearest threshold (e.g.,
1% in this case) as the optimizer’s context. This limits the context
alternatives while maintaining meaningful cost distinctions.
Early Stopping. The optimizer usually prioritizes bitmap-aware
hash join implementations (Line 6, Fig. 6), which are likely to yield
low-cost plans under effective pre-filtering. When a promising
physical plan is found, the optimizer tightens the cap to the cost of
this plan (Line 20), allowing aggressive pruning of less promising
alternatives in subsequent explorations.

5 EXPERIMENTS AND RESULTS
We show experimentally using TPC-H (SF100) the results discussed
so far. All experiments were run on a Microsoft Azure VM that has
an 8-core Intel Xeon Platinum 8370C processor (hyper-threading)
and 64 GB of RAM. The VM hosts SQL Server 2025, having bitmap
filters as default, runningmulti-threaded onWindows 10 Enterprise.
Runtime Analysis. Table 1 compares SQL Server performance of
bitmaps (i.e., the default build) versus no bitmaps on all 22 TPC-H
queries (median of 10 runs). Results show consistent speedups and 7
cases achieve over 2× speedups (marked blue). Plan analysis shows
that 12 (acyclic) queries execute using instance-optimal plans. For
cyclic joins (Q5), or join across nested subqueries (e.g., Q17), bushy
plans where bitmaps are created on intermediate build sides yield
substantial performance gains. In other acyclic cases such as Q8, Q9,
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Shape of Runtime Inst.- #rows SQL Srv. Yannak.
ID join graph speedup opt.? to join reads (%) reads (%)
1 No join — — — — —
2 Line 3.47× 81.1m 0.43% 0.21%
3 Line (C-O-L) 1.91× 399.4m 5.23% 1.25%
4 A semijoin 1.92× 385.1m 5.28% 5.14%
5▲ Cyclic join 2.33× — 638.8m 4.2% 1.21%
6 No join — — — — —
7▲ Line 3.00× 348.4m 4.15% 0.81%
8▲ Snowflake 2.86× 661.8m 1.92% 0.16%
9 Snowflake 1.47× 832.2m 8.23% 8.22%
10 Line (N-C-O-L) 1.23× 168.8m 12.51% 12.01%
11 Line 1.75× 81.1m 8.01% 8.01%
12 Single join 1.21× 153.2m 3.97% 3.95%
13 An outer join — — — — —
14 Single join 1.14× 27.5m 49.98% 49.98%
15 Single join 1.07× 23.7m 95.78% 95.78%
16 Antijoin & join 1.03× 83.0m 17.91% 17.91%
17 Correlate joins 2.55× — 51.5m 1.22% 1.21%
18▲ Line (C-O-L) 1.22× 1215.1m 49.39% 49.39%
19▲ Single join 1.82× 25.8m 0.43% 0.39%
20 Correlate joins 2.01× — 172.3m 0.2% 0.07%
21 Correlate joins 2.36× — 379.4m 21.43% 19.24%
22 An antijoin 1.27× 155.8m 17.41% 15.94%

Table 1: TPC-H (SF=100) results.✓ (×) mark instance-optimal plans
(not) chosen;— are inapplicable cases (e.g. cyclic or correlated joins); ▲

denotes optimizer slowdown. Last three columns show total numebr
of rows (in millions) for all input tables reduced by local filters, %
after pre-filtering of SQL Server, and % after Yannakakis / PT.

and Q18, SQL Server departs from strict instance-optimality, yet its
pre-filtering effects stay on par with Yannakakis. This is because the
optimizer omits creating futile bitmaps for joins estimated as non-
selective (e.g. pk/fk), while other impactful bitmap filters trigger a
reordering of the entire join sequence. Q1, Q6, and Q13 have either
no join or only outer joins, and do not benefit from bitmap filters.
Optimizer Overhead. The ▲ symbols in Table 1 reveal that bitmap
costing imposes certain query planning slowdowns. Only 5 queries
exhibit perceptible optimizer overheads, while others show compa-
rable or even faster plan search (all variations are within ±5%).
Pre-filtering Gains & Gaps. The last three columns of Table 1
show the percentage of rows remain after pre-filtering of SQL Server
and Yannakakis (or PT [38]). The baseline row counts (i.e. #rows to
join) are the total data volume passing local predicates and fed into
join execution. For the last column (i.e. Yannakakis reads), we hand-
picked a strong semijoin schedule (no false positives!): following
join trees for acyclic joins, and using multi-pass PT-style semijoin
propagation for others. In Example 2.1 (Q3), the two percentages
are C+O⊥+L⊥ and C⊤+O⊤+L⊥, divided by the baseline C+O+L. SQL
Server bitmaps attain dramatic reductions, some (Q2, Q19, and Q20)
rejecting over 99% non-joining rows and many (e.g. Q9, Q11, Q17)
show near-optimal pre-filtering. Gaps >1% (marked red) arise from:
(1) SQL Server (at most a single-pass of bitmap pre-filtering) usually
does not aggressively circulate bitmaps across the entire join graph
as Yannakakis’ (or PT’s) multi-pass semijoins; (2) the cumulative
impact of Bloom filter false positive rates—along with skipped, less
effective pre-filtering—further widens the gap.

6 CONCLUSION & FUTURE OUTLOOK
This paper unveils a surprising discovery: SQL Server has subsumed
Yannakakis in its design! We have proven so for acyclic joins and

Figure 7: Pre-filtering on four adversarially selected (long-running)
production queries; blue bars are total row counts. The latter two
bars show #rows after pre-filtering of SQL Server (scheduled by its
optimizer) and Yannakakis (hand-fixing an effective semijoin order).

semi-robust runtimes for cyclic ones. This is not only a theoretical
elegance; but a battle-tested approach that has proven effective
across the majority of real-world production workloads.

Inevitably, however, production contains cases of hyper-complex
queries that push the boundaries of any optimizer. Our telemetry
data shows that 7% of join queries involve beyond 8-way (up to
1,000-table!) joins, 15% include hybrid join types (outer, range, and
anti), and far fewer pk/fk conditions were strictly enforced. In
these cases, accumulating mis-estimation can make bitmap place-
ment fragile. Fig. 7 showcases four such adversarial queries where
neither SQL Server’s nor Yannakakis’ (or PT) bitmap choices are
ideal: in query #1, #2, and #4, SQL Server’s (rather conservative)
costing misses profitable pre-filtering opportunities that extensive
semijoin passes (à la Yannakakis) would have caught; whereas in
query #3 (and partly #4), the prevalence of non-selective joins turns
aggressive Yannakakis-style pre-filtering largely overhead for mar-
ginal gains. Collectively, these cases call for a new generation of
grounded, reliable, and versatile pre-filtering techniques.
Bitmap-aware Cardinality Estimation. Recent advances in car-
dinality estimation, from learned models (e.g. [36]) to pessimistic
approaches [11, 42], have markedly improved cost models and pre-
dictions [26, 27]. However, existing cardinality estimators often
ignore how bitmaps reshape intermediate result sizes. Accounting
for bitmap impacts into cardinality models is crucial for making
reliable, cost-based pre-filtering decisions.
Pre-filtering and Robustness Beyond Acyclicity. Pre-filtering
remains underexploited for non-acyclic joins, such as cyclic joins
(e.g. Fig. 7 #2-#4) and non-equijoins (e.g. band joins [28]). Cur-
rent systems lack first-principles counterparts to Yannakakis in
these regimes. One promising direction is to bridge the gap of pre-
filtering and worst-case optimal joins [30, 31], aiming for perfor-
mance (semi)-robustness (see Sec. 3.4) on any join graphs; another is
to explore new pre-filtering primitives for non-equijoins like range
queries [15, 41], where traditional bitmaps become inadequate.
Towards New Paradigms. The core promise of cost-based bitmap
filtering extends well beyond single-node relational databases. Dis-
tributed database engines, bearing high data shuffling costs [37];
graph analytics, often dominated by many-to-many joins (or even
recursive joins [43]); streaming platforms, subject to volatile work-
loads and evolving data; or GPU-accelerated analytics, constrained
by memory footprint and data transfer overheads [29], each can
benefit from tailored pre-filtering methods. Systematic exploration
in these domains may surface new optimization principles.
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