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ABSTRACT
Query cost estimation is a fundamental problem in data manage-
ment with numerous applications in query execution, yet remains
an open problem in vector Approximate Nearest Neighbor Search
(ANNS). Cost estimation plays a critical role in ensuring the accu-
racy of ANNS results, reducing unnecessary search effort, and en-
abling cost-based optimization. In this paper, we define the problem
of cost estimation in ANNS, analyze its challenges, and introduce
ANNiE, a novel learned cost estimator designed for graph-based
ANNS. ANNiE estimates the cost required to reach a specified recall
target and couples its estimates with probabilistic quality guaran-
tees. We show how ANNiE can be used to optimize search time by
designing the first accuracy-guaranteed graph search algorithm.
Our experimental evaluation with several workloads, demonstrates
that ANNiE improves estimation accuracy by 6× over the base-
lines, while achieving the probabilistic guarantee. Moreover, the
graph search of ANNiE, ANNiE-S, achieves a 2.3× speedup over the
baselines, while automatically reaching each query’s recall target.
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1 INTRODUCTION
High-dimensional embedding vectors have nowadays become a
standard data type in many general-purpose and specialized data-
bases [2, 22, 53, 57, 59, 71], due to their extensive applications in
tasks related to semantic search [17, 20, 21, 24, 29, 34, 45, 47, 60, 61].
Since exact similarity search is often prohibitively time-consuming,
Approximate Nearest Neighbor Search (ANNS) has emerged as
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Figure 1: Two queries with
different recall targets and
query hardness [74], leading
to different cost.

Figure 2: Average query cost
when 99% queries reach recall
target. Oracle is minimum
cost to reach recall target.

the primary query primitive for vector data. ANNS returns the
approximate top-𝑘 nearest vectors to the given query vector under
a distance metric (e.g., L2), trading off a small amount of accuracy
for substantial efficiency gains. To support efficient ANNS, a variety
of indexingmethods have been developed [49]. Among these, graph-
based indexes [69] (e.g., HNSW [52]), which organize vectors as
vertices in a proximity-based graph, have demonstrated State-of-
the-Art (SotA) query performance for in-memory datasets [7, 27, 49].
However, current search algorithms cannot estimate the cost of the
query (i.e., the time required to retrieve the query results) and the
accuracy of these results (often measured by recall; cf. Section 2).
Consequently, vector search solutions often exhibit unstable search
latency and unpredictable result quality [6, 18, 74, 78].
Motivation. Accurate cost estimation is a critical component for
vector search systems, for two key reasons.

First, cost estimation enablesmore efficient search on the given in-
dex by allocating search effort adaptively across queries. In common
practice, systems use a fixed accuracy-control parameter (e.g., 𝑒 𝑓 in
HNSW), which forces the search to spend roughly the same effort
for all queries. However, queries have different hardness (intuitively,
they need a different amount of effort to reach the same recall) [74].
As shown in Figure 1, to reach the same recall of 0.9, Query 2 re-
quires 2× more search time than Query 1. In this case, investing
the same effort in queries of different hardness wastes work on the
easy queries: the search continues even after the recall target has
already been reached, leading to unnecessary distance calculations
and higher latency. We compare the method of fixed-𝑒 𝑓 against the
oracle (i.e., the minimum necessary cost to reach the recall target)
on Deep10M dataset [11] and HNSW [52] in Figure 2. The oracle
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can reduce 4.0-4.6× search time, implying significant efficiency im-
provement space. While learned early-termination methods [18, 46]
can improve average latency, their gains are limited without an
accurate estimate of the remaining cost. An accurate cost estimator
can instead predict the search cost for each individual query and
stop the search as soon as that search cost is met, thereby reducing
wasted effort without introducing new user-tuned parameters.

Second, cost estimation is essential for providing per-query accu-
racy guarantees. The nature of ANNS is approximate, thus rendering
query accuracy as important as efficiency [19, 48]. However, to the
best of our knowledge, no method can guarantee a per-query recall
target. In current systems, users typically choose a single fixed
search parameter, so that the average recall over a workload meets
a user-defined recall target. Yet, due to the variance of query hard-
ness [18, 74], the same parameter value can cause many queries to
fall short of the recall target, even when the average recall looks sat-
isfactory. Previous studies [6, 14] show that 30%-40% of the queries
do not reach the recall target, and the lowest recall for some queries
often times falls between 0-0.2, which is problematic. With an ac-
curate cost estimator, the system can determine with confidence
how much search effort each query requires to reach the specified
recall target, and thus terminate the search only when the target
accuracy is achieved with a high probability. This mechanism can
be used to provide guarantees on the quality of the search results.

We highlight a fundamental tradeoff when using a single fixed
search parameter. As we increase the parameter value to ensure that
hard queries meet the recall target, we inevitably overspend work
on easy queries, which degrades efficiency. Conversely, when we
decrease the parameter to reduce the cost for easy queries, then hard
queries are more likely to fail to reach the recall target. Therefore,
we need a solution that avoids this tradeoff altogether.
Challenges. Having a vector ANNS cost estimator is desirable, but
designing one is very challenging, for the reasons explained below.
C1. The accuracy target prominently influences the ANNS
cost. A distinctive feature of ANNS is that, in contrast to the rela-
tional operators, it is tied to an accuracy target, e.g., a recall target.
In ANNS, different recall targets lead to considerable variations in
query cost. In Figure 1, changing the recall target of Query 2 from
0.5 to 0.95 leads to 6× higher query cost. Moreover, the different
hardness of queries leads to different rates at which recall increases
(as shown in Figure 1). The complex correlation between recall
and the necessary cost makes cost estimation particularly challeng-
ing, as the search progression can be unpredictable and cannot be
effectively addressed using simple rules or heuristic models.
C2. The ANNS cost highly depends on the index. Due to the
intrinsic complexity of high-dimensional data distributions, the
performance of current ANNS operators relies on how well the
vectors are organized in the index. For the same query, different
kinds of indexes, and even different instances of the same index
(i.e., same type of index built with different parameters), result in
different performance due to the different ways they organize the
vector data and the access to them. Recent work [73] shows that,
when two HNSW indexes are built on the same dataset by only
changing the insertion order, the cost for the same query on the two
indexes may differ by up to 5×. This demonstrates the influence of
index structures on query cost, and calls for an effective method to
take into account the characteristics of the specific index.

C3. Cost estimation should be way faster than execution.
Lastly, the efficiency of the cost estimator is crucial and must be
significantly faster than executing the query itself, because other-
wise, ANNS cost estimation is pointless. Since answering ANNS
queries typically takes only a few milliseconds, the latency of cost
estimation should in practice be below 1 ms.
Limitations of Baselines. Recent early-termination methods for
graph search, such as LAET [46] and DARTH [18], rely on runtime
statistics collected during search to estimate the current recall or the
remaining search effort. Since these features do not capture the local
graph structure around the query, their prediction accuracy after a
preliminary search is limited (as our experiments confirm). DARTH
also periodically refines its predictions during query execution, and
terminates the search only when the predicted recall exceeds the
target. Such a design is suitable for early termination, but not for
query cost estimation, where an accurate prediction must be made
early in the search process. Furthermore, existing methods provide
no guarantees on the quality of their predictions, thus, that the
desired recall target may not be achieved.
Our Solution: ANNiE. To overcome these issues, we propose AN-
NiE, the first cost estimator for graph-based ANNS that achieves
high accuracy and exhibits very low latency. Given a query vector,
a recall target, and a graph index, ANNiE estimates the cost of the
query. Based on the observation that accurate ANNS cost predic-
tion requires graph-structural information from the query neigh-
borhood [74], ANNiE employs a preliminary search to approach
the query neighborhood, and then collects information from that
neighborhood that is useful for the prediction. To ensure that all
queries, irrespective of their hardness, reach the query neighbor-
hood, we introduce an algorithm that adaptively decides at runtime
when to stop the preliminary search. For the query cost prediction,
we adopt a Gradient Boosting Decision Tree (GBDT) model [30],
whose inference cost is very low (~10𝜇s).

To reason about query cost effectively and efficiently, we de-
sign a novel set of graph-derived features to be computed in the
query neighborhood. These features approximate 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME (a
graph-native ANNS query cost model, short for 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -Minimum-
Effort [74]) by emulating reachability and density in the local sub-
graph, and enable the model to learn the complex correlation be-
tween local graph structure and query cost (Challenge C2). More-
over, we develop an efficient algorithm that reduces feature compu-
tation time from tens of milliseconds to <0.4 ms (Challenge C3).

Additionally, ANNiE introduces a probabilistic recall target guar-
antee (RTG) on its estimates. Specifically, users may optionally
specify an RTG probability 𝑝 , and ANNiE will guarantee with prob-
ability 𝑝 (with a small deviation) that its cost estimation is no smaller
than the actual query cost. Using this mechanism, ANNiE can also
ensure that at least 𝑝(%) of the queries will reach the given recall
target. This guarantee is achieved via a dedicated training frame-
work, including training set construction and the use of quantile
loss [43], thereby addressing Challenge C1. If 𝑝 is not specified, the
recall target is reached only on average across a batch of queries.

Moreover, we design ANNiE-S, the first accuracy-guaranteed
search algorithm for graph-based indexes. ANNiE-S integrates AN-
NiE into the graph search algorithm and eliminates manually tuned
parameters (e.g., 𝑒 𝑓 in HNSW), as ANNiE automatically determines
the search effort required to reach the specified recall target.
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Contributions. The contributions we make in this paper, can be
summarized as follows.
• We formally define the cost estimation problem in ANNS and
identify its key challenges.
•Wepropose the first cost estimator for graph-based ANNS, ANNiE,
which is both effective and efficient. ANNiE introduces a novel set
of graph-derived features that characterize the local graph structure
in the query neighborhood, enabling a lightweight GBDT model to
learn the complex correlation between index structure and query
cost. We also propose efficient algorithms to compute these features,
which is crucial for reducing estimation latency.
• We introduce RTG, a probabilistic recall target guarantee for
ANNiE’s cost estimates, by training with quantile loss and an ap-
propriate training-set construction strategy. Empirical results show
that the deviation from the target probability is at most 2%.
• Based on ANNiE, we propose ANNiE-S, the first search algorithm
with accuracy guarantees for graph-based ANNS. Instead of relying
on manually tuned parameters, ANNiE-S uses the cost estimator
to automatically determine the effort required to achieve the recall
target for individual queries.
• Extensive experiments on four real datasets show that, compared
to baselines, ANNiE reduces estimation error by 5.5-8.3× without
guarantee, and 1.9-6.6× with guarantee. Additionally, ANNiE-S
achieves up to 2.3× speedup over manually-tuned baselines.

2 BACKGROUND AND PROBLEM DEFINITION
2.1 NNS and ANNS
A high-dimensional vector dataset 𝑑𝑏 contains 𝑁 vectors of the
same dimensionality 𝑑 . The exact NNS is defined as follows.

Definition 1 (NNS qery). Given an integer 𝑘 ∈ N, a query
vector𝑞 of dimensionality𝑑 , and a distance measure𝐷 , anNNS query
retrieves from 𝑑𝑏 the set of vectors 𝑁𝑘 (𝑞) = {𝑛1, 𝑛2, . . . , 𝑛𝑘 } such that
for any other vector 𝑣 ∈ 𝑑𝑏 and any 𝑛𝑖 ∈ 𝑁𝑘 , 𝐷 (𝑛𝑖 , 𝑞) ≤ 𝐷 (𝑣, 𝑞).

𝑁𝑘 (𝑞) is usually called the groundtruth, or the 𝑘NN of 𝑞. Com-
mon distancemeasures include Euclidean distance, cosine similarity,
and inner-product similarity. Approximate 𝑘NN (ANNS) queries
return approximate answers instead of the exact 𝑘NN results.

Definition 2 (ANNSQuery). Given a query vector𝑞, accuracy re-
quirement 𝑟@𝑘 (𝑟 denotes an accuracy metric value and 𝑘 denotes the
number of NNs to retrieve), an ANNS query, denoted by A(𝑞, 𝑟@𝑘),
retrieves from 𝑑𝑏 the approximate nearest neighbor set, denoted by
𝐴𝑁𝑘 (𝑞) = {𝑎𝑛1, 𝑎𝑛2, . . . , 𝑎𝑛𝑘 }, where 𝑎𝑛𝑖 is called the 𝑖-th approxi-
mate nearest neighbor (ANN) of 𝑞.

In this paper, we use recall as the accuracy metric, though our
solution is also applicable to other metrics (e.g., relative distance
error [18, 76]). Recall is defined as the ratio of the number of cor-
rect returned answers to the total number of answers. Formally,
𝑅𝑒𝑐𝑎𝑙𝑙 (A(𝑞, 𝑟@𝑘)) =

|𝐴𝑁𝑘∩𝑁𝑘 |
𝑘

. When 𝑅𝑒𝑐𝑎𝑙𝑙 (A(𝑞, 𝑟@𝑘)) ≥ 𝑟 ,
the ANNS query successfully meets users’ accuracy requirement.

2.2 Graph-Based Index Search Algorithm
Graph indexes use a directed graph𝐺 (𝑉 , 𝐸) to index vectors, where
each vector is represented as a vertex in 𝑉 , and the edges in 𝐸

connect vectors based on some kind of proximity. Graph indexes

Algorithm 1Greedy search (Graph𝐺 , Query vector𝑞, Search effort
𝑒 𝑓 )
1: 𝑝𝑞 ← priority queue with unlimited capacity, initialized with a random entry

point 𝑒𝑝
2: visited← a bitset with 𝑁 zero bits
3: 𝐻 ← max-heap with capacity 𝑒 𝑓
4: while 𝑝𝑞 is not empty do
5: 𝑑𝑣𝑐 , 𝑣𝑐 ← pop an element from 𝑝𝑞

6: 𝑑𝑣𝑡𝑜𝑝 , 𝑣𝑡𝑜𝑝 ← the heap top of 𝐻
7: if 𝑑𝑣𝑐 > 𝑑𝑣𝑡𝑜𝑝 then
8: break
9: for each neighbor 𝑣 of 𝑣𝑐 do
10: if visited[v] = 0 then
11: if 𝐷 (𝑣,𝑞) < 𝑑𝑣𝑡𝑜𝑝 then
12: Insert (𝐷 (𝑣,𝑞), 𝑣) into 𝑝𝑞 and 𝐻
13: visited[v] = 1
14: Resize 𝐻 to be 𝑒 𝑓
15: return 𝑘 smallest elements in 𝐻

commonly use greedy search to retrieve 𝑘NN. As shown in Algo-
rithm 1, the search starts from an entry point 𝑒𝑝 , which is often
selected randomly, and then computes the distance between the
neighbors of 𝑒𝑝 to the query vector 𝑞. The accessed points (whose
distances to 𝑞 have been computed) will be stored in a priority
queue 𝑝𝑞. In the next step, the algorithm selects the closest point
to 𝑞 from 𝑝𝑞 as the next stop to visit and repeats the above process.
Note that not all accessed points can enter 𝑝𝑞: the algorithm main-
tains a size-bounded heap𝐻 and only the points that are closer than
some point in 𝐻 are qualified to enter 𝑝𝑞. Finally, the algorithm
terminates when all the points in 𝑝𝑞 are farther than the points
in 𝐻 from 𝑞. To control the search effort and also the accuracy of
the search results, users are required to tune a hyperparameter 𝑒 𝑓 ,
which is the size of the heap 𝐻 . A higher 𝑒 𝑓 allows more points to
be accessed and visited owing to a looser termination condition,
and thus higher accuracy and longer search time.

2.3 Problem Definition
For in-memory ANNS, distance calculations dominate query time,
accounting for over 90% of the latency [32]. Thus, we use Number
of Distance Calculation (NDC) as a machine-independent measure
of query cost. In graph indexes, NDC also equals the number of
accessed points during query processing. Visiting more candidates,
i.e., a higher NDC, will lead to non-decreasing recall. Formally, we
define the query cost of A(𝑞, 𝑟@𝑘) as the minimum NDC required
to reach the recall target 𝑟@𝑘 on index 𝐺 using Algorithm 1.

Definition 3 (ANNS Query Cost). On a given index 𝐺 , the
ANNS query cost of 𝑞, 𝐶𝐺 (A(𝑞, 𝑟@𝑘)), is the minimum NDC using
Algorithm 1 such that 𝑅𝑒𝑐𝑎𝑙𝑙 (A(𝑞, 𝑟@𝑘)) ≥ 𝑟 , where 𝑟 ∈ [0, 1].
𝐶𝐺 (A(𝑞, 𝑟@𝑘)) ≜ 𝑁 iff. 𝑅𝑒𝑐𝑎𝑙𝑙 (A(𝑞, 𝑟@𝑘)) cannot reach 𝑟 even
when 𝑒 𝑓 = 𝑁 .

We use𝐶 (𝑞) to denote the query cost when there is no ambiguity.
Definition 3 implies that 𝐶 (𝑞) depends on the given graph index 𝐺
(and its construction parameters), the search algorithm, the recall
target, and the query vector. In our setting, users provide a pre-built
graph, and we devise a method to analyze𝐶 (𝑞) on any given graph
and any given query vector (for a certain recall target).
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Using Algorithm 1, 𝐶 (𝑞) roughly equals to the NDC when the
smallest possible 𝑒 𝑓 is applied to reach the recall target1. Moreover,
since current graph indexes are often not strongly connected, for
some queries, it might not be possible to reach the given recall
target 𝑟@𝑘 even when there is no limit on 𝑒 𝑓 . In this case, we
define 𝐶 (𝑞) to be 𝑁 .

Definition 4 (ANNSQuery Cost Estimation). Given an index
𝐺 , a query vector 𝑞, and a recall target 𝑟@𝑘 , a cost estimator is a
function F (𝑞, 𝑟, 𝑘) that can efficiently estimate 𝐶 (𝑞). We write F (𝑞)
as shorthand for F (𝑞, 𝑟, 𝑘) when there is no ambiguity.

Cost estimation can be viewed as a regression problem: F𝜃 de-
notes a model with learnable parameters 𝜃 that takes 𝑞, 𝑟 , and 𝑘

as input and outputs the estimated cost, while 𝐶 (𝑞) is the training
label. Accordingly, we evaluate estimation quality using standard
regression metrics, including Mean Absolute Error (MAE), Mean
Squared Error (MSE), Mean Absolute Percentage Error (MAPE), and
Q-Error [37]. Since the query-cost range is typically large, MAPE
and Q-Error are more suitable in our setting. Formally, MAPE is
defined as the average value of

��� F(𝑞)−𝐶 (𝑞)
𝐶 (𝑞)

���, and Q-Error is the

average value of max
(
F(𝑞)
𝐶 (𝑞) ,

𝐶 (𝑞)
F(𝑞)

)
over a set of queries.

A major difference between ANNS cost estimation and regular
regression is that underestimation causes the query to fail to reach
the recall target, which may have undesirable consequences in
downstream tasks. Thus, estimation with guarantees is important.

Definition 5 (ANNS Query Cost Estimation with Guaran-
tees). Given𝑞, 𝑟@𝑘 , and a Recall Target Guarantee (RTG) probability
𝑝 ∈ (0%, 100%], the output of F (𝑞) should satisfy

Pr[F (𝑞) ≥ 𝐶 (𝑞)] ≥ 𝑝. (1)

Note that RTG is different from normal regression error bounds.
As in Definition 3, the ANNS query cost 𝐶 (𝑞) is defined as the
minimum cost to reach the recall target, and RTG is to constrain
that the estimation F (𝑞) is no less than 𝐶 (𝑞) with probability 𝑝 .
E.g., when 𝑝 = 100%, all estimates must be no smaller than the
query cost. In practice, it is common to allow a small portion (e.g.,
1%-5%) of long-tail queries to fail; so, 𝑝 can be set to 99% or 95%.

Finally, we define the ANNS query with guarantees as follows.

Definition 6 ((𝑝, 𝑟 )-ANNS Query). Given query vector 𝑞, recall
target 𝑟@𝑘 , and RTG probability 𝑝 , the (𝑝, 𝑟 )-ANNS query, denoted
as A𝑝 (𝑞, 𝑟@𝑘), returns 𝑝𝐴𝑁𝑘 = {𝑝𝑎𝑛1, 𝑝𝑎𝑛2, . . . , 𝑝𝑎𝑛𝑘 } such that

Pr[𝑅𝑒𝑐𝑎𝑙𝑙 (A𝑝 (𝑞, 𝑟@𝑘)) ≥ 𝑟 ] ≥ 𝑝.

Note that the probabilities listed in Definitions 5 and 6 are effec-
tively the same, because query cost is defined in terms of reaching
the recall target. Remember that 𝐶 (A(𝑞, 𝑟@𝑘)) is the minimum
NDC needed so that the recall equals 𝑟 . Moreover, recall is mono-
tonic (non-decreasing) with the paid search cost, that is, higher
NDC leads to non-decreasing recall. Therefore, if the estimator
over-estimates the true cost, i.e., F (𝑞) ≥ 𝐶 (𝑞), then executing the
search for F (𝑞) distance calculations is guaranteed to reach recall
at least 𝑟 for that query. (A proof is provided in Section 5.)

1Increasing 𝑒 𝑓 by 1 may increase NDC by more than 1, and some of the additional
distance computations may be unnecessary. Thus, this method approximates𝐶 (𝑞) .

Currently, no search algorithm can answer (𝑝, 𝑟 )-ANNS queries
without manual parameter tuning. If we omit the RTG probability
requirement, then the expected recall equals the given recall target.
We denote this type of query as an 𝑟 -ANNS query.

3 RELATEDWORK
ANNS Indexes. ANNS indexes are typically divided into partition-
and graph-based approaches. While partition-based methods [9, 27,
75, 79] generally offer faster index construction, graph-based in-
dexes achieve superior (average) query performance by introducing
long-range edges into sparse proximity graphs [26, 27, 42, 72, 73],
yet provide no guarantees on search quality. Since our approach
operates on a given graph structure, it is applicable to a wide range
of graph-based indexes. Existing acceleration techniques [10, 33,
77, 81] are orthogonal to our work because they preserve the un-
derlying greedy search process.
Cost Estimation for Relational Operators. Traditional cost es-
timation relies heavily on cardinality estimation, which predicts
operator costs by modeling data distributions [13, 41, 44, 63, 65].
In contrast, ANNS query cost is weakly related to dataset size and
largely determined by the underlying index structure [74]. Thus, ex-
isting cardinality-based techniques do not directly apply to ANNS.
Hardness Measures for ANNS. Recent studies have shown that
ANNS query hardness varies significantly across queries [6, 15].
Early hardness measures (e.g, LID [8], QE [3], and RC [39]) rely on
data-distribution statistics, but exhibit weak correlation with the ac-
tual search cost [15]. The recently proposed 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -Hardness [74]
addresses this limitation by showing that the structure of the local
graph around the query plays an essential role in determining query
hardness, and models this structure using a 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest [36].

In this work, we adopt the same 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -forest principle but
focus on cost estimation for a given graph index. Therefore, we use
𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME (Minimum Effort) [74], the graph-specific counterpart
of 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -Hardness. While both measures are derived from the
same 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -forest model, 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME quantifies the minimum
search effort on a particular graph, making it more suitable for our
setting. Since computing 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME exactly is expensive, ANNiE
learns to estimate it using machine learning.
Adaptive ANNS Query Answering Algorithms. This line of
work most closely related to this work is the adaptive search al-
gorithms that adjust the search effort according to query diffi-
culty [4, 16, 18, 35, 46, 83, 84]. Existing methods can be broadly
divided into two categories. The first category estimates the search
progress using runtime statistics collected during query execution,
such as the distances of the Best-So-Far (BSF) answers, the num-
ber of search steps, and query-related statistics. Representative
examples include LAET [46] and DARTH [18], which train GBDT
models to predict the remaining search effort and the current recall,
respectively. Since these features do not capture the graph struc-
ture around the query, their prediction accuracy is limited. Note
that DARTH also refines the estimates periodically throughout the
search process.

The second category estimates query hardness from data distri-
bution characteristics. For example, Ada-ef [84] derives a hardness
score from query-to-data distances, which approximately follow a
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Figure 3: Workflow of ANNiE.

normal distribution, and maps this score to an appropriate 𝑒 𝑓 . How-
ever, it supports only inner-product and cosine-similarity measures
and provides no prediction guarantee.

In contrast, inspired by 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -Hardness [74], ANNiE estimates
query cost directly from graph-structural features that characterize
the search effort in a given index (cf. C2). This end-to-end design
avoids both error accumulation in the hardness-to-cost mapping
and the expense of exact hardness computation. ANNiE also pro-
vides prediction guarantees. We study it under Euclidean distance,
while the approach can support other similarity measures.

4 ANNIE
In this section, we present ANNiE, the first cost estimator for graph-
based ANNS. We first introduce the basic idea behind ANNiE and
provide an overview of the entire workflow in Section 4.1. The
model’s basics are presented in Section 4.2. Three important com-
ponents of ANNiE are then introduced in Sections 4.3, 4.4, and
4.5, respectively. Finally, in Section 4.6, we prove that ANNiE’s
estimates can satisfy the RTG probability.

4.1 Basic Idea and Overview
Our basic idea builds on the observation from previous work [74]
that the cost of an ANNS query on graph indexes strongly corre-
lates with the size of the 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -forest [36] on the local subgraph
(formally defined in Section 4.4) in the query neighborhood (i.e.,
𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME). Given a graph𝐺 and a set of terminal nodes𝑉𝑘 ⊆ 𝑉 , a
𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest aims to find a minimum subgraph 𝐺 ′ ⊆ 𝐺 such that
for any 𝑣, 𝑣 ′ ∈ 𝑉𝑘 , there exists a path in𝐺 ′ between 𝑣 and 𝑣 ′. In our
setting, 𝐺 is the local subgraph, 𝑉𝑘 is the set of Best-So-Far (BSF)
𝑘NN nodes after a preliminary search, and the size of the 𝑆𝑡𝑒𝑖𝑛𝑒𝑟
forest is the number of nodes in 𝐺 ′. Given the strong correlation
between 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME and the actual query cost, the query cost could
be easily predicted if the size of the 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest were available.

However, obtaining the 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest is infeasible at runtime due
to its high computational complexity. Computing the 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest
requires the terminal nodes (i.e., 𝑁𝑘 ) and the exact local subgraph
around the query vector (Definition 7 in Section 4.4), which are
prohibitively expensive to obtain online. Even when a subgraph is
given, the run time of the algorithm to find the 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest [74]

is excessively high in the context of cost estimation. In this context,
ANNiE’s basic idea is to train a model to predict the size of the
𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -forest and the query cost. Moreover, since 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -MEworks
on any given graph [74], ANNiE can adaptively learn the influence
of the graph structures on the query cost. For small ML models,
inference typically takes time in the order of microseconds, which
is suitable for our case. At the same time, with appropriate tabular
feature design, small models can also exhibit excellent accuracy
when compared to large models [38, 50, 58, 66, 80], as suggested by
our preliminary experimental results (details are in Section 4.4).

To solve the estimation-with-guarantees problem (Definition 5),
ANNiE adopts quantile loss for model training. Under an ideal
optimizer, the predicted query cost exceeds the true cost with prob-
ability 𝑝 (the user-specified RTG probability). A larger 𝑝 yields
more conservative predictions, while a more accurate model re-
duces the gap between predictions and true costs, thereby lowering
the additional search effort (cf. Section 5).

Figure 3 illustrates ANNiE’s workflow: in the offline stage, AN-
NiE trains a model, and in the online stage, ANNiE uses the model
to estimate ANNS query cost. Given a graph index, in the offline
stage, ANNiE first performs preprocessing to obtain static node
features and index-specific hyperparameters (Step 1). In Step 2,
ANNiE builds the training set by sampling queries from a training
dataset and computing the ground-truth query cost by probing the
index. Steps 3 and 4 populate the features for each sample query
in the training set. For each query, in Step 3, ANNiE conducts a
fast preliminary search on the index and adaptively stops once it
reaches the query neighborhood; we call this the homing phase of
the search. Then, in Step 4, ANNiE constructs an approximate local
subgraph based on the preliminary search and computes graph-
derived features on this subgraph. Having a complete training set,
in Step 5, we train a GBDT model that will be used for cost predic-
tion. In the online stage, the user provides a query vector 𝑞, a recall
target 𝑟@𝑘 , and an optional RTG probability 𝑝 . ANNiE performs the
preliminary search and feature collection to obtain graph-derived
features. These features are then provided to the GBDT model to
predict the query cost (Step 6).
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4.2 The Model Basics
Preprocessing. For a given graph index, ANNiE first calculates
hyperparameters𝑤 and𝑘′, as described in Section 4.3, capturing the
property of the index. Then, some static features (i.e., the clustering
coefficient [28], described in Section 4.5) are pre-computed for better
runtime efficiency.
Model Input. In addition to basic runtime statistics from [18, 46],
including the query vector, distances of BSF answers from a pre-
liminary search to the query vector along with statistics on the
distances, and current search step and NDC, we introduce new
graph-derived features (Section 4.5), with the query’s recall target.
Model Output. The output of our model is the cost of the ANNS
query (Definition 3), i.e., the minimum NDC required to reach
the specified recall target. Another possible design would use a
two-stage pipeline [84]: first predict an intermediate proxy (e.g.,
𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME) from the same features, and then convert that proxy to
a query-cost estimate using a separate (e.g., linear) mapping. In our
experience, this stacked design accumulates errors across stages,
and predicting 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME is nearly as difficult as the final cost.
Therefore, we train our model to directly predict query cost.
Model Selection. We use GBDT as ANNiE’s prediction model
because it achieves a good balance between accuracy and effi-
ciency. GBDT automatically selects informative features and pro-
vides fast training and inference (∼minutes and∼10𝜇s, respectively).
Although more expressive models such as GNNs [62] can further
improve accuracy, they incur over 100× higher CPU inference la-
tency and substantially larger memory overhead.
Sampling and Training Set Construction. Training queries are
drawn from vectors generated by the same embedding model as
the dataset2. Each query 𝑞𝑡 is associated with a recall target 𝑟@𝑘

and labeled with its actual query cost 𝐶 (𝑞𝑡 ). To obtain the label,
we compute the groundtruth 𝑁𝑘 (𝑞𝑡 ) and execute greedy search,
recording the NDC at which the target recall is first achieved.
Loss function. For cost estimation without guarantees, we use L1
loss (ℓ (𝑦,𝑦) = |𝑦−𝑦 |), whichminimizes the absolute prediction error,
but produces underestimation for roughly half of the samples [64].
To provide RTG, ANNiE adopts the quantile loss [43], where the
quantile level 𝜏 is set equal to 𝑝 .

ℓ𝜏 (𝑦,𝑦) = max
(
(1 − 𝜏) (𝑦 − 𝑦), 𝜏 (𝑦 − 𝑦)

)
(2)

We discuss the property of the quantile loss in Section 4.6.

4.3 Adaptive Preliminary Search: Homing Phase
In this subsection, we introduce an adaptive algorithm that quickly
locates the query neighborhood, where ANNiE collects information
for cost estimation. Graph search typically consists of a homing
phase, which approaches the query neighborhood from an entry
point, followed by a refining phase that explores nearby candidates,
from the closest and gradually to farther points (Figure 4a). ANNiE
estimates the final query cost at the transition between these two
phases (the red dotted line). Prior studies show that homing usually
accounts for less than 20% of the total search time [74, 85]3.

2If such vectors are unavailable, we generate synthetic vectors with a GMM [1],
following [74].
3These papers refer to the homing and refining phases simply as Phases 1 and 2.

(a) Two-phase search: The dis-
tance rapidly decreases in the
homing phase and gradually in-
creases in the refining phase.

(b) The easy query should pre-
dict earlier, and the hard query
should predict later.

Figure 4: Illustration of the adaptive phase transition.

Algorithm 2 PhaseTrans(BSF heap 𝐻 ′, history windowH )
1: if |𝐻 ′ | < 𝑘 ′ or |H | < 𝑤 then
2: return False
3: (𝑑𝑣𝑡𝑜𝑝 , 𝑣𝑡𝑜𝑝 ) ← the heap top of 𝐻 ′

4: 𝑑𝑚𝑖𝑛 ← min{𝑑 | 𝑑 ∈ H}
5: return 𝑑𝑚𝑖𝑛 > 𝑑𝑣𝑡𝑜𝑝

Algorithm 3 Bitwise Subgraph Construction (𝐺 , vertex set S)
1: Assign IDs to vertices in S
2: Initialize A← 0𝑠×𝑠
3: for all (𝑣,𝑢 ) ∈ 𝐸, 𝑣,𝑢 ∈ S do
4: A[ID[𝑣 ] ] [ID[𝑢 ] ] ← 1
5: return A

Since easy and hard queries reach the neighborhood at different
speeds (Figure 4b), a fixed time limit for the homing phase is inap-
propriate. ANNiE employs an adaptive phase-transition algorithm
that determines when the search has reached the query neighbor-
hood, allowing easy and hard queries to transition at different times.
Specifically, ANNiE monitors the distances of recently visited nodes.
During homing, these distances decrease rapidly; after entering the
neighborhood, they stabilize and may even increase. As shown in
Algorithm 2, ANNiE maintains (i) a sliding history window of 𝑤
steps,H = {ℎ𝑛1, ℎ𝑛2, . . . , ℎ𝑛𝑤}, storing the distances of the latest
𝑤 visited nodes to the query vector, and (ii) a smaller result heap
𝐻 ′ with capacity 𝑘′ < 𝑘 storing the BSF 𝑘′ answers. The transition
is detected when:

min
(
{𝐷 (𝑞, ℎ𝑛𝑖 ) | 𝑖 = 1, 2, . . . ,𝑤}

)
> 𝐷 (𝑞, 𝑣𝑡𝑜𝑝 ) (3)

where 𝑣𝑡𝑜𝑝 is the top element of the heap𝐻 ′. This condition implies
that if the algorithm has not updated 𝐻 ′ for the last𝑤 steps, then
the homing phase has ended (lines 3-5).

To determine the value of the parameters 𝑤 and 𝑘′, in prepro-
cessing, we sample 1k queries from the training set, conduct a
two-dimensional binary search over (𝑤,𝑘′) pairs, and evaluate the
average proportion of the homing phase time to the whole search
time 𝑡 ∈ (0, 1) for each pair across the sampled queries. Following
previous work that show that 20% of the query time is sufficient to
reach the query neighborhood [74, 82], ANNiE sets the values of
parameters (𝑤,𝑘′) such that 𝑡 = 0.2. We further discuss our choice
for parameter 𝑡 in Section 6.6.
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4.4 Local Subgraph Construction
We first formally define the local subgraph and then describe how
to find it approximately and efficiently in ANNiE.

Definition 7 (𝛿-Local Subgraph). Given a query vector 𝑞, the
𝛿-local subgraph is the subgraph induced by 𝑁𝛿 (𝑞) on 𝐺 , where 𝛿 =

min{𝑖 | 𝐺 [𝑁𝑖 (𝑞)] contains a 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest with terminals 𝑁𝑘 (𝑞)}.

The 𝛿-local subgraph, formed and induced by the nearest neigh-
bors of the query node, is theminimum subgraph that might contain
a full search path (i.e., the 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest), which has been proven
essential for predicting the actual query cost [74].

However, it is infeasible to calculate it exactly. We thus build
an approximate local subgraph.Since the query neighborhood has
already been reached on estimation, and typically in the homing
phase some of the nearest neighbors of the query has been accessed
(see Figure 4), our basic idea is to collect the closest nodes ever
accessed during the homing phase and induce a subgraph over
these nodes. In this way, our approximate subgraph are close to
the exact one, and the resulting graph-structural features are also
similar.

Specifically, in the homing phase, we collect the accessed nodes
(either popped from the queue or still in pq, see Algorithm 1), and
sort them according to their distance to the query vector to form
the node set S. If |S| is smaller than a given node number budget
𝑠 , we consider the out-neighbors of the nodes in S (in order) for
inclusion. Then a subgraph 𝐺S is induced from 𝐺 . Note that this
procedure does not introduce any additional distance calculations.
Is the approximate local subgraph informative enough? To
evaluate the information content of the approximate subgraph, we
train a powerful predictor that takes the subgraph as input and esti-
mates the query cost. High prediction accuracy would indicate that
the extracted subgraph preserves the information needed for this
task. Specifically, we use a three-layer GAT [67] with mean pooling,
followed by a two-layer MLP regressor. Each node is represented by
a 14-dimensional feature vector consisting of its in-/out-degrees in
the original and extracted subgraphs, together with distances to ten
randomly selected pivots. Themodel achieves aMAPE of 21% on the
approximate subgraph. Using the exact 𝛿-Local Subgraph further
reduces the MAPE to 7%. Although a gap remains, the approximate
subgraph substantially outperforms the baselines (>100% MAPE),
demonstrating that it retains most of the information required for
accurate prediction.
Bitwise representation of the subgraph. We encode the sub-
graph using a compact bitset-based adjacency matrix, as shown in
Algorithm 3, to improve efficiency. Each vertex 𝑣 in 𝐺S is assigned
a local index ID[v] ∈ [0, 𝑠), where 𝑠 is the number of vertices in
the subgraph (line 1). Its neighbor list is represented as a bit vector
of length 𝑠 , where the 𝑖-th bit indicates whether 𝑣 is connected to
vertex 𝑖 (lines 3-4). This representation enables low-level bitwise
operations, benefiting later feature calculations.

4.5 Graph-Structural Features
In this subsection, we describe how we extract features from the
local subgraph. Our intuition is to define and utilize the key factors
that influence the size of the Steiner forest. Because 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME ,
defined as the minimum 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -forest size, is strongly correlated

(a) Sparse with low reachability. (b) Dense with high reachability.

Figure 5: Density and reachability imply the size of the 𝑆𝑡𝑒𝑖𝑛𝑒𝑟
forest (green nodes and edges). 𝑛∗

𝑖
are BSF 𝑘NN nodes.

Table 1: ANNiE’s novel input features.

Category Features Description

Density 𝐶𝐿 (𝑣𝑖 ), 𝑖 = 1 . . . 𝑘 The clustering coefficient of BSF 𝑘NN
nodes.

avg_𝐶𝐿 The average clustering coefficient of nodes
in the approximate subgraph.

Reach-
ability 𝑗 -hop-reach, 𝑗 = 1 . . . ℎ The average number of reachable points

in the approximate local subgraph starting
from BSF 𝑘NN nodes.

with query cost [74], these factors can serve as effective features
for our model.

Informally, the size of a 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest determines the minimum
number of nodes needed to connect all terminal pairs. 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME
captures the connectivity among the 𝑘NN nodes in the local sub-
graph. If the (BSF) 𝑘NN nodes are well connected in the subgraph,
the search algorithm can find them quickly. Otherwise, the search
algorithm must explore more nodes and traverse multi-hop paths
to reach the 𝑘NN nodes, leading to higher query cost. Therefore,
the connectivity among the (BSF) 𝑘NN nodes is a key factor that our
features should capture. In ANNiE, we describe connectivity by
measuring the density of the local subgraph and the reachability of
the (BSF) 𝑘NN nodes within the subgraph.
Density Features of the Local Subgraph. We use the average
clustering coefficient [28] of the nodes in the local subgraph to
describe its density. In a directed graph, the clustering coefficient
measures how likely the neighbors of a node are also connected.We
compute the average clustering coefficient over all nodes in the
subgraph along with the clustering coefficient of each 𝑘NN nodes,
all of which have been computed in pre-processing.
Reachability of 𝑘NN nodes in the Local Subgraph.We conduct
an ℎ-hop breadth-first search (BFS) from each (BSF) 𝑘NN node on
the subgraph𝐺S and record how many nodes are reached at each
hop. This yields a (𝑘 × ℎ) matrix representing the reachability of
the 𝑘NN nodes. We then average each column (i.e., each hop) to
obtain an ℎ-dimensional vector as the final graph-structural feature.
The 𝑖-th element represents the average number of nodes in 𝐺S
that are reachable within 𝑖 hops from the 𝑘NN nodes.

This reachability feature captures connectivity in𝐺S . In partic-
ular, if nodes in𝐺S are well connected, the 𝑘NN nodes can quickly
reach most nodes in 𝐺S . Thus, for easy queries, the reachability
values tend to be larger and concentrated in the early hops. In sum-
mary, for each query, we use a feature vector of dimension ℎ +𝑘 + 1
to describe connectivity in the local subgraph and guide the model
to predict the size of the 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 forest.
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Algorithm 4 Bitwise Multi-Source BFS (Bit matrix A, 𝑉𝑘 , ℎ)
1: reaches← an empty matrix with size (𝑘 × ℎ)
2: for each source 𝑣 ∈ 𝑉𝑘 do
3: frontier, visited← A[𝑣 ]
4: reaches[ID[v]][0]← POPCNT(frontier)
5: for ℓ = 1 to ℎ − 1 do
6: accum← ∨

𝑢∈frontier A[𝑢 ]
7: frontier← accum & ¬visited
8: visited← visited | frontier
9: reaches[𝐼𝐷 [𝑣 ] ] [ℓ ] ← POPCNT(frontier)
10: if frontier = ∅ then
11: break
12: return reaches

Calculating features using SIMD. Since the size of the subgraph
and the hop count ℎ is a small constant (e.g., 4), we implement
a SIMD-based BFS algorithm to improve efficiency, as shown in
Algorithm 4. For each source BSF 𝑘NN node 𝑣 , we maintain three
𝑠-bit bitsets: visited, frontier, and accum. Both visited and
frontier are initialized with the neighbors of 𝑣 . At each hop, neigh-
bors of all nodes in frontier are aggregated into accum, and the
next frontier is obtained as accum \ visited. The newly discov-
ered nodes are added to visited, and their count is recorded via
POPCNT(frontier). The traversal terminates when the frontier
becomes empty or the maximum hop count ℎ is reached.

4.6 Accuracy Guarantee on the Estimation
On estimation with guarantees, we use quantile loss (Eq. 2) to train
the GBDTmodel. When the model underestimates, the quantile loss
imposes a higher penalty than when it overestimates. Specifically,
training with quantile loss yields a model such that 𝑝(%) of the
samples are overestimated and (1 − 𝑝) are underestimated, which
is formally described as follows.

Theorem 1. Consider an RTG probability 𝑝 ∈ (0, 1), a query
vector 𝑞, and a recall target 𝑟@𝑘 . Let (𝑋,𝑌 ) denote random vari-
ables corresponding to the model input and the query-cost label 𝐶 (𝑞),
respectively. Assume that the training procedure learns a globally
optimal model F𝜃★ minimizing the expected quantile loss

E(𝑋,𝑌 ) [ℓ𝑝 (𝑌, F𝜃 (𝑋 ))] .

Then, F𝜃★ (𝑋 ) estimates the conditional 𝑝-quantile of 𝑌 given 𝑋 , and
satisfies

Pr[F𝜃★ (𝑋 ) ≥ 𝑌 ] ≥ 𝑝. (4)

The proof of Theorem 1 follows directly from a standard prop-
erty of the quantile loss function [43], and is omitted for brevity.
Note that Theorem 1 only proves the RTG on the training set 𝑋 .
On the test set, the RTG may be slightly violated for two reasons.
First, the finite size of the test set and possible distribution shifts
between the training and test sets may limit the precision of the
probability measurement. Second, Theorem 1 assumes an optimizer
that minimizes the expected quantile loss, whereas a practical opti-
mizer (constrained by limited iterations and model capacity, e.g.,
number of leaves) may converge to a local optimum. We verify this
guarantee empirically in Section 6.4.

Algorithm 5 ANNiE-S (graph𝐺 , query vector 𝑞, recall target 𝑟@𝑘 ,
optional probability 𝑝).
1: 𝑝𝑞 ← priority queue with unlimited capacity, initialized with entry point(s)
2: 𝐻 ← a max-heap with capacity 𝑘
3: 𝐻 ′ ← a max-heap with capacity 𝑘 ′ , H ← a queue with capacity 𝑤

4: ndc← 0,𝐶 (𝑞) ← ∞
5: while 𝑝𝑞 is not empty do
6: (𝑑𝑣𝑐 , 𝑣𝑐 ) ← pop an element from 𝑝𝑞

7: Pushback 𝑑𝑣𝑐 into H
8: if |H | > 𝑤 then
9: Popfront H
10: if 𝐶 (𝑞) =∞ and PhaseTrans(𝐻 ′,H) = True then

11: 𝐶 (𝑞) ← ANNiE.Predict(𝐺,𝑞,𝐻, 𝑟, 𝑘, 𝑝)

12: for each neighbor 𝑣 of 𝑣𝑐 that has not been accessed do
13: ndc← ndc + 1
14: 𝑑𝑣 ← 𝐷 (𝑣, 𝑞)
15: Insert (𝐷 (𝑣, 𝑞), 𝑣) into 𝑝𝑞,𝐻 , insert 𝐷 (𝑣,𝑞) into 𝐻 ′

16: Resize 𝐻 to be 𝑘 , resize 𝐻 ′ to be 𝑘 ′

17: if 𝐶 (𝑞) ≠ ∞ and ndc ≥ 𝐶 (𝑞) then
18: return 𝐻

19: Mark 𝑣 as accessed
20: return 𝐻

5 ANNIE-S FOR (𝑝, 𝑟 )-ANNS
Based on our cost estimator ANNiE, we propose ANNiE-S (read
as: ANNiE search), which answers the (𝑝, 𝑟 )-ANNS query (Defini-
tion 6) by slightly modifying the greedy search algorithm. ANNiE-S
only requires the user to provide 𝑝 and (optionally) 𝑟 (cf. Algo-
rithm 5), removing the need to tune the 𝑒 𝑓 parameter . As shown in
Algorithm 5, we highlight the modifications in purple (underlined).

Specifically, in the homing phase, we record the current NDC
(line 13) and maintain the observatory heap 𝐻 ′ (lines 15-16) and
the historical windowH (lines 7-9). Based on 𝐻 ′ andH , we check
the current phase at each step (line 10). Upon entering the refining
phase, we invoke ANNiE to obtain an estimate (line 11). We then
continue the search until the current NDC reaches the estimate
(line 17). Note that we remove the qualification check when in-
serting nodes into 𝑝𝑞, since it is no longer part of the algorithm’s
termination condition. The traditional parameter 𝑒 𝑓 , which used
to be tuned to achieve different accuracy levels, is removed from
our algorithm, since ANNiE automatically drives the search to the
recall target. We can then derive the following corollary.

Corollary 1. The result returned byAlgorithm 5 satisfies Pr[𝑅𝑒𝑐𝑎𝑙𝑙
(A𝑝 (𝑞, 𝑟@𝑘)) ≥ 𝑟 ] ≥ 𝑝 , i.e., it answers the (𝑝, 𝑟 )-ANNS query as
defined in Definition 6.

Proof. Theorem 1 gives Pr
[
𝐶 (𝑞) ≥ 𝐶 (𝑞)

]
≥ 𝑝 . By Definition 3,

the cost 𝐶 (𝑞) yields a minimum recall of 𝑟 . Since recall is non-
decreasing in the search cost, using the estimated budget implies
the recall is no less than 𝑟 . □

6 EXPERIMENTS
6.1 Experimental Setup
Experiments were conducted on amachinewith two 40-core Intel(R)
Xeon(R) Platinum 8383C 2.70GHz CPUs and 1TB main memory. All
the codes are implemented in C/C++, compiled by g++ 10.1.0 with
-O3 optimization. Experimental datasets are listed in Table 2.
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Table 2: Dataset characteristics.

Dataset #Base Dim. Size (GB) #Query Type

Deep (1M~1B) [68] 1M~1B 96 0.36~358 10K Image
GIST1M [5] 1M 960 3.58 1K Image
MSMARCO10M[23] 10M 1024 38.15 10K Text
OpenAI4M [56] 4M 1536 22.89 1K Text
Text2Image10M [12] 10M 200 7.45 10K Text&Image

Baselines. For cost estimation, we compare ANNiE with LAET [46].
We also adapt DARTH [18] to become a cost estimator, by making
its output the same as the output of LAET; we denote this baseline
as DARCE (DARTH for Cost Estimation). For evaluating ANNiE’s
query algorithm, we compare it against the original DARTH. We
use the DaiSy Library [25] to compute fast the groundtruth answers
needed for training the above models.
Parameters We set the recall target to be 𝑟 ∈ [0.90, 0.99] and
𝑘 ∈ {20, 50, 100, 200, 500} (by default 𝑟=0.95, 𝑘=100). We focus on
high recall ranges because the applications of vector retrieval are
mostly accuracy sensitive (e.g., RAG [86] and recommendation
systems [51]). Unless otherwise noted, in our experiments, we use
the HNSW [52] index4. The node number for the local subgraph 𝑠
is 200, and the hop count ℎ is 4. By default,𝑤 and 𝑘′ are selected to
make the average homing proportion 𝑡 = 0.2.
Measures.We evaluate the accuracy of estimation without guar-
antee by MAPE and Q-Error, as defined in Section 2.3. For estima-
tion with guarantee, we only test the errors on the over-estimated
part and overlook the underestimated part by adapting MAPE.
Specifically, we define 𝑝MAPE= 1

|𝑄 |
∑
𝑞∈𝑄 𝐼 (𝑞) ∗ F(𝑞)−𝐶 (𝑞)

𝐶 (𝑞) , where
𝐼 (𝑞) = 1 iff. F (𝑞) > 𝐶 (𝑞). Besides indicating the estimation accu-
racy, 𝑝MAPE also measures the percentage of additional effort the
algorithms pay for the queries that reach the recall target.
Model Training. All three methods use GBDT as the prediction
model, and we use 100k training samples per recall target to train
models for all the datasets, with 0.05 learning rate. We set the
minimum number of data in the leaf of GBDT to be 1000. With
L1 loss, the number of boosting rounds is set to 10,000 and the
training will be early stopped once no improvement is made in the
last 500 rounds on the validation set, and the number of leaves is
set to 32. With quantile loss, the number of boosting rounds is 400
and the number of leaves is set to 6 to avoid overfitting. Each RTG
probability is attached to a model. GBDT models occupy tens of
MBs in memory, which is a negligible space burden, and training
models needs only three minutes on average.

6.2 Main Results: Cost Estimation Accuracy
Estimating without guarantee.We first evaluate estimation ac-
curacy without guarantee under different recall targets. To align
the methods, we tune 𝛼 for LAET and the recall target of DARCE
so that the average recall of these methods reaches the recall target.
Note that ANNiE can reach the recall target automatically. Table 3
shows the accuracy of cost estimation when the recall targets are
achieved on average across the test queries. On average, ANNiE
achieves a significant 5.5-8.3× better MAPE and 1.7-2.2× better

4We only use the base layer of HNSW since the hierarchy does not provide any
additional benefit in high-dimensional datasets [54, 70, 73].

Q-Error compared to the baselines LAET and DARCE. The largest
improvements occur on MSMARCO (8.3× better MAPE and 2.2×
better Q-Error), suggesting that ANNiE better fits text-embedding
datasets with varying statistical properties.
Estimating with guarantee. We evaluate estimation accuracy
when 𝑝=90%, 95%, and 99% in Table 4, which respectively means
that 90%, 95%, and 99% of the queries reach the recall target. Again,
LAET and DARCE achieve this coverage by manually tuning the
respective parameters. ANNiE demonstrates 2.0-2.4×, 1.9-2.6×, and
2.7-6.6× better 𝑝MAPE than baselines for 𝑝=90%, 95%, and 99%,
respectively. Other results are omitted due to similar conclusions.
Estimating on different graph indexes. Table 5 shows the predic-
tion accuracy of three methods on three additional graph indexes,
Vamana [40], NSG [31], and CAGRA [55], where 𝑟=0.95, 𝑘=100,
and estimation accuracy without and with guarantee is measured
by MAPE and 𝑝MAPE, respectively. The results show that across
datasets, ANNiE achieves 3.0× and 2.9× better MAPE and 𝑝MAPE
on Vamana, and 3.4× and 2.8× on NSG, and 3.6× and 2.3 × on CA-
GRA, respectively. We also observe that the estimation accuracy of
the same method is similar across graph types. This is because most
major graph indexes follow the small-world graph primitive [42]
and adopt greedy search algorithms for ANNS. ANNiE (as well as
the baselines) is independent of specific index-building strategies,
and thus can be applied to different graph indexes.
Ablation study. Figure 6 shows the ablation study. Augmenting
the predictor with the exact 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME reduces MAPE from 20%
to 7% and 𝑝MAPE from 81% to 35%, providing an upper bound on
ANNiE’s accuracy. Removing graph-structural features increases
MAPE and 𝑝MAPE by 51% and 83%, respectively, while replacing
the adaptive phase-transition algorithm with a fixed NDC of 200
causes a further increase of 44% and 26%.

6.3 Estimation Efficiency
We evaluate ANNiE’s estimation overhead (feature extraction and
model inference) in Figure 7. As shown in Figure 7a, our feature-
extraction algorithm (with single thread) is 15–20× faster than
the exact 𝑆𝑡𝑒𝑖𝑛𝑒𝑟 -ME computation [74] (with 32 threads), while
the bitwise implementation provides an additional 5–7× speedup.
The estimation overhead remains at most 21% of the total search
time across recall targets from 0.90 to 0.99 (Figure 7b) and grows
sublinearly with the subgraph size 𝑠 (Figure 7c). We therefore use
𝑠 = 200 by default, resulting in an estimation latency below 0.4ms
and satisfying the 1ms budget.

6.4 Empirical Results on RTG Probability
To empirically verify whether ANNiE achieves the RTG probability
in Definitions 5 and 6, we show histograms of the achieved recall
over the test queries in Figure 8, for different RTG probabilities 𝑝
and different datasets. We only show results for a recall target of
0.95@100, since other targets lead to similar results. We observe
that at least (𝑝 − 2%) of the queries achieve the specified recall
target, demonstrating that ANNiE closely matches the claimed
RTG probability. Moreover, the recall of queries that do not achieve
the target still remains very close to the target: no query had a
recall less than 0.90.
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Table 3: Cost estimation accuracy w/o RTG (Definition 4). The recall target on each column (𝑟@𝑘) is reached on average.

Data Method 0.95@20 0.98@50 0.90@100 0.95@100 0.99@100 0.90@200 0.95@200 0.99@200 0.90@500 0.95@500 0.99@500

MAPE QErr MAPE QErr MAPE QErr MAPE QErr MAPE QErr MAPE QErr MAPE QErr MAPE QErr MAPE QErr MAPE QErr MAPE QErr

GIST
1M

LAET 102.79% 2.08 97.79% 2.04 47.96% 1.54 54.87% 1.62 331.20% 4.31 38.34% 1.45 49.34% 1.54 210.30% 3.11 34.02% 1.40 44.95% 1.49 106.59% 2.08
DARCE 105.02% 2.12 101.89% 2.09 53.85% 1.62 75.86% 1.82 338.69% 4.39 52.03% 1.59 56.88% 1.64 218.35% 3.19 46.30% 1.53 53.73% 1.60 114.71% 2.17

ANNiE 35.35% 1.48 27.50% 1.36 17.46% 1.20 18.52% 1.22 25.49% 1.33 12.82% 1.14 13.89% 1.16 19.31% 1.23 8.78% 1.10 9.53% 1.10 12.79% 1.15

Deep
10M

LAET 119.81% 2.29 182.55% 2.88 60.35% 1.73 95.96% 2.04 404.71% 5.05 59.42% 1.70 79.35% 1.89 243.05% 3.45 54.36% 1.64 68.69% 1.78 116.48% 2.23
DARCE 119.64% 2.30 232.49% 3.37 68.08% 1.81 98.81% 2.09 408.53% 5.10 62.95% 1.76 95.88% 2.05 247.97% 3.51 58.84% 1.71 88.30% 1.96 211.90% 3.14

ANNiE 41.05% 1.57 29.61% 1.39 20.24% 1.24 20.93% 1.25 26.13% 1.33 15.30% 1.18 15.95% 1.19 20.25% 1.25 11.37% 1.13 11.60% 1.13 14.70% 1.17

MSMA
RCO
10M

LAET 66.18% 1.76 130.61% 2.36 38.55% 1.46 50.13% 1.58 852.87% 9.53 39.01% 1.45 51.65% 1.58 500.44% 6.01 38.77% 1.45 48.46% 1.54 211.60% 3.12
DARCE 71.76% 1.81 126.02% 2.32 37.37% 1.45 55.38% 1.63 832.33% 9.32 38.03% 1.45 50.02% 1.57 487.82% 5.88 40.30% 1.46 51.74% 1.57 205.39% 3.06

ANNiE 28.18% 1.47 31.91% 1.50 21.76% 1.27 24.82% 1.32 27.18% 1.39 19.42% 1.23 18.60% 1.22 21.64% 1.28 13.96% 1.16 14.00% 1.16 16.36% 1.20

Open
AI4M

LAET 95.44% 2.08 224.57% 3.28 51.66% 1.64 79.26% 1.90 571.32% 6.72 53.61% 1.65 78.92% 1.88 329.41% 4.31 54.87% 1.64 71.43% 1.81 142.10% 2.47
DARCE 94.95% 2.08 225.24% 3.29 52.84% 1.67 80.45% 1.92 572.10% 6.73 54.73% 1.68 80.11% 1.91 329.86% 4.32 56.44% 1.68 72.93% 1.84 142.81% 2.49

ANNiE 36.88% 1.61 39.47% 1.55 25.91% 1.32 24.93% 1.31 28.99% 1.41 20.10% 1.24 18.34% 1.23 23.90% 1.31 15.20% 1.18 15.81% 1.19 18.97% 1.24

Table 4: Estimation accuracy with RTG (Definition 5), in 𝑝MAPE.

Data Method
𝑝=90%, 𝑘=100 𝑝=95%, 𝑘=100 𝑝=99%, 𝑘=100

Avg
𝑟=0.90 𝑟=0.95 𝑟=0.99 𝑟=0.90 𝑟=0.95 𝑟=0.99 𝑟=0.90 𝑟=0.95 𝑟=0.99

GIST
1M

LAET 102.6% 111.2% 154.4% 118.0% 128.2% 188.7% 441.9% 511.7% 486.3% 249.2%
DARCE 144.5% 160.0% 195.4% 200.7% 198.6% 274.4% 542.8% 643.3% 572.2% 325.8%

ANNiE 48.42% 51.16% 76.66% 60.39% 67.14% 98.86% 100.4% 112.8% 197.1% 90.32%

Deep
10M

LAET 126.9% 146.4% 203.9% 166.2% 189.4% 263.3% 427.7% 541.4% 894.6% 328.9%
DARCE 167.2% 189.6% 246.5% 240.0% 273.7% 347.8% 1979% 2605% 4324% 1153%

ANNiE 54.43% 56.97% 76.74% 68.51% 72.70% 99.06% 105.2% 113.6% 170.4% 90.85%

MSMA
RCO
10M

LAET 88.73% 104.8% 151.5% 133.7% 152.7% 225.0% 352.1% 395.3% 606.5% 245.6%
DARCE 112.5% 129.7% 177.2% 173.1% 201.4% 274.2% 498.4% 545.4% 775.1% 320.8%

ANNiE 68.37% 82.56% 101.1% 93.81% 115.3% 149.8% 182.9% 234.6% 328.4% 150.8%

Open
AI4M

LAET 130.4% 151.1% 227.2% 167.6% 206.2% 302.8% 310.5% 380.9% 561.8% 270.9%
DARCE 141.8% 170.8% 239.8% 215.0% 251.3% 351.1% 528.8% 514.6% 801.6% 357.2%

ANNiE 79.16% 76.36% 93.73% 103.8% 99.76% 124.3% 166.4% 159.0% 218.5% 124.6%

Table 5: Estimation on different graphs.

Vamana NSG CAGRA

No guar. 𝑝=95% No guar. 𝑝=95% No guar. 𝑝=95%

58.76% 131.9% 51.22% 116.6% 55.84% 124.7%
79.11% 205.5% 73.45% 168.1% 76.03% 186.9%

17.88% 58.42% 17.92% 57.31% 18.21% 55.73%

103.9% 194.3% 92.60% 176.3% 98.45% 183.7%
107.2% 288.9% 99.90% 245.7% 103.6% 267.4%

22.13% 75.10% 18.33% 68.58% 19.74% 71.62%

53.27% 166.8% 51.73% 143.8% 52.81% 154.2%
59.05% 238.1% 54.29% 185.0% 57.13% 209.4%

25.28% 122.6% 20.07% 109.4% 22.44% 116.8%

82.4% 211.1% 78.80% 198.5% 80.67% 203.3%
82.8% 260.7% 79.02% 235.3% 81.45% 247.8%

25.22% 106.6% 23.66% 92.21% 24.11% 98.74%

(a) Without RTG. (b) With RTG.

Figure 6: Ablation study of ANNiE on Deep10M
dataset, 𝑟=0.95 in (b).

(a) Speedup of ANNiE’s bit-
wise feature calculation al-
gorithm.

(b) Ratio of estimation
time to the whole search
time in (𝑝 ,𝑟 )-ANNS, 𝑝=99%.

(c) The impact of different
number of nodes 𝑠 on esti-
mation time.

Figure 7: Estimation efficiency of ANNiE.

6.5 Search Performance of ANNiE-S
Figures 9 and 10 present query-performance comparisons across
datasets. Results for other values of 𝑘 and 𝑝 exhibit the same trends
and are omitted. Note that LAET and vanilla HNSW can reach
neither the recall target 𝑟 , nor the RTG probability 𝑝 , automatically.
In order to be able to compare the results, we manually tune the
search parameters so that they satisfy the accuracy requirement
in 𝑟 -ANNS and (𝑝, 𝑟 )-ANNS queries. We mark their results with
dotted lines for distinction. DARTH can answer 𝑟 -ANNS but not
(𝑝, 𝑟 )-ANNS queries. For the latter case, we manually increase the

recall target to a larger value to make the algorithm search more
nodes and reach higher recall targets. We also mark DARTH with
dotted lines in Figure 10. Nevertheless, when 𝑝 is high, DARTHmay
still fail to reach the recall target with probability 𝑝 (see Figure 10(a)
and (b)). Overall, ANNiE-S outperforms DARTH, vanilla HNSW
and LAET across all datasets by 2.1×, 1.8×, and 3.9× speedup on
𝑟 -ANNS queries when 𝑟=0.99, and 3.5×, 2.2×, and 5.8× speedup on
(𝑝, 𝑟 )-ANNS queries, when 𝑝=99%, 𝑟=0.95.

In Figure 9, ANNiE-S shows the best query performance, fol-
lowed by vanilla HNSW, DARTH and LAET. When 𝑟 is low (<0.96),
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(a) 𝑝=90% (89% achieved) (b) 𝑝=95% (94% achieved) (c) 𝑝=99% (99% achieved) (d) 𝑝=95% (95% achieved) (e) 𝑝=95% (96% achieved)

Figure 8: Empirical validation of the RTG probability 𝑝 in ANNiE (𝑟=0.95,𝑘=100), 10k queries for (a)-(c), 1k for (d)-(e).

(a) GIST1M. (b) Deep10M. (c) MSMARCO. (d) OpenAI4M.

Figure 9: 𝑟 -ANNS query, 𝑟 ∈ [0.9, 1.0]. Dotted lines mean that
the methods aremanually tuned to reach the recall targets 𝑟 .

(a) GIST1M. (b) Deep10M. (c) MSMARCO. (d) OpenAI4M.

Figure 10: (𝑝, 𝑟 )-ANNS query, 𝑝=99%. Dotted lines mean the
methods aremanually tuned to reach 𝑟 with probability 𝑝.

(a) Impact of avg.
homing prop. 𝑡 on es-
timation accuracy.

(b) Impact of #sub-
graph nodes 𝑠 on es-
timation accuracy.

(c) Impact of window
size 𝑤 on estimation
accuracy and avg. hom-
ing proportion 𝑡 .

(d) Impact of history
window size 𝑤 on re-
call and latency.

(e) Impact of hop count
ℎ on estimation accu-
racy and estimation
time.

(f) Impact of hop count
ℎ on recall and latency.

Figure 11: The influence of the parameters (𝑘=200, 𝑟=0.95, (c)-(f) is run on Deep100M dataset to show the difference better).

vanilla HNSW is close to ANNiE-S, because it sacrifices the accu-
racy of hard queries, and puts more effort into easy queries to gain
more overall recall. The situation is different when 𝑟 is high (>0.96),
since most easy queries have reached recall=1.0, and vanilla HNSW
has to invest more on hard queries. Note that early-termination
approaches (LAET, DARTH) do not necessarily lead to increased
average recall, since the return on hard queries is lower than on easy
queries (for the same search time investment). This also highlights
the intrinsic draw back of the average recall measure.

Figure 10 shows the performance comparison of (𝑝, 𝑟 )-ANNS
queries when 𝑝=99%. ANNiE-S still performs the best, followed by
DARTH, vanilla HNSW and LAET. The low performance of LAET
is due to inaccurate predictions. DARTH mitigates inaccuracies
through the periodical refining of predictions, but slows down
the execution, especially when the search process has to be long.
ANNiE-S overcomes these two problems by producing accurate
predictions early.

6.6 Parameter Study
We study the effects of four ANNiE parameters—average homing
proportion 𝑡 , subgraph size 𝑠 , history window size 𝑤 , and hop
count ℎ—in Figure 11. As shown in Figure 11a, accuracy improves
markedly from 𝑡 = 0.1 to 0.2 because most queries have then
reached their local neighborhoods, so we use 𝑡 = 0.2 by default.
Figure 11b further shows stable performance once the subgraph
contains at least 200 nodes.

Figures 11(c)-(d) show that increasing𝑤 lengthens homing and
raises 𝑡 , but yields limited benefits: even on the 100M dataset, MAPE
decreases only from 21% to 20% as𝑤 grows from 4 to 10. Since most
queries reach their neighborhoods around 𝑡 ≈ 0.2, further explo-
ration has little effect on prediction accuracy, recall, or latency. The
small increases in recall and latency arise because higher predicted
costs for hard queries better meet the target recall of 0.95. Finally,
Figures 11(e)-(f) show that accuracy converges at ℎ = 3, while
feature-extraction time grows roughly linearly and saturates near
ℎ = 6, when most local subgraphs are covered. Larger ℎ provides
negligible gains on search quality or latency.
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(a) Estimation w/o
guarantees.

(b) Estimation w. guar-
antees (𝑝=95%).

(c) Influence on
search performance.

Figure 12: Scalability result on Deep (1M~1B), 𝑟=0.95, 𝑘=100.

Table 6: Comparative results on out-of-distribution queries
on Text2Image10M. The base set is images. a→ b means the
model is trained on modality a and tested on modality b.
Metrics IMG→TXT TXT→TXT TXT→IMG IMG→IMG

MAPE 55.18% 38.64% 30.12% 15.12%
Med. recall (𝑟=0.95) 0.77 0.94 0.94 0.95
Avg. Latency (ms) 2.1 6.4 2.2 1.7

Emp. Prob. (𝑝=95%) 58.55% 94.57% 97.81% 95.21%

Figure 13: Distribution of
the challenging cases.

Table 7: Comparison between all-queries and challenging cases (Chal. in
short). Chal. are queries with recall<0.2 after the homing phase.

Data-
set Type

Rec. of
homing
phase

𝑡
Avg. of
𝐶 (𝑞) MAPE

Med.
Recall
(𝑟=0.95)

Var. of
recall
(10−3)

𝑝MAPE
(𝑝=95%)

Emp.
prob.

(𝑝=95%)

Deep
10M

All 0.46 0.20 4585 20.9% 0.95 1.4 68.5% 94.4%

Chal. 0.14 0.07 13445 32.8% 0.94 3.8 120.4% 93.8%

MSMA
RCO
10M

All 0.22 0.23 2295 24.82% 0.95 5.4 115.3% 93.9%

Chal. 0.09 0.16 2995 34.13% 0.95 9.8 156.0% 93.7%

Open
AI4M

All 0.33 0.22 3886 24.93% 0.95 1.6 99.76% 95.3%

Chal. 0.11 0.10 7604 41.93% 0.95 2.9 167.7% 95.4%

Figure 14: Different
phase detection al-
gorithms.

6.7 Scalability
In Figure 12, we study the performance of ANNiE on the Deep
dataset, when its size varies from 1M to 1B. Figure 12a shows the
results on estimation without guarantees. Estimation accuracy is
stable (MAPE≈20%) across dataset sizes, whereas estimation time
grows to 0.8ms for the 1B dataset, because the subgraph becomes
denser. For estimation with guarantees, Figure 12b shows that ac-
curacy is still stable (𝑝MAPE≈70%), while the empirical RTG prob-
ability is no less than 94%, a small deviation (within 1%) from the
promised RTG probability, 𝑝=95%. Finally, as shown in Figure 12c,
when training without guarantee, the average recall is always close
to the recall target (𝑟=0.95), while latency grows linearly.

6.8 Out-of-Distribution Queries
Table 6 evaluates cross-modality generalization on Image2Text10M,
whose base set comprises images. We train separate ANNiE models
on image and text queries, then test each on both modalities. Per-
formance drops substantially when training and test queries differ
in modality, because their prediction ranges (𝐶 (𝑞)) differ markedly
and cannot be adjusted without refining the model; RTG’s empirical
probability also deviates from 𝑝 , invalidating its guarantee. Con-
versely, accuracy remains high when train and test queries share a
modality, even if they differ from the base set. Thus, ANNiE remains
effective when training and test queries have similar distributions,
regardless of the base-set distribution.

6.9 Phase Detection and Challenging Cases
In this experiment, we study some challenging cases: queries for
which the homing phase fails to fully reach the local query neighbor-
hood. We define challenging queries as those with homing-phase
recall below 0.2, meaning fewer than 20% of their true 𝑘NN are

encountered. On Deep10M (𝑘=100, 𝑟=0.95), they account for 6.5%
of queries. Figure 13 shows that most challenging cases are intrin-
sically hard queries with high query costs. Although prediction
accuracy declines, it remains comparable to other hard queries,
indicating that the degradation mainly stems from query difficulty
rather than incomplete neighborhood discovery. As shown in Ta-
ble 7, challenging cases increase MAPE and 𝑝MAPE, but preserve
median recall (0.94–0.95) and RTG coverage near 𝑝=95%. These
results demonstrate the robustness of ANNiE.

We further compare our phase detection method against other
strategies, including fixed NDC [46], fixed-𝑒 𝑓 [52], fixed-𝛾 [4], and
VBASE [85]. Under each 𝑡 , lower variance indicates better adaptiv-
ity to query hardness. As shown in Figure 14, our method yields
the lowest variance, indicating that the homing proportion across
queries is closest to the target.

7 CONCLUSIONS AND FUTUREWORK
This paper presents ANNiE, the first cost estimator for graph-based
ANNS. We formally define ANNS cost estimation as predicting the
number of distance calculations to reach a recall target, and describe
how ANNiE performs accurate and efficient cost estimation. More-
over, we propose ANNiE-S, an optimized ANNS algorithm based
on ANNiE, with probabilistic quality guarantees on the achieved
results. In future work, we will study the integration into database
query engines for cost estimation, query plan selection, and other
optimization techniques of hybrid queries involving vector search.
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