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ABSTRACT

Wide-table vectors, where each embedding is linked with numer-
ous structured attributes, are prevalent in applications such as au-
tonomous driving and multimodal data processing for large-model
training. Efficiently retrieving semantically similar vectors under
attribute filters is crucial for these tasks, a problem addressed by
Filtered Approximate Nearest Neighbor Search (FANNS). Recent ap-
proaches follow two paradigms: (1) building per-attribute dedicated
indexes that integrate attribute information, which incurs prohibi-
tive build time and storage in wide-table settings; or (2) building an
attribute-agnostic general index and applying predicates at query
time, which often degrades search efficiency. Consequently, nei-
ther paradigm adequately supports wide-table scenarios. We aim
to achieve good query performance with low upfront cost by in-
corporating information from many attributes into a single graph
index, avoiding prohibitive overhead. Our key observation is that
graph-traversal information from past queries can be reused to
optimize future queries with the same filter attribute. Based on
this insight, we devise Graph with Adaptive Shortcuts (GAS), a
framework that leverages historical query logs to build lightweight
auxiliary structures, enhancing search efficiency over a single base
graph with minimal overhead. Extensive experiments on real-world
datasets show that GAS consistently outperforms existing general
indexes in wide-table scenarios, achieving up to 42.1X speedup on
datasets with thousands of structured attributes.
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1 INTRODUCTION

Vector embeddings capturing semantic meaning of unstructured
data, are increasingly important in modern Al applications [32, 43].
In domains such as autonomous driving and multimodal data pro-
cessing for large-model training, an embedding may be linked to
numerous sensor signals or extracted features, forming a wide-table
with a large number of attributes [3, 19, 40]. Efficiently retrieving
semantically similar vectors subject to attribute constraints is cru-
cial in these tasks [18, 40], motivating research on the problem
known as Filtered Approximate Nearest Neighbor Search (FANNS)
from both academia [20, 23] and industry (including Microsoft [14],
Apple [34], and NVIDIA [47]).

Many approaches have been designed for the FANNS problem,
where most works are based on the graph due to its superior search
performance and widespread adoption in real-world systems [7, 44].
Depending on whether attribute information is integrated into the
graph index, existing approaches can be broadly categorized into
two paradigms: attribute-integrated dedicated indexes [6, 14, 22, 25,
45, 49, 53] and attribute-agnostic general indexes [33, 39].

Dedicated graph indexes integrate vectors with a specific at-
tribute to construct a tailored graph structure optimized for filtering
on that attribute. By explicitly incorporating attribute data during
index construction, these methods can prune irrelevant vectors
during search [22, 25, 49]. However, since the graph structure is
tightly coupled to a specific attribute, these approaches must build
a separate index per attribute, resulting in prohibitive construction
time and storage overhead in wide-table scenarios.

In contrast, general graph indexes are built purely on vector sim-
ilarity, decoupling the graph structure from attribute data [33, 39].
A single index can therefore support arbitrary attribute predicates
applied at query time, avoiding per-attribute reconstruction. How-
ever, because attributes are not encoded in the structure, search
may traverse many candidates that are later discarded by filtering,
making general indexes substantially less efficient than dedicated
methods [20], including in wide-table settings (see Sec. 5.2).

Consequently, neither paradigm adequately supports wide-table
scenarios: dedicated indexes incur prohibitive space overhead, while
general indexes often suffer substantial performance degradation.
Given this, we aim to achieve good query performance with the lim-
ited space cost, and a natural intuition is to incorporate information
from many attributes into a single graph index, without incurring
prohibitive construction overhead. In this sense, we devise Graph
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with Adaptive Shortcuts (GAS), a framework for efficient FANNS
over wide-table vectors that augments a single base graph with light-
weight shortcut overlays. We reuse graph-traversal information
from past queries to construct these shortcuts and attach them to
the same graph. This design allows search performance to improve
over time with minimal additional overhead and no large upfront
build cost, even with numerous attributes. We introduce two types
of shortcuts: attribute-aware shortcuts that connect nodes sharing
the same predicate to increase valid visits, and structure-aware
shortcuts that bypass detours to shorten traversal paths, yielding
robust speedups regardless of which attribute is filtered. To exploit
these shortcuts effectively, we further design traversal and pruning
strategies that prioritize shortcut expansions toward nearby valid
nodes and avoid exploring nodes unlikely to satisfy the filter.

ExAMPLE 1. Fig. 1 illustrates a real-world wide-table example of
targeted driving-scene retrieval in autonomous driving, where data are
sampled from the COMMA driving dataset [37] (see Sec. 5.1 for details).
Each driving segment is represented with a semantic embedding of
its visual content, together with numerous structured signals such as
speed, gear, and brake/accelerator pedal measurements from the CAN
bus and other onboard sensors. As illustrated in Fig. 1a, retrieving
scenes of “braking before a crosswalk” requires matching the crosswalk
context in vector space while filtering on the brake signal to ensure
the vehicle is braking.

Dedicated indexes such as UNIFY [22] can answer this query quickly
by using a pre-built index tailored to the brake signal to prune vectors
that do not satisfy the brake predicate. However, they incur substantial
upfront build time and space overhead before serving such queries,
because they must build and store a separate index for speed, gear,
and many other attributes, as shown in Fig. 1b. General indexes such
as NaviX [39] build a single index over all vectors in the wide table to
serve this query. However, because the index does not encode brake
predicates, the search may traverse many nodes that match the cross-
walk scene but do not satisfy braking, as shown in Fig. 1c, wasting
computation and degrading performance.

As for our solution, GAS also builds on a single graph index, but ac-
celerates this query by leveraging shortcuts learned from past queries,
as shown in Fig. 1d. These shortcuts guide traversal toward nodes that
satisfy the brake predicate and reduce unnecessary detours, jointly
improving search performance.

Our major contributions are as follows:

o We study FANNS over wide-table vectors and propose Graph
with Adaptive Shortcuts (GAS), tailored to this setting. GAS
is a lightweight framework that leverages query logs to aug-
ment a single graph index, improving search efficiency with
minimal construction and storage overhead. (Sec. 2)

o We identify the key limitations of single-graph FANNS
and leverage graph-traversal information from historical
queries to construct two types of shortcuts that address
these limitations. (Sec. 3)

o We design specialized search strategies for GAS that ex-
ploit the constructed shortcuts to efficiently support both
single-filter and multi-filter queries. We further provide the-
oretical analysis showing that GAS reduces overall search
complexity. (Sec. 4)
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Figure 1: Example wide-table scenario from the real-world
driving dataset COMMA [37]. (a) shows a FANNS query for
targeted scene retrieval. (b)-(d) illustrate the index structures
and corresponding schematic search processes of different
methods for this query.

o We evaluate GAS on seven real-world vector datasets with
up to 2,381 structured attributes. The results show that GAS
consistently outperforms general indexes, achieving up to
42.1x speedup in the wide-table setting. It also achieves per-
formance comparable to dedicated indexes with far lower
space overhead, reaching 92.4% of dedicated QPS using only
9.3% of the space in the multi-attribute setting. (Sec. 5)

2 BACKGROUND

In this section, we first review the graph-based index preliminaries
needed for our method and define the problem of FANNS over
wide-table vectors, then provide an overview of GAS.

2.1 Preliminaries and Problem Statement

As introduced in Sec. 1, FANNS retrieves vectors that are close to a
query in embedding space while satisfying an attribute constraint,
and graph-based vector indexes are the preferred approach for
FANNS due to their strong performance [20].

Specifically, a graph can be defined as G = (V,E), where V
represents the set of nodes, each corresponding to a vector in the
dataset, and E denotes the set of edges connecting each node to its
neighbors under certain neighborhood conditions. The neighbors
of a node u are denoted by G[u]. Then the search algorithm is
typically designed on top of the graph index [2, 4, 22, 33, 49, 53].

We study the FANNS problem over graph-based indexes in the
wide-table setting, where each vector is associated with a large num-
ber of attributes. Formally, we consider a dataset D = {v1,...,0N}
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Figure 2: Overview of our GAS framework.

of wide-table vectors: each v; is a high-dimensional vector associ-
ated with w structured attributes {aj, ..., @}, where w can reach
hundreds or even thousands in practice. For example, in Fig. 1, each
driving segment is represented by an embedding vector produced
by a deep learning model and is attached with numerous structured
attributes collected from various onboard sensors. A query speci-
fies a query vector and a filter predicate on a designated attribute
among the w attributes; only vectors satisfying the predicate are
eligible. Given the query vector and the filter, FANNS over wide-
table vectors returns the nearest vectors within this eligible subset.
We now define the problem and our design goals.

DEFINITION 1 (FILTERED APPROXIMATE NEAREST NEIGHBOR
SEARCH OVER WIDE-TABLE VECTORS (FANNSWYV)). Let D denote a
dataset of wide-table vectors, where each vector is associated with w
structured attributes (with w potentially very large). A query consists
of a query vector q, an integer k, and a filter predicate f on a desig-
nated attribute, aiming to retrieve k vectors that are both valid under
the filter and closest to the query vector.

Formally, let Dy = {v € D | f(v) = True} denote the subset of
vectors in D that satisfy the filter f. The FANNSWYV returns a set
R € D¢ with |R| = k that minimizes the total distance to the query
Yoer dis(v, q), where dis(-) denotes the Euclidean distance.

Design goals. Given the potentially large number of attributes w,
building attribute-specific (dedicated) indexes becomes impracti-
cal, since the construction time and space overhead can scale with
w, leading to prohibitive upfront cost in the FANNSWYV problem.
Therefore, we target a solution that incorporates attribute informa-
tion into a single graph index, with the following two goals:

e Low construction overhead under large w: keep build
time and space overhead low even when w is large.
e High query efficiency at a target accuracy: maximize

QPS (queries per second) subject to a target recall @,
where R* is the ground-truth result set.

Table 1: Summary of major notations.

Notations  Description

D dataset of wide-table vectors

N total vector number in D

w structured attribute number for wide-table vector
q query vector

k number of results to return

K’ parameter controlling the search scope

f filter predicate

G graph index

m max degree of graph index

SCq4, SCs  the set of attribute/structure-aware shortcuts

mg, Ms per-node limit for attribute/structure-aware shortcuts
L query log

L.results  the valid results in query log

L.pre(v)  the predecessor of node v in query log

L.disq(v) data vector ¢’s distance to query g

In this paper, we focus on two widely used attribute types:
numerical [22, 49, 53] and categorical [6, 14, 25]. A numerical
filter predicates on a numerical attribute, where v; satisfies the
filter [min, max] if its attribute v;.ax falls within the range, i.e.,
min < v;.ay < max. A categorical filter predicates on a categorical
attribute, where v; satisfies the filter if its attribute v;.a, belongs to
the valid category set Sylid, i-€., vi.ax € Syalid- We further elaborate
on these two types of filters in Example 2.

ExAMPLE 2. Following Example 1, consider driving-scene retrieval
over the segment dataset in Fig. 1. Suppose the three segments in the
figure are the nearest candidates under vector similarity. Applying
a numerical filter for low speed (e.g., Speed < 5) retains {vz,v3},
while applying a categorical filter for non-parking gears (e.g., Gear €
{Drive, Reverse}) retains {v1,v3}.

Throughout the paper, we refer to vectors that satisfy the query
filter as valid, and those that do not as invalid. In addition, we
define a filter’s selectivity as the proportion of vectors in the dataset
that satisfy the filter, following the prior work [43, 46]. Table 1
summarizes the major notations used in this paper.

2.2 Overview of GAS

We now present a workflow overview of our GAS framework (in
Fig. 2) before diving into its details. Given a wide-table dataset and
a query workload, GAS improves query performance over time as
more queries are processed.

Step 1: Build the base graph. GAS first builds a single base graph
to serve early queries, enabling fast startup in the wide-table sce-
nario. The base graph is augmented with lightweight auxiliary
shortcut structures, introduced in the subsequent steps.

Step 2: Record query logs for queries. While serving queries,
GAS records traversal traces in query logs. These traces expose
search inefficiencies and provide opportunities to address them. We
detail this step in Sec. 3.1.

Step 3: Construct shortcuts from query logs. GAS processes
the query logs in background to incrementally construct two types
of shortcuts that address the bottlenecks identified in Sec. 3.1:
Attribute-aware shortcuts increase the valid-visit ratio by linking
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Figure 3: Bottleneck analysis of FANNS on a single graph
index. (a) illustrates the convergence and divergence stages
in the search process. (b)-(c) report the total distance com-
putations in each stage on WIT [41] and SIFT [17] datasets
under different selectivity levels, with k = 10.

nodes that satisfy the same filter predicate, enabling search to by-
pass nodes that do not meet the filter condition (Sec. 3.2). Structure-
aware shortcuts mitigate traversal detours by repairing inefficient
traversal segments in query logs, allowing future searches to bypass
detours and reduce redundant explorations (Sec. 3.3).

Step 4: Update shortcut structures. All constructed shortcuts
are attached to the base graph and stored in auxiliary structures.
To control space overhead, we selectively retain shortcuts with the
highest potential utility. We detail this step in Sec. 3.4.

Step 5: Search with shortcuts. Building on the shortcut overlays
from the previous step, the GAS search algorithm exploits these
shortcuts to improve performance by prioritizing promising candi-
dates and pruning unlikely ones (Sec. 4.1). The search procedure
can be extended to support multi-filter queries, which impose filters
over more than one attribute (Sec. 4.2).

Step 6: Improve performance with more queries. As more
queries are processed, new traversal logs are fed back into Step 3
to refine the shortcut overlays, enabling GAS to improve search
performance over time without rebuilding the base graph.

3 CONSTRUCTION OF GAS

This section describes the construction of GAS. We first analyze
the bottlenecks of FANNS on a single graph, which motivates our
shortcut design, then present attribute-aware and structure-aware
shortcuts, and finally describe how we maintain them over time.

3.1 From Bottlenecks to Shortcut Design

To guide shortcut design, we analyze bottlenecks of FANNS on a sin-
gle graph by quantifying the cost breakdown of vanilla HNSW [1]
on WIT [41] and SIFT [17] datasets, measuring the number of dis-
tance computations required to reach a fixed recall (see Sec. 5.1).
As illustrated in Fig. 3a, the search can be divided into two stages:
(1) Convergence, which converges from an entry point toward

Algorithm 1: Construct Attribute-aware Shortcuts

Input: graph index G, query log L

Output: set of attribute-aware shortcuts SC,
1 SC, — {};
2 foreach u € L.results do
3 | prev«— L.pre(u);

4 | while prewv is not the entry point of G do

5 if prev € L.results then

6 Add shortcut (u, prev) to SCyq ; Path-based Shortcuts
7 break;

8 prev « L.pre(prev);

9 foreach u € L.results do
10 | NN, « the p nearest neighbors of u within L.results;
11 foreach v € NN, do

12 LAdd shortcut (u, v) to SCq4 ;

13 return SCg;

Vicinity-based Shortcuts

the query by repeatedly moving to closer nodes until reaching
the closest visited node, called the convergence point; and (2) Di-
vergence, which diverges from the convergence point to explore
nearby regions and collect valid results.

As shown in Fig. 3b-3c, divergence dominates the search cost,
accounting for over 90% of all distance computations, with its dom-
inance becoming more pronounced as selectivity decreases. Build-
ing on this breakdown, we further analyze the divergence stage and
identify two key limitations: (1) the search visits a low fraction of
valid nodes, which forces repeated scope expansion and incurs sub-
stantial redundant distance computations; (2) traversal frequently
falls into detours near the query, failing to reach valid nearest neigh-
bors through local expansions and only discovering them after the
search scope has grown and the traversal reaches a distant node.

Our Insights. During a FANNS query on a single graph, the search
procedure yields valuable graph-traversal traces that not only reveal
these limitations but also provide opportunities to address them:

o Query Results: Since those results are the nearest neighbors
that satisfy the filter, they tend to be close in embedding
space and have similar attribute values. We can leverage
these results to add shortcut edges that connect such nodes,
guiding traversal toward nodes more likely to satisfy the
filter and mitigating the low valid-visit ratio.

o Path to Query Result: The traversal path to each returned
vector can expose detours by examining the already com-
puted distances of intermediate nodes to the query. These
traces can also be used to add direct shortcut connections
that bypass these detours.

We store each query’s traversal trace in a query log L, including the
result set L.results, the predecessor L.pre(u) of each visited node
u for reconstructing full traversal paths, and its distance L.disq(u)
to the query; these records are later used for shortcut construction.

3.2 Attribute-aware Shortcuts

Rationale. A FANNS query aims to find nearest neighbors that
satisfy the query filter. Consequently, the results recorded in the
query log tend to be similar in both vector space and attribute



T Query Point O Valid Point |
i O Convergence Point O Invalid Point |

! Path-based |}
i Shortcuts

! Detours through
1 distant nodes

N

* I

(b) Constructing structure-aware shortcuts.
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space. We leverage this observation by introducing attribute-aware
shortcuts that create direct connections among these related nodes.
For subsequent queries with similar filters, these shortcuts enable
efficient transitions between valid nodes, bypassing standard graph
traversal over numerous invalid nodes.

We now describe how attribute-aware shortcuts are constructed
from the query log. For each query, GAS leverages the recorded
search paths and the result set to identify pairs of valid nodes
that are closely related in the traversal trace, and adds shortcuts
between them. These shortcuts provide more direct routes among
valid nodes, reducing wasted expansions on invalid nodes.

Path-based Attribute-aware Shortcuts. We construct path-based
shortcuts from the traversal paths recorded in the log. For each
valid result node u, we reconstruct its traversal path using the
logged predecessor information. We then scan backward from u
and add a shortcut between u and the nearest preceding valid node
on this path (Lines 5-7 in Algorithm 1). This shortcut allows future
searches to skip invalid intermediate nodes on the same route. The
scan stops after adding a shortcut or reaching the path start.

Vicinity-based Attribute-aware Shortcuts. Path-based short-
cuts can be sparse and may provide limited benefit when different
queries share little overlap in their traversal paths. To complement
them, we also add shortcuts within the final valid result set recorded
in the log. Intuitively, these returned nodes often form a valid neigh-
borhood around the query, and linking them creates direct routes
among nearby valid nodes once any one of them is reached. As
shown in Lines 9-12 of Algorithm 1, each node in the result set
is connected to y nearest neighbors within the same set, where y
controls the number of vicinity-based shortcuts per node.

EXAMPLE 3. Fig. 4a illustrates how GAS adds attribute-aware short-
cuts. We first reconstruct the traversal path to each valid result using
the logged predecessors and connect the result to the nearest preceding
valid node on its path. For example, node 6 is reached from entry node
1, and we add a shortcut from 6 to node 4. We apply the same rule
to other valid results. We then add vicinity-based shortcuts within
the final result set by connecting each valid result to its u nearest
neighbors in that set. When p = 1, node 9 is the nearest neighbor of
nodes 4 and 10, so we add shortcuts from both to node 9.

Algorithm 2: Create Structure-aware Shortcuts

Input: graph index G, query log L

Output: set of structure-aware shortcuts SCs
1 SCs — {};
2 foreach u € L.results do
3 | path « reconstruct path to u by tracing L.pre(-);
Ustqrt < the point closest to g in path;
foreach cur in path do

if L.disq(cur) > L.disq(u) then

cand « points from vs;q,; to cur in path, excluding cur;

nbrs « select y neighbors for u from cand;

O N U e

foreach v € nbrs do
10 LAdd shortcut (v, u) to SCs;

11 break;

12 return SCs;

3.3 Structure-aware Shortcuts

Rationale. Traversal may take detours in the divergence stage,
where the search visits nodes farther from the query before reaching
closer neighbors. These detours indicate routing inefficiency in
the base graph and can be observed from historical query logs
through traversal paths and the distances of visited nodes to the
query. Motivated by this, we introduce structure-aware shortcuts,
which add direct edges to bypass detour segments observed in past
traversals and reduce redundant expansions in the divergence stage.

Adding Structure-aware Shortcuts. We add structure-aware
shortcuts by detecting detours in historical traversal paths. As
shown in Algorithm 2, the algorithm reconstructs and checks the
divergence stage path of each valid result (Lines 3-5). If all interme-
diate nodes on this path are closer to the query than u, no shortcut
is needed. Otherwise, when a node farther from the query than
u is found, the nodes preceding this detour are collected as can-
didates, and y of them are selected to form shortcuts to u (Lines
6-11), where y is a parameter controlling the number of structure-
aware shortcuts added per valid node. We adopt the RNG-based
neighbor-selection strategy [7, 44] to choose candidates and form
these shortcuts.

ExXAMPLE 4. Fig. 4b illustrates the process of adding structure-
aware shortcuts. In the search path from convergence point 1 to valid
node 6, the query log shows that nodes 4 and 5 are farther from the
query than node 6, indicating a detour. Nodes before this detour that
are closer to the query (nodes 1-3) are collected as candidates, from
which the algorithm selects and adds a shortcut, for instance from
node 2 to 6, to bypass the inefficient segment.

3.4 Maintenance of Shortcuts

We now describe how GAS maintains shortcuts by selectively re-
taining those with the highest potential utility, while bounding
the total number of shortcuts to control space overhead. Specifi-
cally, each node stores at most m, attribute-aware shortcuts for
each attribute and at most m; structure-aware shortcuts in total. In
the following, we detail the maintenance procedures for attribute-
aware and structure-aware shortcuts, respectively, and analyze the
space complexity of GAS.



Attribute-aware Shortcuts. To prioritize shortcuts that are most
useful during search, we rank candidate shortcuts by their probabil-
ity of leading from a reached valid node to another valid node during
the query processing. Specifically, for any u € V and v € SC,4[u],
we define this probability as

Pu—so = Pr(f(v) = True | f(u) = True), (1)

which represents the likelihood that v is also valid, conditioned on
having reached a valid node u during search.

Although py—,, cannot be computed exactly, we can estimate a
confidence interval for it from historical query logs. Specifically,
suppose there are n,_,, historical queries in which the search
reaches a valid node u and subsequently visits node v. Let p,,_,,
denote the empirical probability that v is also valid under these
queries. Using Hoeffding’s inequality, we associate the shortcut
with a confidence interval for p;,—,,:

. /1 d) . /1 1
Pu—v € [pu—w - ;fjiv)> Pyu—sot %] (2)

Here, the parameter § controls the aggressiveness of shortcut re-
placement: larger values of § lead to more aggressive replacement
of existing shortcuts with newly observed candidates.

Using the confidence interval for p,_,,, we maintain at most
mg attribute-aware shortcuts for each node u under each attribute.
If |SCq(u]| < mg, a newly observed shortcut is inserted directly.
Otherwise, for a candidate shortcut v, we compare its lower-bound
with the smallest upper-bound among the existing shortcuts of u;
if the former is larger, we replace that shortcut with v, and other-
wise discard v. This confidence-bound-based rule balances bounded
space and shortcut utility: less frequently observed but promising
shortcuts can still be preserved through wider confidence intervals,
while frequently observed shortcuts are evaluated using confidence-
adjusted estimates rather than raw frequency alone. We analyze
this update strategy in Sec. 4.3 and show that it leads to better
search complexity as more queries are processed over time.

Structure-aware Shortcuts. GAS maintains structure-aware short-
cuts in a single auxiliary structure shared by all queries, with at

most m; shortcuts per node. Unlike attribute-aware shortcuts, these

shortcuts are not tied to specific attributes or filters, so they can

also benefit other attributes with few or no prior queries. When

the count limit for a node u is reached, the shortcut farthest from u

is discarded, ensuring that the remaining shortcuts are those most

effective at repairing detours in the graph. After the shortcuts are

incorporated, the corresponding query logs are discarded to avoid

additional storage overhead.

Space Complexity. Under these shortcut count limits, each node
in GAS stores three types of edges: m base-graph edges, up to m,
attribute-aware shortcuts for each attribute, and up to ms structure-
aware shortcuts. Therefore, each node stores at most m+wmg + mg
edges in total, where w is the attribute number. For a dataset with
N vectors, the overall space complexity is O(mN +wmgN + msN).

4 SEARCH WITH GAS

This section presents the GAS search algorithm using the shortcut
overlays from Sec. 3, followed by its theoretical analysis.

Algorithm 3: GAS Search Algorithm

Input: graph index G, query g, result size k, filter f, search scope
parameter k', attribute/structure-aware shortcuts SCq, SCs
Output: a set of k nearest neighbors of g satisfying f
1 Initialize pool, ann, pools. with entry point of G;

2 while pool is not empty do

3 | u « pop closest point to q in pool;

4 | v « furthest point from q in ann;

5 | if dis(q,u) > dis(q,v) and |ann| = k’ then break;

Visiting Original Edges (Low Priority)

6 | 0" « k-th closest point to g in ann;

7 | if dis(q,u) < dis(q,v") oru has valid neighbor then

8 foreach unvisited point o € G[u] U SCs[u] do

9 Mark o as visited and add to pool;
10 if |ann| < k" or dis(q,0) < dis(q, v) then

11 Lif o satisfies f then Add o into ann and poolsc;

Visiting Attribute-aware Shortcuts (High Priority)

12 | while pools, is not empty do

13 s « pop closest point to g in poolsc;

14 foreach unvisited valid point o € SCq4[s] do

15 Mark o as visited and add to pool;

16 if |ann| < k" or dis(q,0) < dis(q, v) then

17 Add o into ann;

18 Lif dis(q,0) < dis(q,s) then Add o into pools.;

19 | Trim ann’s size to k’ by removing furthest points;

20 return k points closest to q in ann;

4.1 GAS Search Algorithm

We now present the GAS search algorithm, which integrates the pro-
posed shortcuts into the search process to improve the divergence
stage. For attribute-aware shortcuts, we design a dual-queue traver-
sal strategy that separately traverses shortcut edges and base-graph
edges while coordinating both to prioritize promising candidates.
Structure-aware shortcuts are used as regular graph edges to im-
prove routing. Moreover, we introduce a candidate pruning strategy
to filter out less promising candidates in divergence and further
reduce unnecessary visits to distant or invalid nodes.

Dual-queue Traversal Strategy. Attribute-aware shortcuts can
improve efficiency by directly diverging to nearby valid nodes,
thereby accelerating divergence. However, shortcuts that are effec-
tive for previous queries may not benefit the current one, so blindly
prioritizing them can lead to unnecessary visits to distant valid
nodes and increased computation. To address this, we introduce a
dual-queue traversal strategy that prioritizes shortcuts leading to
nearby valid nodes. Specifically, we maintain two queues: the origi-
nal candidate queue and a high-priority shortcut queue. Shortcuts
targeting closer valid nodes are pushed to the shortcut queue and
explored first, while the rest are deferred to the candidate queue.
As shown in Algorithm 3, at each iteration, the main search pops
a node from the candidate queue and first explores its standard
graph neighbors (Lines 3-11). When a valid neighbor is found, it
is added to both the result set and the shortcut queue (Line 11) for
later shortcut exploration. The result set maintains the k’ closest
nodes found so far (Line 19), where k’ > k extends the search



scope for better accuracy. The algorithm then pops nodes from the
shortcut queue and explores their valid shortcut neighbors (Lines
12-18). If a shortcut leads to a closer valid node, it is inserted into
the shortcut queue (Line 18), forming a traversal chain that quickly
reaches better results, while shortcuts to farther nodes are deferred
to the main queue for later exploration. By alternating between
the two queues, the algorithm quickly reaches nearby valid nodes
while avoiding unnecessary visits to invalid ones.

Accelerating Search with Candidate Pruning. Although the
dual-queue strategy quickly discovers valid nearest points, it may
still explore invalid points in divergence that are closer to the query
than the current valid results, causing redundant distance compu-
tations. To reduce this overhead, we design a candidate pruning
strategy that skips invalid points unlikely to lead to better results.

Unlike the original filtered search algorithm on graph index,
which uniformly explores all candidates within the expanded scope
k’, our pruning algorithm focuses on a smaller core region defined
by the top-k results within k’. We perform equal exploration only
within this core region and selectively explore nodes outside it only
when they have valid neighbors that may lead to better results.
Specifically, if a node lies outside the core region and none of its
neighbors are valid, we skip exploring its neighbors (Lines 6-7 of Al-
gorithm 3). This selective pruning can effectively reduce redundant
computations while maintaining high accuracy.

4.2 GAS for Multi-Filter Queries

Beyond single-filter queries, GAS also supports queries with filters
on more than one attribute. We describe how GAS handles con-
junctive and disjunctive queries, which retrieve the nearest vectors
satisfying all or at least one of the attribute filters, respectively.

For conjunctive queries, GAS selects the constrained attribute
with the most developed shortcut structure to guide traversal using
its attribute-aware shortcuts, while enforcing all filter conditions
and retaining only nodes that satisfy every constraint. For dis-
junctive queries, GAS leverages attribute-aware shortcuts from all
filtered attributes to guide traversal, and treats any node satisfying
at least one filter predicate as eligible for the result set. In addition,
query logs generated from conjunctive and disjunctive queries can
be used to augment the future search. Specifically, each such query
is decomposed into per-attribute traversal logs, which are then used
for shortcut construction following the procedure in Sec. 3.

4.3 Theoretical Analysis

This section analyzes the search complexity of FANNS over graph
indexes and shows that GAS reduces this complexity.

Search Complexity of FANNS on Graph Index. As discussed in
Sec. 3.1, the performance bottleneck of FANNS lies in the divergence
stage. Hence, prior analyses focusing only on the convergence path
length [44] are insufficient to characterize FANNS’s complexity.
This part extends the analysis to account for the divergence stage.
We assume an HNSW base graph [28], and that valid results collec-
tion begins after the convergence stage completes.

LEmMMA 1. Consider a graph index G with average degree m and the
average valid-visit ratio during the search is p. The expected number of
visited nodes required to return k valid neighbors is O(mlog N+k/p).

Proor. Consider the two stages defined in Sec. 3.1 separately.
In convergence stage, the expected search path length for HNSW is
O(log N) [28], and searching each node involves visiting m neigh-
bors, leading to O(mlog N) time in convergence stage. Divergence
stage aims at collecting k valid results. Given the average valid-visit
ratio p, the expected number of visited nodes is k/p. Summing both
stages yields O(mlog N + k/p). O

Lemma 1 shows that the query complexity of FANNS on a graph
index increases notably as the valid visit ratio p decreases, aligning
with the findings from our quantitative analysis in Sec. 3.1.

Analysis of Searching on GAS. We now analyze the valid-visit
ratio on GAS, which impacts the expected number of nodes vis-
ited in the divergence stage. For analysis, we assume single-filter
queries are drawn from a fixed workload distribution, reflecting
scenarios where the underlying query distribution remains rela-
tively consistent over time [15, 21, 30, 31]. Theorem 1 shows that,
under the shortcut maintenance strategy in Sec. 3.4, the probability
of reaching a valid node via an attribute-aware shortcut increases
as more queries are processed.

THEOREM 1. For any nodeu in the graph, the probability of visiting
a valid point through its attribute-aware shortcuts (i.e., py—y for
v € SCq|u)) improves after each update of the shortcut list using the
maintenance strategy in Sec. 3.4, with probability at least 1 — J.

Proor. Consider a fixed query workload, and there are ny,—,
historical queries in which the search reaches node u and subse-
quently visits node v. For each such query, define an indicator
random variable that equals 1 if visiting v leads to a valid result and
0 otherwise. Under independent queries from the fixed workload,
these ny,—,, observations are i.i.d. Bernoulli random variables with
mean py_,. Let p,,_,, denote the empirical mean estimated from
the query logs. By Hoeffding’s inequality, for any & > 0,

Pr(|py—p = Pu—ol =€) <2 exp(—2ny—oe®) )

Substituting ¢ = ‘llgrgj—/jv) from Equation (2) into Equation (3)
yields:

A In(4/5) In(4/9) 6
Pr(pums € e =\, Pt 1) 2172

4)
Therefore, under the maintenance strategy in Sec. 3.4, replacing
o with o’ as u’s neighbor improves the probability of visiting a valid

point, with probability at least 1 — % -2 =1- 6, which concludes
our proof. O

With Theorem 1, we now analyze the valid-visit ratio p in GAS,
which largely influences the search complexity of FANNS queries.
Consider a search path [ in the graph with length |I|, and let p
denote the valid-visit ratio when the search expands only original
graph edges. Along this path, expanding original edges evaluates
|I| - m candidates, among which |I| - mpg are valid in expectation.

In our GAS framework, attribute-aware shortcuts are explored
only when the current node is valid, which occurs for a pg frac-
tion of the || visits in expectation. For each such valid visit at
node u, the expected number of valid shortcut endpoints is P(u) =



2.0eSC,a[u] Pu—o- Therefore, the expected number of candidates
(and valid nodes) contributed by attribute-aware shortcuts along !
is po 2.y e P(u). Combining the contributions from original edges
and shortcuts yields the overall valid-visit ratio:

e Mempo o St P@ om0
M po Duer P@) T po Dt Pa)

According to Theorem 1, the average value of P(u) increases
with high probability as more queries are processed. As a result,
Yuel P(u) grows over time, which in turn increases p, as shown
in Equation (5). Therefore, p; > po and continues to increase as
more queries are processed. By Lemma 1, this increase directly
translates into lower search complexity, demonstrating that GAS
achieves lower search complexity than the base graph and that its
performance continues to improve with additional queries.

5 EXPERIMENTAL STUDY

This section evaluates GAS on standard benchmarks and wide-table
datasets. We summarize the key results as follows:

o We evaluate GAS comprehensively across all representative
settings: single-attribute, multi-attribute, and wide-table
vectors with up to 2,381 attributes. GAS consistently outper-
forms general indexes, improving QPS by up to 5.6X, 6.5X,
and 42.1x, respectively. In the single- and multi-attribute
settings, GAS matches dedicated-index performance with
far lower space overhead (e.g., 92.4% of dedicated QPS us-
ing 9.3% of the space in the multi-attribute setting), while
dedicated indexes do not scale to wide-table settings.

e We conduct extensive experiments to evaluate GAS from
multiple angles, including multi-filter queries, cold-start
and warm-up behavior, robustness to workload shifts (query
correlation and order), compatibility with different base
graphs, sensitivity to result size, scalability to large datasets,
and ablation studies.

5.1 Experiment Setup

Datasets. We use seven real-world datasets in our experiments,
including three wide-table datasets with hundreds to thousands
of structured attributes: (1) COMMA [37]: 768-dimensional ViT
embeddings [9] extracted from road-facing camera frames, each
with 1,310 numerical/categorical attributes, such as IMU/GPS mea-
surements and CAN-bus signals. (2) EMBER [5]: 768-dimensional
SBERT embeddings [36] extracted from program snippets, each
accompanied by 2,381 numerical features, such as counts of func-
tions and symbols. (3) WDC [35]: 768-dimensional SBERT embed-
dings [36] extracted from computer product descriptions, each with
140 numerical/categorical product attributes.

We also include four standard datasets: (4) WIT [41]: 2,048-
dimensional image features extracted from Wikipedia, each with 17
numerical/categorical attributes, such as image size and language.
(5) YFCC [42]: 192-dimensional CLIP embeddings derived from
Flickr, each with 15 numerical/categorical attributes, such as upload
time and license name. (6) SIFT [17]: 128-dimensional SIFT de-
scriptors from the INRIA Holidays dataset, with synthetic attributes

generated following prior work [33, 53]. (7) MNIST [23, 24]: 784-
dimensional SVM-based vectors of a handwritten digit, each with a
categorical label.

We use 1M-vector subsets from WIT, SIFT, and MNIST, and
a 10M-vector subset from YFCC. For the wide-table datasets, we
construct embeddings from the full original datasets, yielding 0.5M
vectors for COMMA and WDC, and 0.8M vectors for EMBER. For
each dataset, an additional 100K vectors are held out as query
workloads. By default, we report top-k results with k = 10.

Baselines. We compare GAS with representative state-of-the-art
methods from two paradigms. For general index paradigm, we
compare against a single graph FANNS baseline using a vanilla
HNSW [1] as the base graph. Note that this baseline outperforms
those used in prior work [25, 33] by applying filtering during the
search, rather than filtering after retrieving a fixed number of
nearest neighbors. We also include recent general-index methods,
ACORN [33], NaviX [39] and VBASE [51], in our comparison.
For dedicated index paradigm, we compare against recent state-
of-the-art FANNS methods, categorized by the types of attributes
they support: SeRF [53], iRangeGraph [49], and UNIFY [22]
for numerical attributes, RWalks [6] and FilterGraph [25] for
categorical attributes. In addition, we also include Brute-force
method, which first performs a binary search on attribute-sorted
data, followed by a sequential scan over the valid vectors. For all
baseline methods, we use their default parameters for evaluation.

Implementation. All methods are implemented in C++, and com-
piled with GCC 11.4.0. We implement GAS on top of the HNSWLib
[1], with the default HNSW construction parameters set as m = 32
and e feonstruction = 200. By default, we set GAS parameters to y = 4,
Yy =2,8 =0.1, mg = 12, and ms = 4. Experiments of GAS start
from the initial base graph without any shortcuts, and performance
is recorded from this cold-start state as shortcuts are gradually
added during query processing. For all methods, we vary the search
parameter k’ to generate QPS-recall curves.

Environment. All experiments are carried out on a server with
Intel Xeon(R) Gold 6240 2.60GHz CPUs and 768GB RAM.

5.2 Comparison with Existing Methods

This section compares GAS with existing FANNS solutions under
three settings: single-attribute, multi-attribute, and wide-table.

5.2.1 Single-attribute setting. We evaluate the single-attribute set-
ting on three standard vector datasets: WIT [41], YFCC [42], and
SIFT [17]. These datasets provide both numerical and categorical
attributes, enabling comparisons between dedicated and general-
index baselines under the same workload. For each dataset, we
consider one numerical and one categorical attribute, running 100K
queries at four selectivity levels (1%/4%/10%/40%), and report QPS,
recall rate, index build time, and index size.

Search Performance. Fig. 5 reports query performance across
datasets and selectivity levels. GAS delivers on-par performance to
dedicated indexes while outperforming all general indexes, with
up to 5.6X higher throughput on WIT at 95% recall. This gain
comes from continuously leveraging query logs to add shortcuts
that accelerate subsequent queries. Although GAS starts from the
base graph before sufficient shortcuts are available, it warms up
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Figure 5: Search performance on three datasets in the single-attribute setting under varying selectivity levels.
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Figure 6: Index construction time and index size of all methods in the single-attribute setting across datasets.

quickly, reaching 80% of the best dedicated index’s performance
after 1K-16K queries across datasets. Dedicated indexes achieve
strong performance by explicitly incorporating attribute informa-
tion: SeRF, iRangeGraph, and UNIFY build range-specific subgraphs
for numerical filters, while RWalks and FilterGraph add category-
specific structures such as attribute vectors or extra connections,
at the cost of higher construction overhead (see Fig. 6). In contrast,
general indexes degrade due to inefficient traversal: ACORN incurs
detours within the valid-node subgraph, whereas NaviX, VBASE
and vanilla HNSW waste computation exploring invalid nodes.

Index Construction. Fig. 6 reports index construction perfor-
mance. Since GAS builds the same HNSW base graph as vanilla
HNSW, we report only the additional time and space overhead in-
troduced by the shortcut structures after processing all query logs.
On WIT, the shortcut structures increase build time by only 15.9%
and index size by 0.3%, because GAS reuses query-processing re-
sults during construction and uses a maintenance strategy to bound
space overhead. Across all datasets, GAS consistently incurs lower
build time and index size than dedicated indexes, which construct

heavy attribute-aware structures, such as range-specific subgraphs
(iRangeGraph, UNIFY) or category-specific vectors/connections
(RWalks, FilterGraph). SeRF reduces storage via lossy compres-
sion but can degrade accuracy in some cases (Fig. 5). ACORN
and VBASE incur higher build time and index size than NaviX
and vanilla HNSW, likely because ACORN requires a higher graph
degree to preserve filter-specific connectivity, whereas VBASE ad-
ditionally maintains an underlying table structure.

5.2.2  Multi-attribute setting. We conduct multi-attribute experi-
ments on two standard datasets with multiple real-world attributes,
WIT and YFCC, where each query filters on one of ten attributes.
We generate two mixed-selectivity workloads: uniform, where all
attributes are queried equally often, and skewed, where attribute
frequencies follow a Zipf distribution with & = 2. We compare
GAS with general indexes and a composite baseline that uses the
best-performing dedicated indexes from the single-attribute setting
for numerical and categorical filters, i.e., UNIFY and FilterGraph.

Search Performance. Fig. 7a-7b report query performance un-
der two multi-attribute workloads. Across both workloads, GAS
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Figure 8: Search performance in the wide-table setting under varying query workloads.

achieves performance comparable to dedicated indexes and consis-
tently outperforms general indexes, with up to 6.5 higher through-
put. Under the uniform workload, GAS reaches 80% of the compos-
ite baseline’s performance after 3K-20K queries and surpasses all
general indexes after only 1K queries. The composite baseline of
UNIFY and FilterGraph achieves the highest throughput by main-
taining per-attribute indexes, but incurs substantially higher storage
cost (see Fig. 7c). Under the skewed workload, GAS achieves higher
average performance, reaching 92.4% of the dedicated index’s QPS,
because queries concentrate on a few attributes and GAS quickly
forms effective shortcuts for them. In contrast, ACORN, NaviX,
VBASE, and vanilla HNSW are less effective in multi-attribute set-
tings because they lack attribute-specific guidance, leading to inef-
ficient filtered traversal.

Index Construction. Fig. 7c reports total index size in the multi-
attribute setting with 10 attributes. GAS and the general indexes,
including vanilla HNSW, ACORN, NaviX, and VBASE, show only
modest growth over the single-attribute case, because GAS adds
only lightweight shortcuts and the others store only additional
attribute values. In contrast, the composite baseline grows sharply
because it builds separate indexes for each attribute. GAS remains
among the smallest indexes, second only to vanilla HNSW, at only
9.3% of the dedicated index size with 10 attributes, highlighting the
lightweight nature of our shortcuts.

5.2.3 Wide-table setting. We further evaluate the wide-table set-
ting on COMMA [37], EMBER [5], and WDC [35]. Following the
multi-attribute setup, we consider both uniform and skewed work-
loads with mixed selectivities. We compare GAS only against gen-
eral indexes, since per-attribute dedicated indexes are impractical
in wide-table scenarios due to prohibitive space overhead.

Search Performance. As shown in Fig. 8a-8c, GAS outperforms
all general indexes across datasets and workloads after only 1K
queries, achieving 2.1X-42.1x higher throughput at the same recall.
NaviX, VBASE, and vanilla HNSW underperform and sometimes
fail to reach 95% recall because diverse predicates and attribute dis-
tributions cause frequent detours and prevent them from reaching
enough valid neighbors within a fixed search budget. ACORN can
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reach 95% recall, but remains slow because its valid-node subgraph
becomes less effective under diverse filters. Dedicated indexes such
as UNIFY and FilterGraph do not scale to wide-table settings, as
discussed in Sec. 1, since per-attribute constructions incur prohibi-
tive space overhead even with far fewer attributes (Fig. 7c). Overall,
GAS significantly improves over the base graph, confirming the
effectiveness of shortcut overlays for wide-table workloads.

Index Construction. Fig. 9 reports total index size in the wide-
table setting. GAS and the general indexes (ACORN, NaviX, VBASE,
and vanilla HNSW) have similar sizes, since all maintain a single
graph and the main increase over the multi-attribute setting comes
from storing additional attributes or a small number of shortcuts.
Dedicated indexes are omitted because per-attribute indexes for
hundreds to thousands of attributes would incur prohibitive storage
overhead. GAS adds only a small extra overhead for its auxiliary
structures, yielding the second-smallest index after vanilla HNSW
and demonstrating its lightweight design.

5.3 Evaluation of Proposed Method

In this section, we conduct a series of experiments to evaluate our
GAS framework from multiple angles.

Exp-1: Search Performance of Multi-Filter Queries. We evalu-
ate multi-filter queries in Sec. 4.2 using 100K two-attribute conjunc-
tive queries on WIT and YFCC at 4% and 10% selectivity. As shown
in Fig. 10, GAS consistently outperforms the base graph, with larger
gains at lower selectivity. This is because GAS build shortcuts for
constrained attributes from conjunctive-query logs and prioritizes
attributes with richer shortcuts during search, improving valid visit
ratio when the base graph degrades at low selectivity.
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Figure 10: Multi-filter query performance.
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Figure 14: Search performance under different result sizes k.

Exp-2: Cold-start Behavior and Warm-up. Since shortcuts in
GAS are constructed from query logs, the system initially relies
more on the base graph before sufficient queries are observed.
We evaluate this cold-start behavior using 10K mixed-selectivity
queries on WIT. We divide the query sequence into segments and
report QPS and recall for each segment. As shown in Fig. 11a, GAS
steadily improves QPS as more queries are processed under the
same recall targets, with up to 3.1x speedup for numerical filters.
To mitigate the initial cold-start overhead, we explore a practi-
cal warm-up strategy: running generated queries on a warm-up
attribute and adding the resulting shortcuts to the graph index,
which can benefit all attributes through shared structure-aware
shortcuts. To verify this effect, we evaluate GAS on WDC with
10K mixed-selectivity queries on an unseen attribute. We compare
two settings: starting from scratch, and starting after 5K warm-up
queries on other attributes. The latter setting contains structure-
aware shortcuts derived from the warm-up queries. As shown in
Fig. 11b, at 97.5% recall, these shortcuts improve search perfor-
mance on the unseen attribute and reduce the warm-up burden in
wide-table workloads. These results are consistent with Sec. 4.3: as
more shortcuts are added, GAS reaches valid results more efficiently
and needs a smaller search scope to achieve the same recall.
Exp-3: Robustness under Varied Query Correlation. To study
robustness under different query correlations [33], we follow prior
work and evaluate on MNIST dataset [23, 24]. We issue 10K posi-
tively correlated queries, where the target label matches the query
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Figure 11: Cold-start and warm-up behavior of GAS.
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Figure 13: Compatibility of GAS with different graph indexes.
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Figure 15: Search performance in the scalability test.

digit, and 10K negatively correlated queries, where the target label
differs. As shown in Fig. 12a, GAS improves performance in both
settings. Under negative correlation, the base graph degrades more
because valid nodes are less similar in embedding space, reducing
the valid-visit ratio. Attribute-aware shortcuts allow GAS to reach
valid nodes more directly, making it far less sensitive to this effect.

Exp-4: Robustness under Different Query Orders. We evaluate
100K SIFT queries under three orders based on their appearance
in the query list: ascending order, descending order, and a random
shuffle. Fig. 12b compares GAS across these orders, alongside the
base graph, which is invariant to query order. The results show
that GAS is robust to query order: When a useful shortcut is absent,
early queries tend to expose similar traversal inefficiencies and
construct similar shortcuts; thus, later queries can still benefit, and
the overall performance converges across different orders.

Exp-5: Compatibility with Different Graph Indexes. We eval-
uate GAS on another widely used graph index, NSG [10, 11], and
further include HNSW for direct comparison in Fig. 13. The results
show that GAS consistently improves FANNS performance on top
of both graph indexes. This demonstrates that the effectiveness of
GAS is not tied to a specific base graph, but comes from alleviating
common FANNS bottlenecks through query-adaptive shortcuts,
making GAS compatible with different graph indexes.

Exp-6: Search Performance with Varying Result Size k. We
further evaluate GAS with a larger result size (k = 100) to examine
how its search performance scales with k. As shown in Fig. 14, QPS
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Figure 16: Ablation study of two types of shortcuts in GAS.

drops for both GAS and the base graph, since retrieving more valid
results requires expanding and verifying more candidate nodes
in the divergence stage. Nevertheless, GAS retains its advantage,
achieving at least 1.7 speedup at the same recall by using shortcuts
to reduce ineffective divergence expansions.

Exp-7: Scalability Test. We evaluate scalability on the SIFT dataset
at the 100M-vector scale [17], using 100K mixed-selectivity queries.
As shown in Fig. 15, GAS scales well, achieving up to 2.5X higher
throughput than the base graph. We also find that at this scale,
although convergence becomes longer due to the larger dataset size,
the divergence stage on the base graph still dominates computation,
accounting for 96.6% of all distance evaluations, which is consistent
with our bottleneck analysis in Sec. 3.1.

Exp-8: Effectiveness of Two Types of Shortcuts. We evaluate
the two shortcut types in GAS through ablation on WIT and SIFT
using 100K mixed-selectivity queries. As shown in Fig. 16, disabling
either type reduces the gain over the base graph, confirming that
they address complementary bottlenecks: attribute-aware shortcuts
reduce wasted expansions on invalid nodes, while structure-aware
shortcuts reduce routing detours during traversal.

Exp-9: Comparison with Higher-Degree Graph. To further
assess shortcut effectiveness, we compare GAS with higher-degree
HNSW and a stronger hybrid variant that uses offline attribute-
sorted neighbor lists to prioritize valid neighbors during search. As
shown in Fig. 17, GAS consistently outperforms both baselines. This
suggests that simply increasing degree and prioritizing valid neigh-
bors still cannot fully address FANNS inefficiencies identified in
Sec. 3.1. Therefore, static graph augmentation remains less effective
than GAS, further demonstrating the advantage of query-log-driven
shortcuts over offline-added edges.

6 RELATED WORK

Approximate Nearest Neighbor Search. Existing ANNS index-
ing methods can be broadly classified into three categories. Partition-
based methods [8, 13, 26, 27] divide vectors into partitions and
search within the potential partitions. Quantization-based meth-
ods [12, 17, 29] compress vectors into compact quantization codes to
approximate distances efficiently. Graph-based methods [11, 28, 48]
have emerged as the preferred choice in practice due to their supe-
rior performance [7].

Constructing vector indexes often incurs large initial overhead,
motivating research on reducing build cost [27, 50, 52]. Among
these, CrackIVF [27], inspired by database cracking [16, 38], also
leverages query-time computation to reduce initial indexing over-
head. However, it differs fundamentally from our work in both

-8~ GAS (m=32)
-~ Vanilla HNSW (m = 32)

Vanilla HNSW (m = 48) - Vanilla HNSW (m = 96)
Vanilla HNSW (m = 64) == Valid-Neighbor-First Expansion

WIT SIFT

10°

2
1.00 100.90

0.95 0.95
Recall Rate Recall Rate

Figure 17: Comparing GAS with higher-degree base graphs.

problem definition and index design, as it studies partition-based
index for unfiltered ANNS.

Filtered Approximate Nearest Neighbor Search. As categorized
in Sec. 1, existing works can be divided into dedicated indexes [6, 14,
22,25, 45,49, 53] and general indexes [33, 39]. General indexes build
a single vector index without incorporating attribute information,
and enforce attribute filters during search. Owing to their simplicity
and low overhead, this design is widely adopted in modern vector
search libraries and database systems [2, 4, 43, 46]. Methods such
as ACORN [33] and NaviX [39] further augment the search by
leveraging 2-hop neighbors to improve accuracy on a single graph,
and we include them as baselines in our evaluation.

Recent work has explored dedicated indexes for numerical [22,
49, 53] and categorical attributes [6, 14, 25]. For instance, SeRF [53]
constructs subgraphs for all possible numerical ranges and com-
presses them into a single index, trading high construction overhead
for improved query efficiency. Similarly, UNIFY [22] partitions the
dataset by attribute, builds subgraphs for each partition, and links
them through cross-partition connections to enable search within
valid subgraphs. While such designs achieve high search efficiency,
they are typically limited to specific attribute types and incur large
construction and space overhead [20], making them unsuitable for
wide-table scenarios. In our experiments, we compare GAS against
several leading methods in this category [6, 22, 25, 49, 53].

7 CONCLUSION

In this paper, we present Graph with Adaptive Shortcuts (GAS), a
lightweight framework for efficient FANNS over wide-table vectors.
GAS augments a single graph with lightweight auxiliary structures
built incrementally from query logs, achieving minimal space and
construction overhead while improving search performance as
more queries are processed. Experiments on real-world datasets
show that GAS consistently outperforms existing general indexes
across all settings, while delivering performance comparable to
dedicated indexes with far lower space overhead.
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