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ABSTRACT
Approximate Nearest Neighbor (ANN) search is widely used in
applications such as recommendation systems, search engines, and
natural language processing. Indexing techniques like the Inverted
File (IVF) o!er e"ciency at the cost of accuracy, yet lack formal
mechanisms to quantify or control approximation error. Existing
approaches that attempt to provide such guarantees typically rely
on restrictive assumptions about underlying data distributions,
which limits their generalizability. We introduce ConANN, the #rst
framework to provide formal, distribution-free error guarantees for
IVF-based ANN search by leveraging recent advances in Conformal
Risk Control. Empirical evaluation across #ve standard benchmarks
demonstrates that ConANN: (1) tightly controls approximation er-
ror, achieving a worst-case False Negative Rate deviation within
0.03 percentage points of the target; (2) provides formal guarantees
without requiring expansion of the search space, and in some cases
even reduces the number of probed clusters; (3) dynamically adapts
the cluster probes required per query; and (4) incurs negligible
overheads when compared to existing state-of-the-art baselines.
ConANN is integrated into the FAISS vector search library, facili-
tating adoption in real-world ANN systems.
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1 INTRODUCTION
The rise of unstructured data, such as text, images, and audio, has
transformed how we represent and process information. Today,
much of this data is encoded into dense vector embeddings, en-
abling powerful semantic similarity tasks across domains such as
search engines, recommendation systems, and natural language
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Context 1: “The Origin of 
Species, by Charles Darwin”

Q: “Who wrote the book The Origin of species?”

Context 2: “draft title page 
suggests On the Mutability of 
Species.[…]”

Context 3: “both genotypic 
and phenotypic, exists within 
all populations of […]”

Figure 1: Example of approximate IVF search in a RAG-based
LLMs using vector search for encoded passages. While an
exact kNN search (𝐿 = 1) successfully retrieves Context 1
as relevant, the IVF-based approximate index mistakenly
retrieves Context 2 if con!gured to probe only cluster (𝑀1).

Table 1: Accuracy of RAG-based natural query answering
using kNN and AkNN (𝐿 = 1) to retrieve the most relevant
context based on its embedding proximity to the query.

Setup Precision Recall F1 Search (ms)
LLM 0.051 0.209 0.082 0

kNN RAG 0.118 0.558 0.195 5.58
AkNN RAG 0.062 0.279 0.102 0.146

processing [12, 27]. The advent of large pre-trained large language
models has further ampli#ed the need to scale vector search within
massively large, high-dimensional embedding spaces and meet the
demands of modern applications [12, 41]. To address this need,
Approximate Nearest Neighbor (ANN) methods have become a key
component of data-intensive applications, striking a critical bal-
ance between computational e"ciency and retrieval accuracy, and
enabling scalable processing of billion-scale datasets [25, 26].
Modern ANN Methods, most notably, the Inverted File (IVF) in-
dex [6, 24, 44], are widely adopted in production vector-search
systems. IVF partitions the space into clusters, allowing the sys-
tem to narrow the search to a few centroid-neighboring partitions.
This design reduces search latency by avoiding computation across
the entire dataset. However, this e"ciency comes at the cost of
approximation error, as true nearest neighbors may lie outside the
probed clusters. Despite its practical impact, this trade-o! remains
fundamentally heuristic: the number of clusters probed is tuned
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Figure 2: Local uniformity empirical experiment for the
BERT and GPT-2 pre-trained embeddings.

manually, and there are no formal guarantees that the returned
neighbors meet any accuracy thresholds.
RAG and the Case for Reliable ANN. The consequences of
this trade-o! are particularly apparent in Retrieval-Augmented
Generation (RAG) pipelines, where approximate retrieval is used
to condition large language models (LLMs) on relevant external
knowledge [30]. In RAG systems, the semantic quality of the re-
trieved context directly in$uences the model’s output. Accuracy
losses in the retrieval accuracy can cascade into factually incorrect
or irrelevant query answers. Figure 1 illustrates a scenario in which
an IVF index, con#gured to search a single cluster, retrieves Con-
text 2 as the most relevant context to a query Q encoded in Cluster
C1, which the model then uses to answer the question. However,
Context 1 is the more accurate response.

To assess the real-world impact, we implemented a simple RAG-
based question answering system using the pre-trained LLaMA
model1. As our query workload, we selected a subset of around 12k
questions from the Natural Questions dataset [28], which consists
of real user-issued search queries and associated short answers.
We encoded both questions and candidate contexts using a dense
embedding model and compared the accuracy of approximate IVF-
based search against exact kNN retrieval. We con#gured the IVF
index with 100 total clusters. Table 1 shows that, while AkNN
achieved a 38→ speedup, it exhibited a considerable drop in accuracy,
measured here in Precision, Recall, and F1 score, showing that
e"ciency gains come at the cost of unpredictable accuracy loss. In
high-stakes domains like healthcare or #nance, even small drops in
retrieval reliability can undermine user trust, legal compliance, or
safety. This motivates a stronger requirement: ANN systems must
o!er statistical accuracy guarantees that are enforceable at runtime.
Limitations in Prior Work.While the interest in reliable ANN
search is growing, existing methods fall into two categories: best-
e!ort and bounded-error approaches. Best-e!ort methods, including
those that can be facilitated by widely-used vector search libraries
such as AnalyticDB-V [48] or Faiss [13, 25], as well as recent tech-
niques that terminate early to minimize query latency [21, 31], rely
heavily on sampling heuristics and empirically tuned parameters.
These approaches optimize for performance but lack formal guaran-
tees over standard metrics like recall or false negative rate, making
their accuracy unpredictable. Further, the lack of guarantees can
cause overly pessimistic results. In contrast, bounded-error meth-
ods aim to provide formal accuracy guarantees but do so under
restrictive and often unrealistic assumptions. For instance, Aun-
cel [50] assumes local uniformity in the distribution of data points
to derive theoretical error bounds. These assumptions are rarely
satis#ed, for example, in real-world embeddings generated by deep
language models like BERT or GPT, which are optimized for seman-
tic similarity tasks and often exhibit varying density and non-linear
1https://huggingface.co/ahxt/LiteLlama-460M-1T

structures across di!erent regions [37]. To empirically assess the
validity of the local uniformity assumption, we conducted a study
on embeddings from BERT and GPT-2, analyzing local uniformity
by comparing min-max normalized 𝐿 nearest-neighbor distances to
uniform distributions using a Kolmogorov-Smirnov (KS) test. Using
a signi#cance level of 0.05, we report the percentage of vectors
for which the null hypothesis of uniformity was rejected. Figure 2
shows that for the majority of vectors, the local uniformity assump-
tion is rejected, even for small values of 𝐿 , and the rejection rate
increases with larger neighborhoods. These #ndings question the
applicability of methods that depend on such assumptions.
Contributions. We address this gap by introducing ConANN, a
novel framework that leverages recent advances in uncertainty
quanti#cation for Machine Learning models [47] and Conformal
Risk Control (CRC) [4] to provide formal, distribution-free bounded-
error guarantees for IVF-based ANN search. ConANN treats ANN
search as a black-box predictive task and dynamically calibrates the
number of clusters probed per query to satisfy a user-speci#ed recall
tolerance. Unlike prior methods, ConANN makes no assumptions
about the underlying vector data distribution and adapts automati-
cally to varying query hardness and dataset structure. Furthermore,
it requires no adjustments to the core IVF search algorithm. Our
main contributions are the following:

• We adapt Conformal Risk Control to state-of-the-art Ap-
proximate Nearest Neighbor search methods, formulating
the search problem as a black-box machine learning task.

• We introduce ConANN, the #rst framework o!ering for-
mal recall guarantees for IVF-based ANN search, without
requiring manual tuning or distribution assumptions.

• We evaluate ConANN on #ve standard ANN benchmarks,
demonstrating tight recall control with a maximum devia-
tion of 0.03 FNR from target error rates.

• We show that ConANN achieves these guarantees without
increasing the search space relative to baselines, reducing
cluster probes by up to 62.8%, with runtime overhead below
1.97 ms and calibration time under 4 minutes.

• We integrate ConANN into Faiss, showcasing its generality
and ease of adoption in modern vector search systems.

2 PRELIMINARIES
This section reviews Approximate Nearest Neighbor (ANN) search,
then introduces Conformal Prediction (CP) and Conformal Risk
Control (CRC) as tools for principled error quanti#cation. Table 2
summarizes the main notations used.

2.1 Approximate Nearest Neighbor Search
Exhaustive nearest-neighbor search is prohibitive on today’s billion-
vector datasets, so production systems accept approximate answers
to cut latency. A standard choice for approximate search is the
Inverted File Index (IVF) [6, 25]. During index construction, a vector
quantizer (e.g., K-means) partitions the vector space into 𝑁 cells,
with the resulting centroids forming a coarse representation of the
space. The search procedure in IVF balances precision and speed
using a user-de#ned parameter, 𝑂 , where 𝑂 ↑ 𝑁 , which determines
the number of clusters to probe. For a given query vector x, the
algorithm begins by examining the cluster with the closest centroid
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Table 2: Summary of Notations
Notation Description
𝐿 Number of closest neighbors to be retrieved
x Query vector
𝑀 Total number of clusters
𝑁 Number of clusters searched
𝑂𝐿 The 𝑁-th closest centroid to x (Voronoi cell)
𝑃𝐿 ANN Search result after probing𝑂1, ...,𝑂𝐿
𝑃𝑀𝑁 Exact kNN result set
D Dataset of vectors
𝑄 |D |
𝑅 Vector dimensionality
𝑆 Calibration dataset size
𝑇 Error bound
𝑇𝐿 Error after probing𝑂1, ...,𝑂𝐿
𝑈 (x, 𝑉) The non-conformity score of input x with respect to label 𝑉
q(𝑂 ) The i-th element of the vector q

and retrieves an intermediate list of 𝐿 nearest neighbors. It then
continues probing additional clusters, one at a time, until 𝑂 clusters
are searched or the desired accuracy is achieved.

We denote the AkNN search as 𝑃𝑁 , aiming to approximate the
ground truth 𝑃𝑊𝑋 . The quality of approximation is evaluated using
recall, which quanti#es the fraction of retrieved results present in
𝑃𝑊𝑋 , or equivalently, the False Negative Rate (FNR). As 𝑂 approaches
𝑁 , the search space is expanded and the FNR approaches 0.

𝑄𝑅𝑆(𝑃𝑁 , 𝑃𝑊𝑋 ) = 1 ↓
|𝑃𝑁 ↔ 𝑃𝑊𝑋 |

𝐿
(1)

2.2 Conformal Prediction Methods
We build upon the Conformal Risk Control (CRC) framework [4],
an extension of CP that supports arbitrary loss functions while pre-
serving formal coverage guarantees. CP provides a model-agnostic
approach for constructing prediction sets under a user-speci#ed er-
ror rate. This section provides a brief introduction of both methods.

2.2.1 Conformal Prediction (CP). CP is a statistical framework that
provides distribution-free, model-agnostic uncertainty quanti#ca-
tion for predictive models [3]. The framework is applicable to both
classi#cation and regression problems, and allows for controlling
the error rate, by turning point predictions into set predictions, i.e.,
sets of class labels for classi#cation problems or prediction intervals
for regression problems. The framework guarantees that an output
set prediction will contain the true target (class label or regression
value) with a user-de#ned probability (con#dence level) (1 ↓ 𝑇),
where𝑇 , also known as signi"cance level, represents the error bound.
Originally, the framework was developed for an online, transductive
setting, requiring retraining and calibration for each new obser-
vation. A recent computationally cheaper framework variant [47]
known as inductive or split conformal prediction divides batches
of the training set into proper training and calibration sets. The
former is used to #t a model (using any algorithm), and the latter is
used to compute so-called non-conformity scores, which encapsulate
how unlikely a label 𝑈 is for input 𝑉 ; when forming a prediction set
𝑀 (𝑉M+1) for a test object, labels with a higher non-conformity score
than the (1 ↓ 𝑇) percentile (denoted 𝑊) are rejected. The prediction
sets are, therefore, de#ned as follows:

C(𝑉M+1) = {𝑈 : 𝑋 (𝑉M+1,𝑈) ↑ 𝑊} . (2)

For a given calibration set {(𝑉𝑌 ,𝑈𝑌 ), . . . , (𝑉𝑆 ,𝑈𝑆 )}, and a test
example (𝑉𝑆+1,𝑈𝑆+1), the framework guarantees that:

P(𝑈M+1 ↗ 𝑀 (𝑉M+1)) ↘ 1 ↓ 𝑇, (3)

This guarantee holds under the assumption of exchangeability,
i.e., any permutation of {(𝑉𝑌 ,𝑈𝑌 ), . . . , (𝑉𝑆+1,𝑈𝑆+1)} is equally prob-
able. It should be noted that the framework makes no assumptions
about the underlying algorithm and how the non-conformity scores
are computed. In other words, the coverage rate in Eq. (3) is guaran-
teed no matter how we choose to implement the framework. How-
ever, for the informativeness (de#ned as how narrow the prediction
sets are) of the prediction sets, the choice of learning algorithm
and de#nition of non-conformity may have a large impact. These
lenient requirements make CP broadly applicable across various
Machine Learning models, with use-cases including classi#cation,
regression, anomaly detection, and active learning [43].

The key to CP’s statistical guarantees lies in adjusting the predic-
tion set size to #t the desired con#dence level 𝑇 . Higher accuracy
requirements (lower 𝑇) result in larger prediction sets. The set size
is tailored to the speci#c test instance, based on its non-conformity.
Queries resembling the calibration data typically yield smaller, more
informative sets, while outliers or less familiar inputs produce larger
sets, re$ecting greater model uncertainty. As the error probability
is mathematically guaranteed, the e"ciency (informativeness) of
the predictions is critical for CP; a set containing all possible labels
ensures full coverage but lacks practical utility.

2.2.2 Conformal Risk Control. Traditional CP methods o!er cov-
erage guarantees, as de#ned in Eq. (3). Conformal Risk Control [4]
extends CP by generalizing the loss function to a broader class of
non-increasing loss metrics (i.e., monotonic functions where the
loss decreases as the prediction set size increases). This $exibility
enables CRC to address application-speci#c performance criteria.

The goal of CRC is to construct prediction sets𝑀𝑍 (𝑌𝑌 ) with user-
de#ned guarantees on a speci#ed loss function 𝑍 . Given a calibra-
tion dataset {(𝑉𝑌 ,𝑈𝑌 ), . . . , (𝑉𝑆 ,𝑈𝑆 )}, a test example (𝑉𝑆+1,𝑈𝑆+1),
and a prediction loss function 𝑍 (𝑉,𝑈), CRC ensures the following
expectation bound:

E
)︄
𝑍 (𝑀𝑍 (𝑉𝑆+1),𝑈𝑆+1)

[︄
↑ 𝑇, (4)

where 𝑇 ↗ (↓≃,𝑎] is a user-speci#ed risk upper bound. The
new parameter 𝑏 is optimized during calibration and controls the
conservativeness of the prediction set, balancing between tighter
predictions and stricter adherence to the loss constraint. To obtain
𝑏, CRC evaluates the empirical risk over the calibration set for each
candidate 𝑏 and identi#es the smallest 𝑏 such that the expected
calibration loss remains below 𝑇 . Formally, this involves solving:

𝑏 = inf

]︄
𝑏 ↗ [0, 1] : 𝑐

𝑐 + 1

𝑆⌊︄
𝑌=1

𝑍 (𝑀𝑍 (𝑉𝑌 ),𝑈𝑌 ) +
𝑎

𝑐 + 1
↑ 𝑇

⌋︄
(5)

The correction term 𝑎
𝑆+1 accounts for sampling variability in

the empirical risk estimate and ensures that the guarantee in Eq. (4)
holds under #nite-sample conditions. This adjustment prioritizes
the risk constraint, potentially at the cost of larger prediction sets.
Note that the correction term depends solely on the calibration set
size𝑐 and does not scale with the total dataset size 𝑅 . In practice,
𝑏 can be e"ciently computed using binary search.
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3 PROBLEM STATEMENT
We formulate the problem of providing statistical error guarantees
for the IVF search. We de#ne the optimization task and examine
applying conformal methods to IVF, highlighting their bene#ts,
prerequisites, and alignment with vector search requirements.

3.1 Objective
We reinterpret IVF search as a black-box approximation to the exact
kNN retrieval, akin to how machine learning models approximate
complex target functions. This analogy motivates the use of CP to
quantify the approximation error.

We formalize the problem of providing statistical error guar-
antees for the AkNN error in IVF. Let x be the query vector, and
𝑃𝑁 the AkNN result for 𝑉 with parameter 𝐿 , after probing clusters
𝑀1,𝑀2, ...,𝑀𝑁 . Our goal is to #nd 𝑃𝑁 corresponding to x such that the
expected FNR, as de#ned in Eq. (1), is bounded by a user-de#ned
threshold 𝑇 . At the same time, we aim to minimize 𝑂 , the number
of clusters probed, to reduce computation time.

Importantly, achieving an FNR much lower than 𝑇 is suboptimal
in this setting. Since FNR can always be reduced by increasing 𝑂 ,
overshooting the target leads to unnecessary computation without
improving statistical guarantees. Thus, in addition to satisfying the
constraint E[FNR(𝑃𝑁 , 𝑃𝑊𝑋 )] ↑ 𝑇 , we aim to match 𝑇 as closely as
possible from below. In summary, we formulate this as the following
constrained optimization problem:

minimize 𝑂

subject to E
)︄
FNR(𝑃𝑁 , 𝑃𝑊𝑋 )

[︄
↑ 𝑇⌈︄⌈︄𝑃𝑁 ⌈︄⌈︄ = 𝐿 ; 𝑂 ↑ 𝑁

(6)

This formulation naturally gives rise to three key desiderata.
First, the solution must guarantee validity: the expected False Nega-
tive Rate (FNR) across queries must remain below the user-speci#ed
threshold 𝑇 , ensuring statistical reliability. Second, the solution
should promote e#ciency by minimizing 𝑂 , the number of clusters
probed during search. Third, the solution should exhibit adaptivity,
adjusting 𝑂 dynamically based on the di"culty of each query rather
than relying on a #xed probing depth. We stress one #nal consider-
ation: since the computational cost in IVF is primarily determined
by cluster probes, reducing 𝑂 leads directly to faster query process-
ing. Therefore, the optimal solution must achieve tight calibration,
minimizing unnecessary computation by keeping the actual FNR
close to 𝑇 without overshooting.

3.2 Applicability of Conformal Methods to IVF
First, we discuss the applicability of conformal methods to IVF. The
design of IVF presents a unique opportunity for the application
of conformal prediction techniques. While common statistical or
learning-based methods for uncertainty quanti#cation (UQ), such
as ensembles [29] o!er no formal guarantees or require complex
assumptions about the underlying data distribution, conformal
methods are distribution-agnostic, meaning they do not impose
any assumptions about the distribution of the data. This makes
them particularly well-suited to applications like IVF search, where
the true distribution of the data is not known and is di"cult to
model due to high dimensionality and large data volumes.

The alignment of conformal methods with IVF systems goes be-
yond statistical bene#ts. Conformal methods require a calibration
phase, but this step can be carried out o%ine, concurrently with
the IVF index construction, and does not require constant updates
during runtime. IVF indexes are typically built o%ine and retrained
periodically, which aligns perfectly with the need for a #xed distri-
bution in conformal prediction. As a result, once the index is built,
the calibration step can be inherently embedded.

Regarding runtime overhead, conformal methods only require
the computation of non-conformity scores, which can be directly de-
rived from intermediary results already produced by the IVF search,
followed by a simple threshold comparison to decide when to stop
the probing. Conformal methods can treat the IVF search algorithms
as black-box processes, making minimal modi#cations and intro-
ducing negligible performance penalties. In contrast, alternative
UQ methods, such as Bayesian inference [17] or ensembles [29],
typically require multiple forward passes or model replications,
incurring substantial computational overheads that are often pro-
hibitive in latency-sensitive ANN systems like IVF.

However, conformal methods do introduce speci#c requirements.
Notably, conformal prediction assumes the data to be exchange-
able. The calibration dataset must mirror the distribution of query
vectors, which can be addressed at runtime by sampling from the
query distribution.

Lastly, we highlight why CRC aligns particularly well with IVF.
While standard inductive conformal prediction could, in princi-
ple, provide recall guarantees using class-conditional (Mondrian)
conformal classi#ers [47], doing so would require constructing a
separate calibration set per class (i.e., per IVF cluster). This is in-
feasible in practice due to (1) scale, as IVF systems may contain
thousands of clusters [25], and (2) sparsity, since many clusters
might have too few samples for reliable calibration [23]. ConANN
ultimately adopts Conformal Risk Control (CRC) as it is the only
practical UQ framework that satis#es all three criteria essential for
IVF integration: formal recall guarantees, distribution-free assump-
tions, and minimal runtime overhead.

4 CONANN OVERVIEW
Incorporating Conformal Prediction with CRC for AkNN Search
using Inverted File Indexing (IVF) presents two principal challenges.
The #rst challenge is to select an appropriate non-conformity score,
which must encapsulate the uncertainty inherent in the model with
respect to a given query x. The second stems from the structure
of IVF, which incorporates an intermediate classi#cation step that
departs from the standard conformal prediction setup. Speci#cally,
IVF #rst maps the query vector x to a subset of centroids, which are
subsequently probed to identify the k-nearest neighbors. In contrast
to conventional conformal prediction methods, which focus on
minimizing the size of the prediction set (i.e., the set of nearest
neighbors, in our case), IVF requires minimizing the number of
clusters probed while ensuring that the result set has size 𝐿 and
satis#es statistical error guarantees.

To address these challenges, we frame the IVF-based AkNN
problem as a multi-label classi#cation task, treating each IVF cluster
(Voronoi cell) as a distinct class. This enables the application of
Conformal Ranking Classi#cation with FNR as a function of search
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Figure 4: Overview of ConANN.

depth. In this framework, each search result 𝑃𝑁 corresponds to a
speci#c FNR value, which asymptotically approaches zero as the
number of clusters probed 𝑂 increases. We propose an e!ective
calibration strategy and query algorithm to meet these challenges.

Figure 4 illustrates the full ConANN pipeline, containing an
o%ine calibration stage and an online querying stage. We begin
by training an IVF index on a sample dataset (Step 1). To com-
pute the FNR required by the calibration process, we also require
a $at index to obtain the ground-truth nearest neighbors for each
query. We then sample the calibration query vectors (Step 2) and
evaluate their approximate kNN results 𝑃1, . . . , 𝑃𝑀 , where each 𝑃𝑁
corresponds to probing 𝑂 clusters. For each query vector, we com-
pute the non-conformity score given the results 𝑃𝑁 at each search
depth (Step 3). CRC is applied to these scores to compute acceptance
thresholds 𝑏 𝑏 for di!erent user-speci#ed levels 𝑇 𝑏 (Step 4), as well
as hyperparameters (Step 5), which will be described later in this
section. At inference time (Steps 6, 7, 8), ConANN computes the
non-conformity scores of the query vector , evaluates them against
the optimized 𝑏 𝑏 , and returns the optimal set of kNN to meet the
guarantee. We now detail the key components of the system.

4.1 Non-conformity Scores
Wede#ne non-conformity scores tailored to IVF-basedAkNN search,
where each score quanti#es the quality of the result set 𝑃𝑁 obtained
after probing 𝑂 clusters. Rather than computing the scores over
all neighbors, we focus on a scalar summary: the distance to the
𝐿-th nearest neighbor in 𝑃𝑁 . This de#nition aligns naturally with
LLM retrieval scenarios. For example, as illustrated in Figure 1,
the embedding corresponding to Context 1 lies closer to the query
embedding, indicating higher semantic similarity and a greater
likelihood of relevance. In contrast, Context 3 is embedded farther
from the query, suggesting lower relevance. Further, this de#nition
reduces computational and storage overhead, as the number of
scores grows with the number of cluster probes 𝑁 instead of the
total database size 𝑅 .

Formally, let 𝑃𝑁 denote the set of database vectors retrieved after
probing the top 𝑂 clusters for a given query x. We de#ne the non-
conformity score 𝑋 ((x,𝐿), 𝑂) as the distance to the 𝐿-th nearest
neighbor in 𝑃𝑁 :

𝑋 ((x,𝐿), 𝑂) = min
v↗𝑃𝐿

(𝑑 (x, v)) (𝐿 ) (7)

This score serves as a proxy for approximation quality: as 𝑂 in-
creases, 𝑃𝑁 approaches the ground-truth set 𝑃𝑊𝑋 = 𝑃𝑀 , and the 𝐿-th
distance decreases accordingly. Larger scores indicate that relevant
vectors remain unretrieved, implying a lower likelihood that the
true 𝐿 nearest neighbors are present in 𝑃𝑁 . This behavior aligns
with prior #ndings that query vectors located near Voronoi cell
boundaries often require probing more clusters to retrieve their
true neighbors [50]. To ensure robustness across vector spaces of
varying scales and dimensions, we also apply min-max normaliza-
tion to 𝑋 (𝑒,𝐿) across all calibration queries. These scores are then
passed to the calibration procedure, but the same methodology is
also followed at query time.

Figure 3 illustrates the computation of non-conformity scores in
a 2-dimensional example using an IVF index with 𝑁 = 4 clusters and
a query vectorQ seeking 𝐿 = 4 neighbors. As clusters𝑀1,𝑀2, . . . ,𝑀𝑀

are probed incrementally, we compute intermediate result sets 𝑃𝑁
and record the distance to the 𝐿-th nearest neighbor in each set. In
our example, after probing 𝑀1 and 𝑀2, the closest four neighbors
found are 𝑌1, 𝑌5, 𝑌6, and 𝑌2, with corresponding distances of 0.12,
0.66, 0.71, and 0.86 to the query vector Q. Our algorithm, therefore,
records the distance to 𝑌2 to build the nonconformity score of Q
with respect to 𝑃2. The search process continues until all 𝑁 clusters
are probed or an early stopping criterion is met. Once 𝑃𝑁 contains
all ground truth neighbors (in this example, 𝑃3), the score stabilizes
and remains unchanged, even if additional clusters are probed.

4.2 Conformal IVF Search
The goal of o%ine calibration is to determine the CRC acceptance
threshold 𝑏 corresponding to a user-speci#ed error tolerance 𝑇 .
The procedure begins by sampling a calibration set of size𝑐 and
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computing non-conformity scores as described in Section 4.1. These
scores are subsequently passed to the CRC optimization routine
outlined in Figure 4. Prior to detailing the calibration algorithm, we
highlight a key empirical observation: direct application of CRC
often results in overly conservative prediction sets, a trend we re-
visit in Section 6. This behavior is consistent with prior work [5],
which observes that conformal methods tend to be conservative
when the number of classes is large (i.e., > 1000). In our setting, IVF
clusters are treated as class labels; thus, the e!ective label space
scales with dataset size. For example, with 1M vectors, 𝑁 should be
set to a value in the order of thousands2. Such settings pose chal-
lenges for classical conformal prediction techniques. To mitigate
this, we adopt the Regularized Adaptive Prediction Sets (RAPS)
framework [5], originally developed for multi-class classi#cation,
and adapt it to the ANN setting as detailed in Section 4.2.1. RAPS
penalizes the inclusion of low-ranked predicted classes, promoting
tighter, more focused prediction sets.

4.2.1 Regularization. Wenow describe the regularization step used
to improve ConANN’s e"ciency. Our approach builds on the RAPS
algorithm [5], originally developed for conformal classi#cation,
which adds lightweight regularization to conformity scores to pro-
duce more e"cient (smaller) prediction sets without sacri#cing
coverage guarantees. Given a test example (x,𝑈), the RAPS scores
are computed by summing up the predicted probability of a class
𝑈 (e.g., the softmax score returned by the model during inference)
with the following regularization term:

𝑓 (x,𝑈) = 𝑔 · (𝑕x (𝑈) ↓ 𝑖𝑐𝑑𝑒)+ (8)

The regularized term includes: (1) 𝑕x (𝑈), de#ned as the ranking
of 𝑈 among all the labels, given the scores 𝑋 , and (2) two hyper-
parameters 𝑔 and 𝑖𝑐𝑑𝑒 , which are designed to promote small predic-
tion set sizes. (𝑗)+ denotes the positive part of 𝑗. The hyperparam-
eters are tuned during calibration on a small data sample using a
grid search, where the conformal calibration procedure is run with
di!erent values to #nd the combination that minimizes prediction
set size. As shown in [5], RAPS is generally robust to the choice of
hyperparameters: the theoretical validity is maintained regardless
of 𝑔 and 𝑖reg, but good choices can substantially improve e"ciency.

In our setting, we adapt RAPS regularization to the IVF-based
AkNN search. The non-conformity score 𝑋 ((x,𝐿), 𝑂) for a query
vector x and candidate set 𝑃𝑁 is de#ned as the (normalized) distance
to the 𝐿-th nearest neighbor. To align with RAPS, which assumes
that higher scores are better, we take the complement 1↓𝑋 ((x,𝑈), 𝑂).
Our regularized non-conformity score 𝑋 ((x,𝑈), 𝑃𝑁 ) then becomes:

𝑋 ((x,𝐿), 𝑃𝑁 ) = (1 ↓ 𝑋 ((x,𝐿), 𝑃𝑁 )) + 𝑔 · (𝑂 ↓ 𝑖reg)+ (9)

Here, 𝑂 is the position (rank) of 𝑃𝑁 among all candidate clusters
or vectors. Crucially, in IVF search, the candidates are processed
in order of increasing distance (i.e., better matches #rst), so the
ranking 𝑕𝑓 (𝑈) is known in advance and simpli#es to 𝑂 directly.

This regularization promotes early termination by slightly penal-
izing candidates that appear later in the ranking, thereby reducing
computational cost without violating the formal risk guarantees of
CRC. As we will show in the following sections, this leads to faster
termination in the IVF search.

2According to the Faiss guidelines, 𝑀 should be set as O(
⇐
𝑄 ).

Algorithm 1 Calibration Phase (O%ine)
1: Input: Error bound 𝑇 , total number of clusters 𝑁 , calibration

vectors X = {𝑉𝑌 }𝑆𝑌=1, {𝐿𝑌 }𝑆𝑌=1, ground truths S = {𝑃𝑊𝑋 𝑂 }𝑆𝑌=1.
2: Output: Optimal acceptance threshold 𝑏.
3: for 𝑘 ⇒ 1 to𝑐 and for 𝑂 ⇒ 1 to 𝑁 do
4: 𝑃𝑌,𝑁 ⇒ IVF_scan(𝑉𝑌 , 𝑂)
5: Compute nonconformity 𝑋𝑌,𝑁 ⇒ score(𝐿𝑌 , 𝑃𝑌,𝑁 )
6: Fit hyperparameters 𝑔, 𝑖𝑐𝑑𝑒 using 𝑋 , S
7: for 𝑘 ⇒ 1 to𝑐 and for 𝑂 ⇒ 1 to 𝑁 do
8: 𝑋𝑌,𝑁 ⇒ (1 ↓ 𝑋𝑌,𝑁 ) + 𝑔 ·max(0, 𝑂 ↓ 𝑖reg)
9: for each 𝑏 in a discretized grid over [0, 1] do
10: for 𝑘 ⇒ 1 to𝑐 do
11: Find 𝑂⇑ ⇒ min{𝑂 : 𝑋𝑌,𝑁 ↑ 𝑏}
12: Select 𝑃𝑌,𝑍 ⇒ 𝑃𝑌,𝑁⇑

13: 𝑆𝑍,𝑌 ⇒ FNR(𝑃𝑌,𝑍, 𝑃𝑊𝑋𝑂 ) ↓ 𝑇 𝑆+1
𝑆 ↓ 1

𝑆

14: 𝑏 ⇒ infimum(𝑆𝑍, 𝑏 ↗ [0, 1])
15: return 𝑏

4.2.2 Calibration. The o%ine calibration phase computes an ac-
ceptance threshold 𝑏 to provide distribution-free guarantees on
the FNR during the AkNN search. Following the CRC framework,
we frame the IVF search process as a structured prediction task
and calibrate 𝑏 to satisfy a user-speci#ed risk level 𝑇 . Algorithm 1
summarizes the procedure.

Given a calibration set of vectors X, corresponding 𝐿 values,
and their corresponding ground-truth nearest neighbors S, we #rst
simulate the IVF search behavior (Line 4), which scans only the 𝑂-th
closest cluster to a given query vector. For each query 𝑉𝑌 ↗ X and
each possible number of probed clusters 𝑂 ↗ {1, 2, ..., 𝑁}, we record
the intermediate search result 𝑃𝑌,𝑁 and compute a non-conformity
score 𝑋𝑌,𝑁 (Line 5), as described in Section 4.1, measuring the search
quality relative to the ground truth. We employ a simpli#ed version
of the RAPS regularization to strengthen the relationship between
the number of clusters probed and the search quality, as described
by Eq. (9). 𝑔 and 𝑖reg are hyperparameters #tted to a sample of
1000 vectors of additional unseen calibration data (Line 6). The
regularization results in a matrix of scores, named non-conformity
matrix in Figure 4, which is then fed to the CRC Optimization step,
aiming to identify the optimal 𝑏 acceptance thresholds.

Next, we evaluate candidate thresholds sampled from a dis-
cretized grid over [0, 1], with arbitrary precision. For each query
and each candidate 𝑏, we select the smallest number of clusters 𝑂⇑
such that the regularized non-conformity score 𝑋𝑌,𝑁 ↑ 𝑏. We then
compute the corresponding empirical FNR across the calibration
set. To account for the #nite size of the calibration data, we adjust
the empirical risk using the CRC correction, with 𝑎 = 1 to denote
the upper bound of the FNR. Finally, we select the smallest 𝑏 that
satis#es the risk constraint, as de#ned in Eq. (5). Figure 4 shows the
selection of 𝑏 values for two error bounds 𝑇1 = 0.1 and 𝑇2 = 0.15.

This calibration step is performed once, at the IVF index build
time. It produces the acceptance threshold 𝑏 that governs the per-
query behavior during online search, and the RAPS hyperparam-
eters. For instance, the example provided in Figure 4 identi#es
𝑏1 = 0.85 for a requested FNR of 10%, and 𝑏2 = 1.12 for 15%. We
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Algorithm 2 IVF Search (Online)

1: Input: Query vector x, 𝐿 , optimal threshold 𝑏, calibrated hy-
perparameters 𝑔, 𝑖reg.

2: Output: Predicted output 𝑃𝑁 .
3: 𝑂 ⇒ 1
4: for 𝑂 ⇒ 1 to 𝑁 do
5: 𝑃𝑁 ⇒ IVF_scan(x, 𝑂)
6: Compute nonconformity score 𝑋𝑁 ⇒ score(𝐿, 𝑃𝑁 )
7: 𝑋𝑁 ⇒ (1 ↓ 𝑋𝑁 ) + 𝑔 ·max(0, 𝑂 ↓ 𝑖reg)
8: if 𝑋𝑁 < 𝑏 then
9: Break
10: return 𝑃𝑁

stress the following two aspects: (1) computing non-conformity
scores does not add extra cost because they are based on inter-
mediate results already produced by the standard IVF search, and
(2) although di!erent risk levels 𝑇 require di!erent thresholds 𝑏,
all optimizations (Lines 11–18) can reuse the same set of precom-
puted non-conformity scores. As we will see later, the most time-
consuming part of calibration is computing these scores.

4.2.3 Online IVF Search. The online search phase iteratively probes
the IVF index to #nd the 𝐿-nearest neighbors of a query x while en-
suring that the error guarantee, controlled by the calibrated thresh-
old 𝑏, is satis#ed. The procedure is summarized in Algorithm 2.

The IVF search is con#gured to scan all 𝑁 clusters. As each cluster
is probed, we compute the non-conformity score for the current set
of nearest neighbors using Eq. (7), and apply the regularization de-
scribed in Eq. (9). At every iteration, the regularized non-conformity
score of the 𝐿-th farthest vector in the current result set is com-
pared to 𝑏 (Line 8). According to the incremental nature of IVF
search, these scores are computed without extra overhead, enabling
early stopping: if the score drops below 𝑏, it indicates that the error
guarantee has been met, and the search terminates early, returning
the current set of 𝐿 nearest neighbors 𝑃𝑁 . This modi#cation allows
the CRC framework to minimize the number of clusters probed,
rather than adjusting the prediction set size, aligning with the op-
timization objective described in Eq. (6). As clusters are probed
sequentially, the search can terminate as soon as the guarantee
is met, minimizing 𝑂 . For example, in Figure 4, the search stops
after probing the third cluster, where the non-conformity score
(0.71) falls below 𝑏1 = 0.85. If the stopping criterion is not met, the
search continues probing one more cluster at a time until either the
threshold is satis#ed or all 𝑁 clusters are exhausted.

This procedure ensures that the search probes only as many
clusters as necessary to achieve the desired accuracy, reducing com-
putation time and adapting to the di"culty of each query. Moreover,
it naturally integrates with the standard IVF search process, since in-
termediate nearest neighbor results are already available as clusters
are incrementally scanned.

5 EXPERIMENTS
In the empirical evaluation, we aim to answer the following research
questions:

Table 3: Datasets summary.

Dataset 𝑑 𝑅 Query
BERT [12] 768 30522 10k

FASTTEXT [8] 300 1M 10k
GIST [24] 960 1M 1k

SIFT1M [33] 128 1M 10k
DEEP10M [42] 96 10M 10k

Figure 5: Validity results for Auncel.

(RQ1) Validity: Does ConANN accurately control the FNR across
varying con#gurations? How does it compare against state-of-the-
art Bounded-Error ANN methods and Best-E!ort ANN methods?
(RQ2) E"ciency: How does ConANN compare to the baselines in
terms of the average number of clusters searched? Does it expand
the search space to provide formal error guarantees?
(RQ3) Adaptivity: Is ConANN capable of adapting the search space
to the particularities of each query?
(RQ4) Overhead: What is the performance overhead of integrating
conformal methods into the IVF search?

5.1 Setup
The following section outlines the experimental setup, including
hardware and software con#gurations.

5.1.1 Hardware. The experimentswere conducted onGoogle Cloud
Platform (GCP) using a virtual machine with an Intel(R) Xeon(R)

CPU @ 2.80GHz, 64 vCPUs, 256 GB RAM, and Ubuntu 20.04.6 LTS.
The Intel-MKL SIMD instruction set was used throughout all the
experiments to speed up the computation.

5.1.2 Datasets. Weuse high-dimensional datasets, ranging from 96
to 960 dimensions and 30k to 10M vectors, widely used in ANN re-
search [19, 24, 40]. A summary is provided in Table 3. BERT [12] and
FASTTEXT [8] are pre-trained word embeddings. The SIFT1M [33]
and GIST [24] datasets are based on image data using their respec-
tive SIFT and GIST descriptors. The DEEP10M [42] dataset contains
image embeddings generated by a convolutional neural network.
Each dataset includes a uniform sample of 10k query vectors, with
the exception of GIST, where we sample only 1k query vectors due
to the prohibitively large dimensionality.

5.1.3 Baselines. Auncel [50], a Bounded-Error-type method, pro-
vides a di!erent type of error guarantee than our method. Speci#-
cally, it targets a bound on the maximum false negative rate (FNR),
whereas we provide guarantees on the average FNR. Despite this
di!erence, we include Auncel in our evaluation because it is the
only existing method that attempts to control the approximation
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Figure 6: Validity results. ConANN o"ers e"ective FNR control over the tested datasets.

error. Our evaluation uses the hyperparameters reported in the orig-
inal paper and tests the same datasets, as the tuning procedure is
not disclosed. Since no other existing system o!ers formal false neg-
ative rate (FNR) guarantees under arbitrary data distributions, we
compare ConANN against Faiss [25]. While Faiss does not natively
support FNR-constrained con#gurations, it can be adapted into a
best-e!ort baseline by tuning its probing strategy [50]. Speci#cally,
we perform an o%ine calibration on a con#guration query sample:
starting from a small number of clusters, we incrementally increase
the probe count until the empirical average FNR falls below the
target threshold 𝑇 . The smallest such probe count is then #xed and
applied uniformly to all test-time queries.

5.1.4 Configuration. ConANN is integrated into Faiss 1.9.0 and
uses Faiss’ core features like distance computation and memory
management. Parallel computing based on OpenMP is enabled with
60 threads for both ConANN and Faiss to ensure fairness. We used
the L2-squared Euclidean distance as the distance metric in all the
experiments. For the validity, e"ciency, and overhead experiments
the IVFFlat index was used, storing the vectors in their original
state inside the index. Similar to related studies, the number of
clusters 𝑁 was #xed to 1024, except for the BERT dataset, where
𝑁 was set to 128 clusters [50]. We trained the index on half of the
dataset in the interest of time. For all datasets, we choose 50% of the
query dataset for calibration and use the remaining for RAPS hyper-
parameter tuning (1000 query vectors) and testing. The min-max
normalization of the non-conformity scores uses 0 as the minimum
value. It approximates the maximum distance geometrically via the
diagonal of the hyperrectangle containing all vectors, considering
the dataset range and dimensionality. Exact distance computation is
also feasible but costly, requiring quadratic time relative to dataset
size. We use Brent’s numerical optimization method [9] to #nd the
optimal 𝑏. Without loss of generality, we calibrate and evaluate
ConANN on three #xed values of 𝐿 . However, the method’s guar-
antees hold beyond this setting. Additional experiments calibrating
over a range of 𝐿 values, demonstrating runtime robustness in case
of dynamic 𝐿 changes from one query to the next, are available in
our public GitHub repository.

5.1.5 Metrics. We measure empirical FNR using Eq. (1) to validate
the adherence to the theoretical bound. For each query, we log
the number of clusters searched to assess ConANN’s adaptivity
and compare its e"ciency against Faiss. Two metrics are used: (1)
the per-query cluster ratio, computed as ConANN’s reported 𝑂
divided by Faiss’ static 𝑂 , and (2) the average cluster ratio, de#ned
as Faiss’ static 𝑂 over ConANN’s average 𝑂 . For example, a ratio
of 1.2 implies Faiss searches 20% more clusters. We also measure
ConANN’s latency overhead by comparing end-to-end query times
where 𝑂 matches. Finally, we report ConANN’s calibration time.

5.2 Experimental Results
We evaluate ConANN on #ve standard ANN datasets under varying
𝐿 and FNR settings, and observe that it:

(1) Consistently meets user-de#ned FNR bounds across diverse
datasets and calibration sizes (Figure 6), whereas Auncel
and Faiss frequently deviate from the target FNR.

(2) Provides formal error guarantees proven empirically, with-
out increasing the search demand and even decreasing the
number of clusters needed to be probed up to 62.8% when
compared to Faiss (Figure 7),

(3) Dynamically adapts the search space per query (Figure 8),
regardless of dataset characteristics, and

(4) Introduces minimal latency (less than 1.97 ms in our exper-
iments, Figure 9), with calibration completing in under 4
minutes regardless of dataset size or complexity.

5.2.1 Validity. We begin by evaluating Auncel, which aims to guar-
antee a bound on themaximum false negative rate (FNR). Using the
hyperparameters reported in the original paper, we assess Auncel
on the SIFT1M and DEEP10M datasets, as no tuning method is
provided to test other datasets. As shown in Figure 5, Auncel fre-
quently violates its maximum FNR targets, particularly for 𝐿 = 10,
and o!ers no control over the average FNR. In fact, the average
FNR often approaches that of exhaustive search, indicating highly
conservative behavior. Due to these shortcomings, we omit Auncel
from subsequent comparisons.
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Figure 7: E#ciency results. ConANN matches or even reduces the probing depth when compared to standard methods.

We assess the validity of ConANN by measuring how well the
empirical FNR tracks the requested FNR. Figure 6 presents results
for 𝐿 ↗ {10, 100, 1000} and requested FNRs ranging from 5% to 50%.
The red dashed line indicates the ideal behavior, where empirical
FNR exactly matches the user-speci#ed threshold. ConANN closely
follows this ideal FNR across all conditions, indicating that it reliably
satis#es the used-de#ned constraint. Notably, ConANN maintains
this alignment even under challenging settings, and deviates at
most by only 0.03 percentage points. For instance, on the GIST
dataset with 𝐿 = 10, where calibration data is limited to 500 vectors,
ConANN still tracks the target line well.

In comparison, Faiss tends to undershoot the target FNR across
several settings, which is particularly noticeable on FASTTEXT,
SIFT1M, and DEEP10M for 𝐿 = 10 and 𝐿 = 100. This conservative
tendency leads to lower empirical FNRs than requested, indicating
unnecessarily large search spaces. While this preserves a pessimisti-
cally low FNR, it undermines e"ciency, as we will note in the next
section. The trend attenuates for larger values of 𝐿 , where both
methods converge more closely to the ideal.

On the BERT dataset, ConANN exhibits marginal deviations of
the requested FNR across targets. This behavior likely arises from
the nature of the non-conformity scores. Although the calibration
sample is large and uniformly drawn, the scores on BERT are less
discriminative, potentially due to dense, semantically clustered em-
beddings and small distances that cause precision losses during
the min-max normalization. As a result, the correspondence be-
tween quantile thresholds and true query di"culty can be slightly
weakened, leading to negligible perturbations from the target FNR,
bounded in expectation. This behavior aligns with the theoretical
expectations of CRC [4]. However, further investigations could help
re#ne the quality of the non-conformity scores.

Overall, these #ndings a"rm ConANN’s capacity to maintain
reliable FNR control, with only slight deviations that remain within
the expected probabilistic bounds of the CRC framework.

5.2.2 E!iciency. We measure the e"ciency of the methods using
the ratio of average clusters searched by each method to achieve
the desired FNR. First, we vary the requested FNR and the 𝐿 value.
The results are showcased in Figure 7.

Table 4: Average clusters ratio for ConANN against Faiss for
variable total number of clusters 𝑁 (𝐿 = 100, requested FNR
= 10%). A ratio of 1.1 indicates that Faiss searched 10% more
clusters on average than ConANN. Our results across datasets
show that ConANN is not sensitive to varying 𝑁 .

P fasttext sift1M deep10M gist

512 1.09 1.06 1.22 1.01
768 1.06 1.11 1.15 1.00
1024 1.07 1.04 1.17 1.02
1536 1.05 1.05 1.15 1.00
2048 1.01 1.02 1.13 1.00

Across all experiments, ConANN either matches or reduces the
search space compared to Faiss, achieving the same empirical FNR.
This demonstrates ConANN’s ability to adapt the search space size
based on the characteristics of each query vector. In contrast, Faiss
often searches more clusters than necessary. For instance, a Faiss-
to-ConANN ratio of 1.35 means Faiss searches 35% more clusters,
incurring unnecessary computational overhead without any gain in
accuracy. This ine"ciency stems from Faiss’s conservative strategy
for approximating the FNR. As illustrated in Figure 6 for the SIFT1M
dataset at 𝐿 = 10, Faiss’ deviation from the target FNR leads directly
to excess cluster searches. Speci#cally, while Faiss initially searches
only 7% more clusters than ConANN at a 5% requested FNR, this
gap widens substantially, to 52%, as the FNR target decreases. A
similar trend is observed for the DEEP10M dataset at 𝐿 = 10, where
Faiss searches twice as many clusters as ConANN for 50% requested
FNR because of the empirical FNR deviation.

ConANN’s e"ciency advantage is even more pronounced on
BERT, where the larger calibration data sample (about one-third
of the entire dataset) allows ConANN to better capture the data
distribution. For smaller calibration data sizes, the results remain
valid but are more conservative. For example, on GIST, where the
calibration sample consists of 500 vectors only, the CRC framework
is more conservative, leading to less e"cient search behavior. While
the validity property is still met, the e"ciency gains observed for
other datasets are not present on GIST. This is expected and consis-
tent with the design of the CRC framework, which prioritizes valid
coverage over aggressive optimization. However, the number of
clusters searched by ConANN does not deviate signi#cantly from
Faiss in our experiments, showing the e"ciency of RAPS.
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Figure 8: Adaptivity results (𝐿 = 100, requested FNR = 10%).
ConANN adjusts the search e"ort by query di#culty.

We also assess the robustness of our method across varying 𝑁
values, as shown in Table 4. We observe minimal changes in the
average clusters searched ratio compared to Faiss, demonstrating
that ConANN is not sensitive to 𝑁 . On the DEEP10M dataset, the
improvement becomes more pronounced as 𝑁 decreases, peaking
at a 22% ratio for 𝑁 = 512, suggesting that an optimal 𝑁 choice can
yield further e"ciency gains. However, since the data distribution
is unknown, selecting the ideal 𝑁 can be challenging. Nonetheless,
our results show that ConANN remains both e"cient and valid,
regardless of 𝑁 selection. Across diverse datasets and varying to-
tal number of clusters, ConANN’s empirical FNR deviates by no
more than 0.002 percentage points from the target, demonstrating
robustness across all conditions.

Our results demonstrate ConANN’s ability to guarantee the user-
de#ned error threshold without searching unnecessary clusters,
and, in many cases, even reducing the search space. This holds con-
sistently across di!erent values of 𝐿 , requested FNRs, and datasets.

5.2.3 Adaptivity. Figure 8 highlights ConANN’s ability to adapt
the size of the search space to meet a #xed FNR target across diverse
datasets. Speci#cally, we evaluate the ratio of the number of clusters
searched by ConANN to that of Faiss, under a requested FNR of
10% with 𝐿 = 100. This ratio, centered around the red dashed line
(baseline Faiss performance), quanti#es ConANN’s adaptivity: val-
ues below 1 indicate more e"cient search due to adaptive behavior,
while values above 1 imply overcompensation. We observe that
ConANN e!ectively tailors the number of clusters searched across
datasets. For example, on the BERT dataset, the method consistently
selects fewer clusters than Faiss, leveraging the availability of high-
quality calibration data, as discussed above. In contrast, datasets like
DEEP10M and SIFT1M exhibit a wider spread in the number of clus-
ters searched, re$ecting the intrinsic variability in query di"culty
and data distribution. Despite this, ConANN maintains an overall
balanced ratio below 1, indicating robust adaptivity without exces-
sive conservativeness. Interestingly, while FASTTEXT and GIST
show some outlier queries requiring substantially more clusters, the
median remains close to or below 1.0, reinforcing ConANN’s ability
to adapt to both easy and hard queries. The wide spread on GIST
is likely caused by the small calibration sample used, as discussed
above; the queries corresponding to the outliers are likely not well
represented in the calibration distribution, leading the method to
behave conservatively in order to maintain validity. These results
con#rm that ConANN dynamically adjusts the retrieval process
in response to query-level and dataset-level characteristics, rather
than relying on static thresholds.

Figure 9: Latency overhead (requested FNR = 10%). ConANN
introduces minimal latency overheads.

Table 5: Calibration breakdown per dataset, measured in
seconds (𝐿 = 100, requested FNR = 10%). ConANN completes
the calibration in under 4 minutes for all the tested datasets.
Step bert fasttext sift1m deep10m gist

Index Building 0.727 25.610 10.043 20.229 52.013
Compute Scores 2.107 68.268 33.874 212.666 20.807
Pick Hyperparameters 2.131 5.186 4.617 5.570 0.556
Regularize Scores 0.011 0.155 0.154 0.150 0.018
Optimize (sec) 1.015 5.021 3.981 6.270 0.821
Total 5.264 78.630 42.626 224.656 22.202

5.2.4 Runtime Overhead. As described in Algorithm 2, ConANN
extends the IVF search by adding a lightweight termination check
at runtime with a single if statement. We stress that the non-
conformity scores computation is already performed by Faiss, which,
by design, probes the clusters iteratively, starting from 1, and com-
putes intermediary steps. Therefore, the integration with ConANN
is straightforward. We #rst measure the runtime cost of ConANN
by measuring the per-query latency for a requested FNR of 10%
across di!erent values of 𝐿 and averaging the results. We chose
two datasets for this experiment, DEEP10M and GIST, to perform
the measurements on a very high-dimensional dataset (GIST) and
a large dataset with low dimensionality (DEEP10M). We compare
only the queries where both methods searched the same number of
clusters to quantify the overhead added by ConANN on top of the
index search. For the DEEP10M dataset, 727, 585, and 629 queries
were used for 𝐿 = 10, 100, and 1000, respectively. For GIST, 308, 38,
and 55 queries were found for 𝐿 = 10, 100, and 1000, respectively.
Figure 9 shows the total latency incurred by ConANN and Faiss,
with the annotated values indicating the additional overhead (in
milliseconds) introduced by ConANN relative to Faiss. On both
datasets, ConANN introduces minimal overheads, of a maximum
of 1.97ms on GIST for 𝐿 = 10. The measured overhead is always
negligible and can also be attributed to system-level factors such
as CPU scheduling, which is likely the case for the GIST dataset
at 𝐿 = 100 and 𝐿 = 1000, where we measure a negative overhead.
Overall, ConANN imposes negligible runtime latency overhead
across datasets and 𝐿 values, while providing formal error guar-
antees. This reinforces its practicality as a plug-in extension for
conventional ANN methods in latency-sensitive applications.

5.2.5 Calibration Overhead. We evaluate the one-time calibration
cost of ConANN by pro#ling the end-to-end time across its four
main stages: non-conformity score computation, RAPS hyperpa-
rameter selection, score regularization, and 𝑏 optimization. All mea-
surements are performed for a #xed con#guration with a requested
FNR of 10% and 𝐿 = 100. Table 5 shows a detailed breakdown for
#ve datasets. The total calibration time ranges from 5.26s (BERT)
to 224.66s (DEEP10M), with the compute scores step being the
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Table 6: RAPS improvement in terms of average number of
clusters searched. ConANN achieves notable reductions in
average number of clusters searched when employing RAPS.

Method bert gist1m deep10m

w/o RAPS 123.56 1008.03 991.5
ConANN 33.79 66.33 9.37

Figure 10: Validity under power-law skew on SIFT1M (𝐿 =
100). Skew controls the bias towards popular queries.

dominant contributor. Importantly, the score computation is in-
dependent of downstream optimization and can be reused across
multiple calibration runs, amortizing its cost. While calibration
for large datasets like DEEP10M incurs higher cost, it remains a
one-time o%ine process. For smaller or more structured datasets
such as GIST and BERT, the overhead is minimal.

6 DISCUSSION
The e"ect of regularization. The regularization step (RAPS) re-
#nes the non-conformity scores, enhancing their discriminative
power. As IVF search increases the number of cluster probes, relying
solely on the 𝐿-th nearest neighbor distance often results in many
equal non-conformity scores. RAPS mitigates this by distinguishing
between these probes. In our experiments, the regularization step
signi#cantly improves search e"ciency. Without RAPS, ConANN
is more conservative in the number of clusters searched, leading to
valid but less e"cient retrieval. As shown in Table 6, RAPS results
in notable reductions: from 123.56 to 33.79 on BERT (-72.7%), from
1008.03 to 66.33 on GIST1M (-93.4%), and from 991.5 to 9.37 on
DEEP10M (-99.1%). These #ndings align with previous work [5],
which reported up to 10x reductions in prediction set size, and con-
#rm that RAPS enhances e"ciency across various datasets while
maintaining ConANN’s adherence to FNR constraints.
Query Distribution Shift. As noted in Section 3.2, ConANN as-
sumes the calibration and test queries come from the same distri-
bution. To test robustness, we simulate a power-law skew in the
test queries (0.0 for uniform, up to a factor of 2) while keeping
the calibration queries uniformly sampled. Figure 10 shows that
ConANN can tolerate small drifts, but its empirical FNR increases
with skew, deviating from the target. At 10% target FNR, the ob-
served FNR rises to 22% under strong skew, and the gap grows at
higher targets. These results highlight the need for drift adaptation
techniques. A naive solution is to recalibrate periodically, ensuring
the calibration sample matches the current query distribution. More
principled alternatives could target drift detection, where a viola-
tion of the exchangeability assumption is detected using conformal
test martingales [47]. Others could leverage recent methods like
Weighted Conformal Prediction [7, 46] and Adaptive Conformal
Inference [20], which adjust nonconformity scores to account for
distribution shifts, for instance by penalizing the impact of old

queries. Integrating such techniques for ConANN is an important
direction for future work.
Personalized Querying. State-of-the-art methods for error bound-
ing in ANN often rely on sampling techniques that require the sam-
ple distribution to match the data distribution. In contrast, ConANN
operates by ensuring that the query distribution aligns with the cal-
ibration data, opening the door for personalized predictions based
on speci#c workloads. This distinction could enable ConANN to
adapt more e!ectively to varying query characteristics. Further ex-
periments are needed to explore this potential fully, as our current
setup follows the ANN literature to sample queries uniformly at ran-
dom. That said, this insight suggests opportunities for optimization
in real-world applications. For example, if an application frequently
queries vectors close to cluster centroids, ConANN could lever-
age this characteristic to reduce the number of clusters searched,
ultimately decreasing query latency and improving e"ciency.
Marginal Coverage. ConANN guarantees marginal coverage, sim-
ilar to other conformal methods: the false negative rate (FNR) con-
straint holds on average over the query distribution, not for in-
dividual queries. It is well-established that achieving conditional
coverage (i.e., for each query) without assumptions on the data
distribution, or with #nite calibration data, is provably impossible
for conformal methods [16]. While this limits #ne-grained control,
it is a necessary trade-o! for distribution-free guarantees. Crucially,
ConANN still provides practical, per-query adaptivity while en-
suring global reliability, addressing a gap in the literature where
state-of-the-art methods either provide formal guarantees or adapt
to data distributions, but not both. Therefore, ConANN represents
a step forward in error bounding for ANN systems.

7 RELATEDWORK
ErrorGuarantees forANN.Auncel [50] is the only knownmethod
o!ering bounded-error guarantees for IVF. It assumes a uniform
distribution of result vectors within a hypersphere around the
query, computing error by comparing the hypersphere’s volume
to that of searched clusters. As shown in Section 1, this assump-
tion breaks down on complex, non-uniform datasets (e.g., word
embeddings), limiting practical applicability. To date, no other ex-
isting method o!ers explicit recall guarantees for ANN search [14].
Prior work instead focuses on bounding distance errors, target-
ing primarily latency improvements. Locality-Sensitive Hashing
methods [11, 22, 35] follow this trend but su!er from high memory
overhead and poor recall in practice [14, 45]. Conceptually related
to LSH, ADSampling [18] leverages distance-based random pro-
jections and adaptive dimension sampling via hypothesis testing
to re#ne distance estimates, but lacks auto-tuning, hindering real-
world usability. RaBitQ [19] proposes a drop-in replacement for
PQ [24] with tighter distance bounds, but still does not address
recall guarantees directly, as even minor distance approximation
errors can lead to poor recall [14]. LEAT [31] predicts 𝑂 per query
to optimize e"ciency, introducing iterative probing later used in
Auncel and ConANN, though without error bounds. A recent de-
velopment, the Subspace Collision Framework [49], proposes an
ANN search method using random subspace sampling. It scores
vectors by their frequency as close neighbors across sampled sub-
spaces, selecting top candidates for re-ranking via exact distances.
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(a) (b)Figure 11: Validity (left) and e#ciency (right) results for IVF-
PQ on SIFT1M (𝐿 = 100). ConANN e"ectively controls the
recall of a quantized IVF index.

While o!ering theoretical guarantees without query sampling, it
assumes uniformly distributed distances across dimensions and is
incompatible with existing index structures.
Applications of Conformal Methods. Conformal prediction
methods have been widely used in applications such as medical
diagnosis [34], image classi#cation [5], and natural language pro-
cessing [15], where reliable uncertainty quanti#cation is critical.
Next, a related line of work applies conformal prediction with kNN
for regression tasks, as explored in prior research [38]. kNN-based
regression compares data points to their neighbors to quantify their
dissimilarity. In contrast, our work directly quanti#es the approx-
imation error introduced by the approximate kNN search. Lastly,
applications of conformal prediction to data-management problems
are still rare. dbET introduces a strategy to extend existing DBMS
query plan selection methods with conformal prediction [32]. Their
work produces execution time interval estimations guaranteed to
cover the true execution time with probability (1 ↓ 𝑇), which can
be later fed into query optimization techniques.
Approximate Query Processing. Approximate query processing
(APQ) with error bounds has been an active research area in rela-
tional DBMS systems [1, 10, 39]. BlinkDB [2] allows users to trade
accuracy for speed on a per-query basis. It uses a sampling strategy
that ensures su"cient representation of underrepresented data. The
sample size is dynamically adjusted based on user time constraints
or error bounds. This concept was extracted into a middleware
approach for VerdictDB [39], which uses query rewriting to apply
APQ on existing database systems such as SparkSQL. However,
these methods are not tailored for vector data.

8 FUTUREWORK
Improved Retrieval with Con!dence. A promising direction for
future work is the incorporation of con#dence-aware retrieval into
ConANN. Rather than returning nearest neighbors based solely on
vector similarity, ConANN could be extended to output calibrated
con#dence scores that quantify the likelihood of a result being rele-
vant to a given query. For instance, in IVF-based document retrieval,
this approach would allow ConANN to return not only top-ranked
candidates but also an associated measure of con#dence grounded
in prior knowledge. This departs from conventional distance-based
methods by enabling the system to di!erentiate between semanti-
cally ambiguous and highly relevant candidates, even if they are
similarly distant in the latent embedding space. Such con#dence esti-
mates could further support adaptive ranking or #ltering strategies,
down-weighting or excluding low-con#dence results to enhance
both the precision and interpretability of retrieval outcomes.
Applicability beyond IVF. ConANN’s core components, includ-
ing the non-conformity score and ranked cluster probing, naturally

extend to IVF-based indexing variations. This enables straightfor-
ward adaptation within the broader family of IVF methods. Our pre-
liminary experiments on the SIFT1M dataset show that ConANN
can e!ectively control the error rate even when IVF is used in
combination with a vector compression method like Product Quan-
tization [24, 26] (IVF-PQ)3, without incurring additional search
overheads, thereby demonstrating its plug-and-play nature. The
experiment, depicted in Figure 11, reveals several key observations.
First, due to the coarse quantization inherent to IVF-PQ, the mini-
mum achievable FNR is approximately 50%. Additionally, when the
requested FNR exceeds 80%, only one cluster needs to be searched.
At the 50% FNR level, both ConANN and Faiss search all clusters,
as this is the only way to ensure the target recall. As the allowed
error increases, ConANN begins to search fewer clusters, mirroring
trends observed in our main experiments. At the 80% requested
FNR, both ConANN and Faiss search only a single cluster per query.
However, ConANN exhibits a distinct behavior in this regime: to
satisfy the validity constraint, it abstains from searching on a subset
of queries (roughly 800), prioritizing a reliable expected guarantee.
The average cluster ratio in Figure 11 excludes these abstentions.
These preliminary results suggest that ConANN can generalize to
compressed and quantized search settings, which may enable scal-
ability to real-world billion-scale datasets. Nonetheless, the CRC
framework is a distribution-free wrapper for any black-box model
and is, therefore, not limited to IVF. This opens the possibility of
extending the approach to fundamentally di!erent ANN indexes,
such as Hierarchical Navigable Small World (HNSW) graphs [36].
Metric-agnostic Design.Moreover, ConANN is distance metric-
agnostic, meaning it can be used with diverse distance measures
beyond Euclidean distance, such as cosine similarity, Manhattan
distance, or even domain-speci#c metrics. This broad applicability
makes ConANN a versatile tool for improving reliability in nearest
neighbor search tasks, paving the way for adaptable, e"cient, and
robust retrieval systems across a wide range of domains.

9 CONCLUSIONS
We presented ConANN, the #rst distribution-free framework that
delivers formal error guarantees for IVF-based Approximate Near-
est Neighbor search. Leveraging Conformal Risk Control, ConANN
dynamically adapts search e!ort per query, ensuring rigorous error
control without assumptions on data distribution. Empirical results
demonstrate that ConANN reliably satis#es target error rates, re-
duces search costs, and incurs minimal computational overhead.
Integrated into the FAISS library, ConANN not only enhances the
robustness of ANN systems but also highlights the broader potential
of conformal methods in data management tasks beyond traditional
predictive models.
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