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Abstract Approximate Nearest Neighbor Search (ANNS)

presents an inherent trade-off between time-performance
and result-quality (i.e., recall). ANNS algorithms ex-
pose algorithm-dependent parameters that allow users
to control the recall-performance trade-off during search.
However, this process involves extensive and costly man-
ual parameter tuning. Moreover, parameter settings that
yield good recall for some queries may perform poorly
for others (e.g., harder queries). In this paper, we in-
troduce DARTH+, a method that addresses these chal-
lenges through declarative recall, removing the need for
parameter tuning, and allowing users to specify the de-
sired recall target for each query individually. DARTH+
achieves declarative recall on top of an ANNS index by
employing an adaptive, recall prediction-based, early
termination strategy, and can optionally provide proba-

bilistic quality guarantees for the achieved recalls. Through

an extensive experimental evaluation, we demonstrate
DARTH+’s versatility on top of both HNSW and IVF,
using both the L2 and inner-product distance measures.
DARTH+ meets the user-defined recall targets while
answering queries up to 15x, and 50X, faster than the
search without early termination for HNSW and IVF,
respectively. At the same time, the probabilistic quality
guarantees of DARTH+ are very reliable, deviating by
only 0.2% of the set value (on average).
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Fig. 1: Early Termination margins for target recall 0.8,
for 3 queries on the HNSW index. The last point of each
curve represents the point where the HNSW search nor-
mally terminates: much after reaching the target recall.
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1 Introduction

Motivation. Approximate Nearest Neighbor Search (ANNS)

for high-dimensional vector databases [39,40,T0T,94] is
heavily used for semantic search in multiple application
areas [39], including web search engines [20123], multi-
media databases [43[87], recommendation systems [31]
277,85], image retrieval [I06l[116], Large Language Mod-
els (LLM) [BIL76L05] and Retrieval Augmented Gen-
eration (RAG) [T7[68]. ANNS has attracted industrial
interest as new generations of embedding models have
enabled powerful semantic search. In response, multiple
SQL and NoSQL database vendors have recently an-
nounced ANN indices in support of ANNS [6,30L73l2,
AT[77)11] and, furthermore, multiple purpose-built vec-
tor databases featuring ANNS have been launched by
startups [3,/5,08] and from cloud providers [52[72].
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Problem. Different applications and different (classes
of) users have diverse requirements for search quality.
Some users expect better search quality by the ANNS
algorithm at the expense of search time, while others
expect fast query response times by willingly compro-
mising some result quality. Thus, ANNS presents an
inherent tradeoff between performance and recall [65]
561861199401 9L1T5].

Every ANNS algorithm provides its own algorithm-
dependent parameters to enable applications to influ-
ence this recall/performance tradeoff. This situation is
problematic in more than one way. First, the applica-
tion developers have to experiment with these param-
eters to fine-tune them and produce the desired recall
for each use case. Second, the chosen parameters may
produce good recall for some queries, but bad recall for
other, harcﬂ queries. Last, if these parameters are tuned
for the hard queries, then the ANNS algorithm will be
unnecessarily slow and will needlessly spend resources
on the easy queries. Typical query workloads in ANNS
applications often contain queries of varying hardness,
and this diverse range of required search effort is preva-
lent across many scenarios [102,T20,105L121119].

Declarative Target Recall. To address this problem,
recent ANNS systems and research works [115133l[77]
introduced declarative target recall. The user declares
a target recall level, and the ANNS algorithm tries to
deliver this recall while optimizing performance.

The first approaches for declarative recall adjust an
ANN index, such as HNSW [70], by fine-tuning the in-
dex parameters for a single target recall of interest [115]
33]. However, such approaches require extensive tuning,
as they must navigate a complex, multidimensional pa-
rameter space to optimize the index and search param-
eters and meet the declared recall target on average
for a given query workload. In addition, they are un-
able to adapt to the hardness of the query, since the
parameters are fixed for a query workload and cannot
be dynamically adjusted. Another approach is to create
an ANNS index once and then map various target re-
call levels to their corresponding search parameters. We
refer to this approach as Recall to search Effort Map-
ping (REM). Tt operates by establishing a mapping be-
tween each declarative recall target and the search ef-
fort parameter, e.g., efSearch in HNSW or nprobe in
IVF [36], which influences the amount of search effort.
REM offers a significant advantage over previous al-
ternatives, as it requires substantially less tuning time,
because only a single parameter requires tuning. How-
ever, REM still relies on fixed parameters for the entire

1 Query hardness corresponds to the computational effort
required to process a query to achieve a given recall target.

query workload and cannot adjust to the hardness of
individual queries.

Therefore, we argue for an alternative, run-time adap-
tive approach, which adapts to query hardness. We ob-
serve that a query configured with parameters that en-
able it to achieve very high recall will naturally achieve
all lower recall levels during the search process. This is
illustrated in Figure |1} where each curve represents the
progression of recall for a query on the SIFT [64] dataset
using the HNSW index. For example, if we stopped the
algorithm early, at 2ms, Query 1 (the blue curve) would
deliver 0.8 recall. In contrast, the “easy” Query 2 has
already achieved recall 1 around the 1.8ms mark and 0.8
recall since the 1ms mark. The time spent afterwards
is wasted. In contrast, Query 3 is only at 0.6 recall
at the 2ms mark. Figure 1| shows that multiple recall
targets for each query can be achieved well before the
HNSW search naturally completes. We observe that if
we can estimate the recall of a query at any point dur-
ing the search, then we will be able to offer an efficient
declarative recall solution for any query and any recall
target, with no parameter tuning. However, determin-
ing the current recall is not a trivial task, since different
queries have different hardness, and reach the target re-
call at different points in time. In Figure [1} we observe
that Query 2 reaches recall 0.8 well before 2ms, while
Query 3 goes on until 4ms for the same recall target.

Our Approach: DARTH. In this paper, we present
DARTH and its successor, DARTH+. We start by de-
scribing DARTH, and then we detail DARTH+. DARTH
exploits a carefully designed recall predictor model that
is dynamically invoked at carefully selected points dur-
ing the HNSW search to predict the current recall and
decide to either early terminate or continue the search,
based on the specified recall target. Designing an early
termination approach is a complex task, as it requires
addressing multiple challenges to develop an efficient
and accurate solution. First, we identify the key fea-
tures of the ANNS search that serve as reliable predic-
tors of a query’s current recall at any point during the
search. These features capture both the progression of
the search (by tracking metrics such as distance calcu-
lations) and the quality of the nearest neighbors found,
by examining specific neighbors and their distance dis-
tributions. Moreover, we need to select an appropriate
recall predictor model to train on our data. We chose a
Gradient Boosting Decision Tree (GBDT) [75], because
of its strong performance in regression tasks and its effi-
cient training time. The GBDT recall predictor results
in extremely fast training times, which are negligible
compared to the typical HNSW index creation times.

Note that an accurate recall predictor is not enough
to provide an efficient solution for declarative recall:



DARTH+: Approximate Nearest Neighbor Search with Declarative Recall and Quality Guarantees 3

if the frequency with which the recall predictor is in-
voked is high, then the cost of inference will cancel out
the benefits of early termination. To address this chal-
lenge, we develop an adaptive prediction interval (pi)
method, which dynamically adjusts the invocation fre-
quency. The method invokes the recall predictor more
frequently as the current recall gets close to the recall
target, ensuring both accuracy and efficiency.
The DARTH-+ Extension. DARTH+ introduces sev-
eral optimizations, exhibiting similar (sometimes bet-
ter) recall predictor performance with much faster train-
ing. This is achieved by introducing a dynamic logging
frequency mechanism that collects training data more
frequently during the most informative phases of the
search (when recall is high), and less frequently during
early search stages (when recall is low). In addition,
DARTH+ adaptively terminates the training data col-
lection process for queries that have already reached
the maximum recall, substantially reducing both the
training data size and the training time. DARTH+ also
introduces a novel set of query-dimension-aware recall
prediction features, further improving accuracy.
Finally, DARTH+ provides probabilistic quality guar-
antees on the achieved recall for individual queries, a
feature designed for recall-sensitive applications where
it is critical that individual queries reach the target re-
call (e.g., retrieval in legal and medical domains) [92167,
TT41113]. DARTH+ employs a quantile predictor model
that provides a lower bound on recall at each point in
the search where a recall prediction is used. This lower
bound comes with a probabilistic guarantee on its ac-
curacy (e.g., the lower bound is correct with probability
90%). DARTH+ can then terminate the search proce-
dure based on this lower bound. This provides a guar-
antee on the quality of the results of each query: the
query will reach the recall target with a certain proba-
bility, set by the user at execution time. We note that
the quantile predictor is trained on the same data as our
recall predictor, with essentially no additional overhead
to the overall training procedure of DARTH+.
Contributions. Our contributions are as follows?]
e We present DARTH/DARTH+, a novel approach for
declarative recall in ANNS indexes using early termi-
nation, without requiring parameter tuning. DARTH+
inherits the strengths of DARTH, while significantly re-
ducing training time and enabling ANNS search with
probabilistic quality guarantees on the achieved recall.
e We develop effective training for accurate recall pre-
diction, identifying search features that reveal the cur-
rent recall for a query during search. We design an effi-
cient training data generation method that efficiently

2 An earlier version of this paper appeared elsewhere [24].

produces the training data and trains our predictor
models, at a fraction of the time required for indexing.
e We propose an efficient adaptive prediction interval
method that carefully determines when to invoke the re-
call predictor. As a result, DARTH/DARTH+ early ter-
minate queries (almost) exactly when needed, avoiding
overhead from unnecessary predictor invocations and
redundant computations.

e We formulate a variant of DARTH+ that supports
quality guarantees on predicted recall by providing ac-
curate lower bounds on recall estimates using quantile
regression. We empirically demonstrate that this ap-
proach delivers near-optimal guarantees on predicted
recall (and the expected ANNS results), with no signif-
icant overhead during either training or inference.

e We conduct experiments using 5 popular and diverse
datasets, validating the superiority of DARTH/DARTH+.
We demonstrate that DARTH consistently meets the
recall targets, and achieves speedups up to 14.6x on
HNSW, while terminating the search very close to the
optimal point, performing on average only 5% more
distance computations than the per-query optimum.
DARTH remains robust under challenging workloads
with hard and out-of-distribution queries. We also show

that DARTH+ achieves performance comparable to DARTH,

with up to 28.5x faster training data generation and
9.7x faster recall predictor training, requiring 14.5x
less training data than DARTH. The probabilistic qual-
ity guarantees of DARTH+ deviate by only 0.2% (on
average) from the set value, even for out-of-distribution
data, while substantially outperforming competitors in
terms of result quality. Finally, we demonstrate the ap-
plicability of DARTH+ across different similarity mea-
sures (L2 and inner product) and index types (HNSW
and IVF): DARTH+ meets all recall targets up to 20.1x
faster when used with inner product, and up to 44.9x
faster when used with IVF.

2 Background and Related Work
2.1 Preliminaries

k-Nearest Neighbor Search (NNS). Given a collec-
tion of vectors V, a query ¢, a distance (or similarity)
metric D, and a number k, k-Nearest Neighbor Sim-
ilarity Search (NNS) refers to the task of finding the
k most similar vectors (nearest neighbors) to ¢ in V,
according to D [40]. The nearest neighbors can be ex-
act or approximate (in the case of Approximate Nearest
Neighbor Search, ANNS). When dealing with approx-
imate search, which is the focus of this paper, search
quality is evaluated using two key measures: (i) search
quality, usually quantified using recall (the fraction of
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actual nearest neighbors that are correctly identified)
and relative distance error (RDE, the deviation of the
distances of retrieved nearest neighbors from the actual
nearest neighbors), and (ii) search time, i.e., the time
required to perform the query search.

ANNS Indices. ANNS tasks are efficiently addressed

using specialized ANNS indices [T01L13]. These approaches

construct an index structure over the vector collection
V', enabling rapid query answering times. Such indices
generally fall into four main categories: Tree-based [111],
781121137221 [T03][8T1[82, 1041 42L[100], LSH-based [57.32],
Quantization-based [46l[71l/48], Graph-based [99,T01L45]
61650,5383). In addition, several hybrid methods have
emerged, such as ELPIS [12] (Tree-Graph-based), DET-

LSH [109] (Tree-LSH-based), ScaNN [54] and IVF-PQ [62]
30] (Tree-Quantization-based), SuCo [107] and TaCo [10§]

(Subspace-Collision-based), and others [26l[35]. Graph-
based indices, which are the primary focus of this work,
create a graph over V by representing vectors as nodes,
with edges between them reflecting some measure of
proximity between the nodes. There are numerous vari-
ations in graph-based methods, such as HNSW [70],
DiskANN [61] and others [3445[53]. Still, the search
process for a query remains largely consistent between
all approaches since the main operation is to traverse
the graph, collecting the nearest neighbors of a query.

Hierarchical Navigable Small World (HNSW).
The HNSW graph [70] is one of the most efficient and
accurate SotA indices for ANNS [I0TLQ)99]. It orga-
nizes vectors into a multi-layered hierarchical structure,
where each layer represents different levels of proxim-
ity. Vectors are inserted starting from the base (lowest)
layer, with higher layers being created probabilistically.
The key parameters that influence the HNSW perfor-
mance are M, e fConstruction, and efSearch. The pa-
rameter M defines the maximum number of neighbors a
vector can have. Increasing M leads to denser graph and
better search quality, but also increases memory usage
and search time. The parameter efConstruction con-
trols the number of candidates considered during graph
construction, with larger values resulting in a more ac-
curate graph at the cost of longer construction times.
The query phase is depicted in Figure a). The search
for a query starts from a predefined entry point at the
top layer of the graph, and progresses greedily, using the
closest node of each layer as an entry point for the next
layer, until the base layer of the graph (which contains
all vectors of the dataset) is reached. At the base layer,
the search continues with the traversal of candidate
neighbors (shown in green) to retrieve the most similar
vectors, using a priority queue. The collected nearest
neighbors form the result set, usually implemented as a
heap. The amount of search effort in the base layer is in-

Entry Point Query

Layer 2 ._,_——“". ®

n1-n4: Actual Nearest Neighbors of Query
n4-A: 4" Nearest Neighbour retrieved by Algor. A
n4-B: 4" Nearest Neighbour retrieved by Algor. B

: Query n4
S ® Quer > n4-A
y ) Y ng
ni A

\n3

Query
Base [ (b)
Layer 5 Nearest
Neighbors

(a)

Layer 1

Fig. 2: (a): Example of locating NN of a query in an
HNSW. (b): Algorithms A and B achieve the same re-
call, yet, the algorithm A results are of higher quality.

fluenced by the parameter e fSearch, which determines
the number of candidate neighbors to examine during
query processing. A higher efSearch leads to better
recall, but longer search times. The HNSW search in
the base layer terminates when no better candidates
remain to be added to the priority queue—meaning all
vectors in the priority queue are closer to the query
than their unexplored neighbors—or when the entire
base layer has been searched (a very rare occurrence).
These termination points, occurring without early ter-
mination, are referred to as natural termination points,
and the HNSW index that terminates at the natural
termination points is referred to as plain HNSW.

2.2 Related Work

Vector Data Management Systems (VDMS). The
growing demand for applications that leverage ANNS
algorithms has spurred substantial research into design-
ing systems capable of managing large-scale vector col-
lections [6198][36,25]. A VDMS encompasses a collection
of mechanisms, algorithms, and metrics that support ef-
ficient and scalable similarity search by implementing
diverse similarity search indices and associated techni-
cal functionalities [T9,1T0].

Automated Performance Tuning. Currently, sev-
eral approaches are using automated parameter tuning
VDMS to reach a specific recall target for a query col-
lection while also optimizing search time as much as
possible. These methods navigate the complex, multi-
dimensional parameter space of ANNS indices. Some
techniques are designed specifically for vector collec-
tions [I1533], while others are adapted from meth-
ods originally developed for relational databases [8L[97].
However, these approaches incur substantial overheads,
as they iteratively build multiple index types with many
parameter configurations during the tuning process. In
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addition, they have to be tuned again for every recall
target, and cannot adapt the parameters for each query,
being insensitive to query hardness.

Early Termination Approaches. Pros [49/38] is an
early termination approach for the iSAX [I§] index that
provides probabilistic quality guarantees for exact NNS.
In ANNS, early termination methods have been pro-
posed [21] for the HNSW [I17,93], or IVF indexes |26,
HoLI6LIT8I7ATT9]. To the best of our knowledge, the

only early termination method that supports both HNSW

and IVF is Learned Adaptive Early Termination (LAET)
[69], which uses a machine learning model to predict
how many distance computations are required for a
query to retrieve all nearest neighbors that the index
search algorithm would find. DARTH/DARTH+ and
LAET are the only early termination approaches that
support both HNSW and IVF. However, LAET does
not directly support recall targets and requires exten-
sive hyperparameter tuning to achieve declarative re-
call. Thus, DARTH/DARTH-+ is the only method that
natively supports declarative recall for both HNSW and
IVF, is agnostic to the underlying distance measure,
and provides quality guarantees.

2.3 Declarative Target Recall Definition

DARTH/DARTH+ supports ANNS with declarative
target recall. Declarative recall supports queries of the
form ANNS(q,G, k, R;), where ¢ is the query vector, G
is an HNSW index, k is the number of nearest neighbors
to be retrieved, and R; is the declarative target recall
value. The objective is to approximately retrieve the
k-nearest neighbors of ¢ using G, achieving a recall of
at least R; with high probability, while optimizing the
search time. We assume that the user-declared target
recall R; should be attainable by the index G; specifi-
cally, if the recall that the graph index G achieves using
plain HNSW for the query gq is RZ then R; < RZ. This
condition is easy to satisfy practically by setting up the
index creation parameters and the ef_search parameter
to levels that enable very high recall (e.g., > 0.99) by
the plain HNSW. For the ranges of the HNSW param-
eters, refer to related benchmarks [9[70,[99] and guide-
lines [T1A4].

Further refining the objective of DARTH, we note
that the quality of the nearest neighbors retrieved, and
thus the quality of the algorithm, while it can be mea-
sured by the recall, is even better measured by the Rel-
ative Distance Error (RDE) [80]. Indeed, when com-
paring declarative target recall approaches, comparing
the RDE is crucial, since this measure quantifies the
quality in deeper detail compared to the recall. This
is explained visually in Figure b)7 where we compare

two declarative target recall Algorithms A (orange) and
B (blue), that are searching for the 4 nearest neighbors
of a query. The nearest neighbors (green) are annotated
as nl-n4. Consider that both algorithms correctly re-
trieved n1-n3, but A retrieved n4-A (orange) as the
4th nearest neighbor, while B retrieved n4-B (blue).
Although the recall of both approaches is the same,
as they retrieved the same number of correct nearest
neighbors, the overall quality of the retrieved nearest
neighbors is better for A. This is because n4-A is much
closer to the actual 4th nearest neighbor. In this case,
the RDE for algorithm A would be significantly lower,
indicating its superiority. We note that the importance
of the RDE measure has been documented [80].

3 DARTH

Every ANNS query ¢ in DARTH is associated with a
declarative target recall Ry, a value k for the number of
nearest neighbors to retrieve, and a plain HNSW index
G capable of achieving high recall levels. DARTH intro-
duces a modified HNSW search method that terminates
as soon as the search for ¢ reaches Ry, significantly ear-
lier than plain HNSW. This is achieved through a run-
time adaptive approach with a recall predictor model
that is dynamically invoked at various stages of the
search. The predictor model, trained on a small set of
queries, estimates the current recall at each stage of the
search. Based on these predictions, DARTH determines
whether to early terminate the query search.

In the following, we outline the input features uti-
lized, describe the efficient training process for devel-
oping an accurate recall predictor model, explain the
strategy for determining the frequency of model invo-
cations during each query search, and demonstrate how
our approach is seamlessly integrated into HNSW and
easily extended to work with IVF as well.

3.1 Recall Predictor
3.1.1 Descriptive Input Features

Given our choice of a dynamic recall predictor capable
of estimating the recall at any point during the search
of a query, we analyzed several search-related features
by periodically collecting observations throughout the
search process of a small set of training queries. Each
observation includes the selected input features and our
target variable, which is the actual recall measured at
the specific time of observation. We define three cate-
gories of input features (summarized in Table .



6 Manos Chatzakis et al.
T, Featur D ripti . . . .
I ype [ Fen t‘“es ‘ Sem:p :0“ I our GBDT predictors using the LightGBM [66] library
nstep earch step ) . K
Index ndis No. distance calculations instead of XGBoost [28], due to its excellent inference
ninserts No. updates in the NN result set . . . ..
FirstNN Distance of Erst NN Tound time for single-input predictions (0.03 ms on average for
NN Distance closest NN Distance of current closest NN : 3 3
FurthestNN | Distanee of eurront fartheat (h-th) NN our 11 input features, running on a single CPU core).
avg Average of distances of the NN
var Variance of distances of NN i L.
NN Stats med Median of distances of NN 3.1.8 Predictor Tmmmg
perc25 25th percentile of distances of NN
perc7b 75th percentile of distances of NN

Table 1: Input features of DARTH’s recall predictor.

e Index features: These features provide insight into
the progression of the search process. They include the
current step of the search conducted at the base layer
of the HNSW at the time of observation (nstep), the
number of distance calculations performed (ndis), and
the number of updates to the nearest neighbor result
set up to that point (ninserts).

e Nearest Neighbor (NN) Distance features: These
features capture information about the distances of the
nearest neighbors found for the query up to a given
point in the search. This category includes the distance
to the first nearest neighbor calculated when the search
began at the base layer of the HNSW graph (firstNN),
the current closest neighbor distance (closest NN), and

the furthest neighbor distance found so far (furthestNN).

e Nearest Neighbor (NN) Stats features: These
features provide descriptive summary statistics of the
NN found up to a given point in the search. They in-
clude the average (avg), variance (var), median (med),
and 25th and 75th percentiles (perc25, perc75) of the
NN distances in the result set.

The choice of our search input features is guided by
the observation that to correctly predict the current re-
call of a query at any point of the search, we should
take into account the progression of the search (Index
features), the distances of descriptive neighbors already
identified (NN Distance features) as well as the distri-
bution of the distances of all the identified neighbors
(NN Stats features).

3.1.2 Recall Predictor Model

For our predictor model, we opted for a Gradient Boost-
ing Decision Tree (GBDT) [75]. GBDT operates by
training decision trees sequentially, with each new tree
aiming to minimize the errors of the combined pre-
dictions from the previously trained trees (GBDT in
DARTH operates with 100 trees, called estimators). Ini-
tially, a single decision tree is trained, and the algorithm
then iteratively adds more trees, each one trained on the
errors of its predecessor. This process allows GBDT to
achieve highly accurate results, making it an effective
model for regression tasks. For this work, we trained

To train our GBDT recall predictor, we generate the
training data from the observations gathered from the
training queries, that contain the input features from
Table[l} We employ a data generation routine that gen-
erates observations for several queries in parallel, peri-
odically flushing the data into log files. We observed op-
timal predictor performance when observations are col-
lected as frequently as possible for every dataset (i.e.,
after every distance calculation), as this provides the
predictor with a detailed view of the search process and
information from any time in the search. The data col-
lection process is efficient, taking only a few minutes
per dataset, a negligible time compared to the HNSW
index creation times (detailed results are in Section .

3.2 Prediction Intervals

DARTH requires the trained recall predictor to be called
periodically, after a number of distance calculations.
Note that we use distance calculations as a unit of
interval, i.e., the periodic dynamic invocations to the
predictor take place every pi distance calculations. De-
termining the value for this prediction interval (pi) is
crucial, as it exposes an interesting tradeoff: frequent
predictor calls (i.e., a small pi) enable closer monitoring
of the search process, allowing for termination immedi-
ately after reaching the target recall. However, this may
introduce overhead due to the time required for each
prediction. Conversely, less frequent predictor calls (i.e.,
a larger pi) reduce prediction overhead, but risk delay-
ing the recognition that the target recall is reached, re-
sulting in unnecessary computations and delayed early
termination. The above tradeoff signifies the challenge
of determining correct prediction intervals.

3.2.1 Adaptive Prediction Interval

We identified that a natural solution to this problem is
to call the predictor more frequently when the search is
close to the target recall, allowing for early termination
at the optimal moment, and to call the predictor less
often when the search is still far from the target recall.
Thus, we opted for adaptive prediction intervals allow-
ing us to call the predictor often when we are close to
the target recall, and less often when are far away from
it. Our adaptive prediction interval technique decides a
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new prediction interval (pi) every time a predictor call
takes place, according to the following formula:

pi = mpi + (ipi —mpi) - (R — Rp) (1)

here pi is the new (updated) prediction interval, mpi
is the minimum prediction interval allowed, ipi is the
initial prediction interval (the recall predictor will be
called for the first time after ipi distance calculations),
Ry is the target recall and R, is the predicted recall as
predicted from the model. This linear formula generates
smaller prediction intervals when R, is close to IR;, and
larger prediction intervals when R, is far from R;.

3.2.2 Hyperparameter Importance

The introduction of two hyperparameters, ipi (initial/-
max prediction interval) and mpi (minimum prediction
interval), is a crucial aspect of our approach. These hy-
perparameters control how frequently the predictor is
called, with pi € [mpi, ipi]. Setting appropriate values
for these hyperparameters is essential: for instance, a
very high value for ipi may delay the initial predictor
call, missing early opportunities for termination, while
a very low value for mpi could lead to an excessive num-
ber of predictor invocations, thereby introducing unnec-
essary overhead. The values for the hyperparameters
can be selected either by classic grid-search tuning (or
other sophisticated hyperparameter tuning approaches)
or by a generic, heuristic-based selection method. For
the generic heuristic-based method, to find a suitable
value of ipi for a specific recall target R;, we calculate
the average number of distance calculations needed to
reach this target from the training queries, denoted as
distsg,. This information is readily available during the
generation of training data from our training queries,
incurring no additional costs. We then set the values for
our hyperparameters as ipi = dm% and mpi = dislth‘
In addition, this method imposes an interesting base-
line for comparison to our approach. In our experimen-
tal evaluation (Section, we analyze several aspects of
hyperparameter selection, including the superiority of
adaptive intervals compared to static intervals, as well
as the comparison between the generic heuristic selec-
tion approach and the extensively tuned selection ap-
proach. Our evaluation shows that the heuristic param-
eters result in a very close performance to that achieved
with the extensively tuned parameters. This means that
DARTH requires no hyperparameter tuning, which is a
significant improvement over the available competitors.
Also, our experimental evaluation compares DARTH
against a Baseline for early termination which early
terminates every HNSW search after distsp, distance
calculations for a recall target R, showing that this ap-
proach is not sufficient to solve our research problem.

3.3 Integration in HNSW

Algorithm [I] presents how DARTH can be integrated
into the HNSW search. The search begins by travers-
ing the upper layers of the HNSW graph, proceeding
as normal until reaching the base layer (line . Upon
reaching the base layer, we calculate the distance of
the query from the first visited base layer node (lines
3) and we initialize the necessary structures and vari-
ables (lines . Then, we put the information of the
first visited base layer node to the candidateQueue and
we start the base layer search. During the search, the
algorithm searches for nearest neighbors and updates
the candidateQueue and resultSet when a new neigh-
bor closer to the query vector is found (lines .
Once the predictor model call condition is triggered
(line , the recall predictor model processes the in-
put features as described in Table [I] to estimate the
current recall (lines . If the predicted recall, R,
meets or exceeds the target recall, R;, the search ter-
minates early (line ‘ Otherwise, the next prediction
interval is adaptively recalculated using our adaptive
prediction interval formula (lines and the search
continues. This algorithm highlights DARTH’s feature
of supporting a declarative recall target R; per query
and demonstrates that our approach can be integrated
into an existing ANNS index such as HNSW without
excessive implementation changes. Algorithm [I] focuses
on the HNSW index, but can be generalized to other
graph-based ANNS methods [61L[45.[34] without modi-
fications, as their search procedures are very similar.

4 DARTH+
4.1 Training Efficiency

DARTH+ proposes mechanisms to achieve significantly
better training time, including dynamic logging frequency,
high-recall cutoff, and query features. These optimiza-
tions substantially reduce the overall data collection
and training times of our approach, while allowing our
recall predictor to achieve similar (and sometimes bet-
ter) quality across all configurations.

4.1.1 Dynamic Logging Frequency

The DARTH approach performs data generation and
training using full-resolution data, by keeping a train-
ing sample after every distance calculation for each of
our 10K training queries. Generating training samples
after every distance calculation provides high-resolution
training data. However, it has a significant impact on
generation time, training time, and training data size.
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Algorithm 1: DARTH early termination in-
tegrated into the HNSW search

Require: HNSW Graph G, Query Vector ¢, Initial
Prediction Interval ipi, Minimum Prediction Interval
mpi, Recall Predictor model, Number of neighbors to
return k, Target Recall R;, Search effort parameter
efSearch

. Traverse the upper layers of G with beam search width 1 to

reach the base layer (BL)

Npr + Entry node of the base layer (BL)

first NN < Distance(q, Npr)

Initialize resultSet as a heap of size k

Initialize counters: ndis, nstep, inserts <— 0

Initialize counter: idis <— 0

: Set initial prediction interval: pi < ipi

Initialize priority queue candidateQueue of size efSearch

: Add (Npr,firstNN) to candidateQueue

10: while candidateQueue is not empty do

11: Extract node ¢ from candidateQueue with the minimum

distance

12: ndis < ndis + 1, idis + idis + 1

13: Compute cDis < Distance(q, ¢)

14: if ¢cDis < GetMaxDistance(resultSet) then

—

LRENPTR W

15: Add (¢, ¢Dis) to resultSet

16: ninserts < ninserts + 1

17: end if

18: for each unvisited neighbor node n of ¢ do

19: Compute nDis < Distance(q, n)

20: if nDis < GetMaxDistance(resultSet) or
|candidateQueue| < efSearch then

21: Add (n, nDis) to candidateQueue

22: end if

23: end for
24: if idis mod pi = 0 then

25: Prepare input vector input with features from Table
26: R, < model.predict(input)
27: if R, > R then
28: return resultSet
29: end if
30: Adjust prediction interval:
pi < mpi + (ipi — mpi) - (Ry — Ryp)
31: Reset interval counter: idis <— 0
32: end if

33: nstep < nstep + 1
34: end while
35: return resultSet

In DARTH+, we make two observations. The first
observation is that not all recall ranges need to be rep-
resented in the training samples with the same resolu-
tion. For example, in low recall ranges (e.g., 0.00-0.50),
where recall targets are typically not of interest, train-
ing samples do not need to be retained very frequently.
In contrast, in very high recall ranges (e.g., 0.80-1.00),
more detailed training data are required. The second
observation is that logging training samples after ev-
ery distance calculation is unnecessarily fine-grained.
We observed that the recall predictor achieves similar
performance even when training samples are collected
less frequently, for example by retaining one sample ev-
ery few distance calculations (e.g. five) instead of af-
ter every distance calculation. Driven by the above ob-
servations, DARTH+ implements a dynamic logging
interval strategy, where the interval at which train-
ing samples are generated during training is dynami-
cally adjusted based on the current recall value. This
means that DARTH+ gathers data less frequently when

queries are in low recall ranges and more frequently
when queries approach higher recall ranges. This strat-
egy significantly reduces the number of training sam-
ples that need to be generated, while maintaining the
accuracy of the recall predictor.

4.1.2 High Recall Cutoffs

We observe that some queries in the DARTH train-
ing procedure reach the maximum recall very early and
then continue to be processed in the graph, even though
the maximum possible recall has already been reached.
This happens because the training data are generated
by processing queries with a large efSearch value, in
order to cover a wide range of achieved recalls, even
for the harder queries. This situation significantly in-
creases the size of the training datasets and introduces
skewness in the distribution of the labels by adding
many “maximum-recall” labelf’] DARTH+ avoids col-
lecting unnecessary data by tracking the achieved recall
of each training query and terminating the search for
that query a few distance calculations after the max-
imum recall has been reached. This optimization also
allows DARTH+ to reduce the required training data
size without sacrificing accuracy.

4.1.8 Query Dimension Features

Features derived from the query dimensions may pro-
vide important information about the data distribu-
tion [69] and can be useful for our predictor. How-
ever, directly incorporating the query dimensions as fea-
tures would significantly increase the size of the train-
ing dataset and the model inference time. Additionally,
both the inference time and the model training proce-
dure would be strongly affected by the dimensionality
of the dataset. For example, GIST1M [63] contains 960-
dimensional vectors, while DEEP100M [14] contains 96-
dimensional vectors. For these reasons, DARTH+ cap-
tures the query data distribution by modeling each query
with a set of statistical measures that summarize its
characteristics. These measures include the query’s min-
imum and maximum values, as well as the mean, me-
dian, standard deviation, range, and its L1 and L2 norms.
This set of eight additional features is provided to the
recall predictor model of DARTH+-, allowing the model
to predict recall more accurately. Note that these fea-
tures are computed once per query, resulting in a neg-
ligible overhead in the overall search procedure.

3 We note that the correctness of the predictor is not af-
fected, since decision trees and their variants (such as Light-
GBM) are known to handle skewness effectively [66].
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4.2 Termination with Quality Guarantees

A major issue with ANNS algorithms is that they are
mainly best effort approaches, without any support for
quality guarantees on the recall they achieve. This can
be a showstopper for result-sensitive applications [29,
5392167, 114,096LTT3L0T1[88], that may require a con-
trolled approach on the quality of the vector search.
Unfortunately, recall prediction in DARTH is formu-
lated as a standard regression problem, where, given
a set of input features, the recall predictor outputs an
estimate of the current recall without any guarantee,
or uncertainty quantification. DARTH~+ addresses this
shortcoming by supporting quality guarantees for the
predicted recall of each query.

4.2.1 Quantile Regression

In DARTH+, we use quantile regression to provide guar-
antees for the predicted recall. Instead of predicting a
single recall value, the model estimates the lower con-
ditional recall quantile that defines a query-adaptive
recall lower bound at a given search point. This lower
bound corresponds to the learned quantile of the query
recall distribution, e.g., 0.10. By estimating the recall
lower bound with quantile regression, we expect that
the lower quantile Qo,lo(gc) satisfies

Pr(recall(x) < Qo_lo(m)) ~ 0.10 (2)

over our query workloads, where x is the input features
of DARTH+ at any point of the query search. At infer-
ence time, the DARTH+ variant that uses the quantile
regression model early terminates the search only when
the lower recall bound produced by the quantile model
surpasses the recall target, yielding a tight early ter-
mination policy with probabilistic quality guarantees.
In this variant of DARTH+, the standard recall predic-
tor is also used in order to define the next prediction
moments with our heuristic hyperparameter setting for-
mula (Section . This procedure implies that, for a
given learned quantile g, each query reaches the de-
fined recall target with probability p > 1 — lq. The
probability can be greater than 1 — lq, because when
DARTH+ early terminates, the predicted lower bound
may already be greater than the recall target.

As as we explain below, DARTH+ employs an op-
timized model invocation scheme to avoid calling both
the quantile and the standard recall predictor at all pre-
diction moments, thereby avoiding additional overhead.

4.2.2 Implementation

Practically, quantile regression in DARTH+ means that,
instead of a single GBDT model, two models are trained

and used: one for the lower (e.g., 0.10) quantile, and
one for the classic recall prediction task. Training both
the quantile model and the classic model incurs negli-
gible cost, since the collection of the training data is
only performed once, and each model can be trained
on these data within a few seconds or minutes, de-
pending on the dataset size. The challenging aspect
of quantile regression lies in the inference procedure.
A naive implementation would require invoking both
models at every prediction step to obtain the predicted
recall from the classic model and the lower-bound re-
call from the quantile model, leading to significant over-
heads. Instead, DARTH+ adopts an alternating model
invocation strategy based on the current recall state.
Initially, the classic predictor is used to estimate the
recall. Once the predicted recall exceeds the recall tar-
get Ry, the lower-quantile model becomes the default
and is used to predict the lower recall bound. When the
lower recall bound exceeds Ry, the search is early termi-
nated. With this alternating scheme, we obtain all the
necessary recall range information for early termination
while avoiding excessive inference overhead, since both
models are invoked only once, namely when the classic
recall prediction exceeds Ry for the first time.

We note that we also tested conformal regression [7],
which would allow us to derive probabilistic lower bounds
for the predicted recall. Conformalized regression re-
lies on global calibration thresholds to enforce marginal
coverage guarantees, which uniformly inflate prediction
intervals to protect against worst-case residuals. This
leads to conservative lower bounds (cf. Section ,
resulting in many more distance calculations for each
query. Thus, quantile regression is a more suitable so-
lution for DARTH+, offering tight, query-adaptive re-
call lower bounds that preserve empirical recall control,
while enabling effective latency-recall optimization.

4.3 IVF Integration

DARTH+ is also applicable to IVF [36], a popular ¢ree-
based ANNS index. IVF performs k-means clustering
over the vector collection, generating nlist centroids.
Each centroid acts as a bucket, and the collection vec-
tors are placed in the bucket of their nearest centroid.
IVF searches the vectors of the nearest nprobe cluster
buckets to find the nearest neighbors of a query vector.
DARTH+ operates similarly for this index: it periodi-
cally predicts the recall, and early-terminates the search
at appropriate points. Support for different distance
measures and quality guarantees remains the same.

Input Features. In DARTH+ for IVF, the first NN
input feature represents the distance between the query
and its closest centroid. The nstep feature represents
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‘ ‘ Type ‘ Features ‘ Description ‘ ‘ - - - -
nstep Number of current IVF cluster searched Algorlthm 2: DARTH+ early termination in-
Index ndis No. distance calculations t t d . t IVF h
ninserts No. updates in the NN result set egrated 1nto searc
firstNN Distance of first cluster centroid P s P
NN Dist cluster NN Distance of current cluster centroid Require: IV.F .ﬁe? T’ Query Ve.th)I' g, Initial Pre.dlCtlon
istance closest NN Distance of current closest NN Inter'val ipi, Minimum PI‘edlCtl?l’l Interval mpi, Recall
furthestN N Distance of current furthest (k-th) NN Predictor model, Number of neighbors to return k,
avg Average of distances of the NN Target Recall R;, Search effort parameter nProbe
var Variance of distances of NN 1: Compute distances from ¢ to all coarse centroids in T'
NN Stats med Median of distances of NN 2: Select the nProbe closest inverted lists £
perc25 25th percentile of distances of NN 3 e s .
perc75 75th percentile of distances of NN . In?tqal}ze resultSet as'a max—he'ap of size k
q_avg Average of query dimensions 4: Initialize counters: ndis, nstep, inserts < 0
q-med Median of query dimensions 5: Initialize counter: idis « 0
q-std Stan. dev. of query dimensions 6: Set initial prediction interval: pi <+ ipi
Quer g-min Min of query dimensions 7: for each inverted list L € £ do
y g-mazx Max of query dimensions 8
q-range Range of query dimensions (¢g-maz — g-min) . for C§Ch VCCth T € L do L
q-L1 L1 norm of query dimensions 9: ndis < ndis + 1, idis < idis + 1
q-L2 L2 norm of query dimensions 10: Compute d < Distance(q, x)
11: if d < GetMaxDistance(resultSet) then
. 12: Add (z,d) to resultSet
Table 2: Selected input features of the DARTH+ recall 13 inserts . inserts 4 1
predictor for the IVF index. 14: end if
15: if idis mod pi = 0 then
16: Prepare input vector input with features from Table
17: R, < model.predict(input)
the index of the cluster bucket that is currently being %S if RptZ Ry ther;tS .
L. . U : return resultSe
searched. The remaining input features are similar to 20: end if
those of HNSW, and are summarized in Table 2] All 20 pi - mpi+ (ipi —mpi) - (Re — Rp)
ivi : end i
other aspects of the declarative recall approach, such 23 d if
. . . . . . 24: 5 1
as dynamic recall predictor invocations with adaptive 55 engéft:f  nstep +
intervals, remain identical to the HNSW case. 26: end for

Implementation. Algorithm [2| presents DARTH+ for
IVF-based ANNS search. We begin by computing the
distance between the query and all cluster centroids
of the IVF tree, selecting the closest nProbe clusters
(lines . Next, all necessary variables are initialized
(lines . The search proceeds by visiting the vectors
of the closest nProbe clusters (lines . Within each
cluster, all vectors are visited and scored, and we main-
tain the top-k results in the result set. The DARTH+
recall predictor is invoked dynamically at appropriate
times, and DARTH+ early terminates the search once
the target recall is reached (lines [I5}23).

We note that although Algorithm|[I]and Algorithm[2]
correspond to fundamentally different ANNS approaches,
the DARTH integration and operation are very similar,
demonstrating the generalization potential of DARTH
to different types of ANNS indexes.

5 Experimental Evaluation

Setup. We conduct our experimental evaluation on a
server with Intel® Xeon® E5-2643 v4 CPUs @ 3.40GHz
(12 cores/24 hyperthreads) and 500GB RAM. All algo-
rithms are implemented in C/C++, embedded in the
FAISS [36] library, with SIM]ﬂ support for distance
calculations. Our predictor models are implemented us-
ing the LightGBM [66] library. All implementations are
compiled using g++ 11.4.0 on Ubuntu 22.04.4.

4 Single Instruction Multiple Data (SIMD): A parallel com-
puting method where a single instruction operates simulta-
neously on multiple data points.

27: return resultSet

I Dataset [ Dimension [ Base Vectors | Description |
SIFT100M [64] 128 100M Image Descriptors
DEEP100M [14] 96 100M Deep Image Embeddings

T21100M [90] 200 100M Image and Text Embeddings
GLOVE1M [8419] 100 1.1M Word Embeddings
GIST1M [64] 960 1M Spatial Image Descriptors

Table 3: Datasets used in our evaluation.

Datasets. We focus on 5 datasets widely used in the
literature. The selected datasets cover a wide range of
dataset sizes, dimensionality, and structure. Their de-
tails are summarized in Table [Bl

Queries. We randomly sample queries from the learn-
ing sets provided in each dataset repository for our
training and validation query workloads. For testing,
we sample 1K queries from the provided query work-
loads of each dataset repository. This serves as our de-
fault testing query workload. To generate harder query
workloads (i.e., queries that require higher search ef-
fort than the default ones) we generate harder queries
for each dataset by adding varying values of Gaussian
noise to the default workloads [121[120,102,19]. The o
of the added Gaussian Noise is a percentage of the norm
of each query vector, with a higher percentage leading
to noisier (and thus, harder) queries. The multimodal
T2I100M dataset is a special case, since the dataset vec-
tors are text embeddings while the queries are image
embeddings. Thus, the corresponding query workloads
represent Out-Of-Distribution (OOD) queries. For this
reason, we study this dataset separately.
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[[[ Dataset [ M [ efC [ efS [ Index Time | Avg. Recall ||
SIFT100M 32 500 500 23h 0.995
DEEP100M 32 500 750 20h 0.997

T21100M 80 1000 2500 40h 0.970
GLOVE1IM 16 500 500 2h 0.992
GIST1IM 32 500 1000 6h 0.994

Table 4: HNSW indexing summary using 12 cores.

Dataset Complexity. To characterize the complexity
of each dataset, we report the Local Intrinsic Dimen-
sionality (LID) [60LI0] of the default query workloads.
LID quantifies the intrinsic hardness of a dataset based
on the distribution of ground truth nearest neighbor
distances for a given query. Higher LID values indi-
cate greater dataset complexity. We calculated the av-
erage LID for the queries of each dataset to be 13,14,
57, 32, and 24 for SIFT100M, DEEP100M, T2I100M,
GLOVE1M, and GIST1M, respectively. For GLOVE1M,
the elevated LID value is explained by the nature of
the dataset, which is a collection of word embeddings.
This category of data is known to exhibit high cluster-
ing [20,[89], leading to dense and complex vector neigh-
borhoods. For T2I100M, the higher LID values are in-
fluenced by its multimodal nature, which includes text
and image embeddings as base and query vectors, which
originate from different data distributions [59,90].

Index. For each dataset, we build a separate plain
HNSW index once, using appropriate parameters that
allow the index to reach an average recall > 0.99 for the
default query workloads. The M, efConstruction (efC),
and efSearch (efS) parameters for each dataset vary,
since we need different parameters to reach high recalls
for each dataset. The indexing details are shown in Ta-
ble 4l The indexing times reported are obtained by cre-
ating the plain HNSW index using 12 processing cores.
Note that the selected plain HNSW index parameters,
including efSearch, have been selected to enable the in-
dex to reach high recall values, as shown in Table[d] The
values for such parameters are selected based on the
recommended parameter ranges of relevant works [70,
9911[4]. The same methodology is followed for IVF, de-
tailed in Section .34l

Real-world application scenarios correspond to high
recall targets, starting from 0.80 [I15]. Thus, we use re-

call target R; € {0.80,0.85,0.90,0.95,0.99}. For T2I100M,

where R; = 0.99 could not be attained using reason-
able parameter ranges (and hence index generation and
query answering times), we stopped our evaluation at
R; = 0.95. In order to cover a wide range of configura-
tions, we experiment using k € {10, 25, 50, 75, 100}.

Groundtruths for Learning Workloads. For our
training and validation queries (11K in total), we need
to compute the groundtruths, which can be very ef-

ficiently generated using the fast algorithms for exact
vector search of the DaiSy library [44]. The groundtruth
calculation takes approximately 7 minutes for GLOVE1M,
30 minutes for GIST1M, 3.5 hours for DEEP100M, 4
hours for STFT100M, and 6 hours for T2I1100M. Such
processing times represent a very small overhead to the
total indexing times of our datasets that, for our larger
datasets, exceed 20 hours (SIFT100M and DEEP100M),
and can be up to 40 hours (T2I100M).

Comparison Algorithms. We compare the results of
DARTH with the Baseline we presented in Section[3.2.2]
We also compare the performance of our approach against
REM. The recall to search effort mapping procedure is
performed using 1K validation queries sampled from the
learning sets of our datasets. Lastly, we compare our
approach with the Learned Adaptive Early Termina-
tion (LAET) approach [69], the only early termination
approach supporting both HNSW and IVF. Note that
LAET does not natively support declarative target re-
call with recall targets, since it is designed to terminate
when all the nearest neighbors of a query have been
found. For each query, after a fixed amount of search,
LAET predicts the total number of distance calcula-
tions needed for this query to find all nearest neigh-
bors. This value is then multiplied by a (hand-tuned)
multiplier hyperparameter to ensure that the number
of distance calculations is sufficient. To achieve declar-
ative target recall with LAET, we manually tune the
multiplier to adjust the performance for each desired
target recall R;, using 1K validation queries sampled
from the learning sets of our datasets. Note that this
implementation is not discussed in the original paper.
During query answering, all algorithms use only a sin-
gle core to answer each query, but multiple queries can
be executed in parallel, exploiting all available cores.

Result Quality Measures. We measure the perfor-
mance of our recall predictor using the Mean Squared
Error (MSE), Mean Absolute Error (M AE), and R-
squared (R?) [I7], which are popular measures for eval-
uating the performance of regression models [I5]. We
measure the search quality performance of the approaches
using recall, which represents the fraction of correctly
identified nearest neighbors among the total nearest
neighbors retrieved (k). To provide a comprehensive
comparison, we also employ additional measures that

quantify the performance of an ANNS search algorithm [80].

Specifically, we report the Ratio of Queries Under the
recall Target (RQUT), which is the proportion of queries
that fail to reach a specified recall target R;, the Rel-
ative Distance Error (RDE), which quantifies the devi-
ation of the distances of the retrieved neighbors from
the true nearest neighbors’ distances. and the Normal-
ized Rank Sum (NRS), which evaluates the quality of
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approximate nearest neighbor results by comparing the
ranks of retrieved items in the result set to their ideal
ranks in the ground truth. We report the average val-
ues over the query workload. To present a compre-
hensive analysis of the different approaches, we pro-
vide additional measures that examine the magnitude
of the highest errors of each approach. We report the
P99 measure, which is the 99th percentile of the errors.
The error is defined as the deviation of the recall of a
query ¢ from Ry, i.e., error = |R; — Ry|, where R, is
the actual recall achieved for the query ¢, and Ry is the
declarative recall target. We also report the average er-
ror in the most challenging 1% of the queries (denoted
as the Worst 1%) in our graphs, to show the typical
performance degradation for the worst-performing 1%
of queries and provide a more detailed view of how each
approach handles extreme cases. We measure the search
time performance by reporting the search time and the
Queries-Per-Second (QPS) measures. We report QPS
for a single core (though, queries are executed in paral-
lel, on all available cores). Additionally, we report the
speedup (denoted as “Times Faster”) compared to the
plain search (no early termination).

5.1 Training and Tuning
5.1.1 Training Queries.

Figure |3| presents the validation MSE (using 1K val-
idation queries) of the predictions from our model for
a varying number of training queries. To offer an in-
depth evaluation of the performance, we generate pre-
dictions by invoking the model after every 1 distance
calculation (i.e., the most frequently possible), provid-
ing insights into the prediction quality for all possible
points of the search. Figure [3| shows the results across
our datasets for all values of k. We observe that for
all datasets, the performance improvement plateaus af-
ter the first few thousand training queries, to a very
low M SE value. We also note that the configuration of
10K training queries performs well across all datasets
and values of k; in the rest of our evaluation, we use
this number. It is worth noting that 10K queries repre-
sent a very small proportion of the datasets, comprising
only 0.01% — 1% of the total dataset size. Additionally,
the graph indicates that larger & values result in better
predictor performance, as the features, particularly the
NN Distance and NN Stats, become more descriptive
and accurate with an increasing result set size.

The DARTH recall predictor is trained on 10K queries
randomly sampled from the learning sets included in
each benchmark dataset. These learning sets consist
of vectors designated for training purposes and do not

H Dataset ‘ Generation Time ‘ Training Size ‘ Training Time H
SIFT100M 20min 115M 90s
DEEP100M 30min 160M 155s
GLOVEIM 15min 43M 85s

GIST1IM 36min 160M 130s

Table 5: Training details using 10K queries and 12 cores.

overlap with the base (dataset) vectors or query vec-
tors. All the subsequent results presented in this pa-
per are obtained using the recall predictor trained on
these official benchmark learning sets. To provide fur-
ther insight, Figure [4 presents the distribution of re-
call values and distance calculations (we show results
for DEEP100M for brevity; similar trends hold for all
datasets). Notably, 98% of the training queries achieve
a recall above 0.95, and 90% reach 0.99 or higher, as
shown in Figure [f{(a). The effectiveness of the predic-
tor in modeling query search progression is explained
by Figure [d{(b), which shows the distance calculations
performed for each training query. While the majority
of training queries achieve high recall, the amount of
effort needed to reach these recalls follows an approxi-
mately normal distribution. This enables the predictor
to learn from a diverse range of training queries, in-
cluding those that achieve high recall with minimal dis-
tance calculations and others that require significantly
more search effort. In subsequent sections of our eval-
uation, we study how well our predictor generalizes to
more challenging workloads (e.g., noisy queries), and
we demonstrate that DARTH can effectively handle
queries that need significantly more search effort.

5.1.2 Training Time.

Now we present the training details of DARTH for 10K
training queries. For all datasets, we report in Table [j]
the time required to generate the training data from the
10K queries (Generation Time), the number of train-
ing samples corresponding to the 10K queries (Train-
ing Size), and the Training Time needed for the model
(using 100 GBDT estimators, and 0.1 learning rate).
Note that Generation and Training Times are reported
when using 12 (all) processing cores. We note that the
entire process can be completed in a few minutes, which
is a negligible processing time compared to the time
needed to build the corresponding plain HNSW index
(i.e., several hours; cf. Table . The differences in the
Generation Times and Training Sizes among datasets
are related to the dimensionality, dataset size, complex-
ity, and index parameters.
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5.1.83 Feature Importance.

We analyzed the importance scores (extracted from our
GBDT recall predictor) of our features across all datasets
and values of k (on average). The scores are expressed as
a percentage of the total feature importance. Our anal-
ysis revealed that the features with the highest impor-
tance scores are nstep, closest NN, first NN, ninserts,
and var (with importance scores of 16%, 16%, 16%,
14%, and 12%, respectively). This highlights that the
estimation of the current recall is influenced by various
search features, including the extent of the graph ex-
plored in the HNSW search, the NN identified so far,
and the initial NN found at the beginning of the search.

5.1.4 Feature Ablation Study.

We conducted a feature ablation study to evaluate the
performance of our recall predictor when using differ-
ent combinations of input feature types from Table
Specifically, we compared the average validation M SFE,
MAE, and R? across all values of k for various fea-
ture combinations for our datasets. The results indicate
that using only the Index Metrics features yields mod-
erate performance, with an MSE of 0.0043, MAE of
0.0318, and R? of 0.83. Incorporating either NN Dis-
tances or NN Stats alongside the Index Metrics im-
proves the predictor’s performance, both achieving an
MSE of 0.0030, MAE around 0.0269-0.0275, and R?
of 0.88. In contrast, using NN Distances and NN Stats
without Index Metrics leads to significantly worse re-
sults, with M SE values exceeding 0.0191 and R? drop-
ping below 0.30. As anticipated from the feature impor-
tance analysis, the most effective feature combinations
involve both Index Metrics and at least one of the NN-
based features. The overall best performance is achieved
when all available features are used together, resulting
in an M SE=0.0030, M AE=0.0269, and R?>=0.88. Con-
sequently, our final recall predictor leverages the com-
plete set of input features.

5.1.5 Recall Predictor Model Selection

We conducted a model selection study to justify our
choice of the GBDT model. We trained and evaluated
additional recall predictor models, including linear re-
gression, decision tree, and random forest. For the ran-
dom forest model, we used 100 estimators, matching
the configuration used for GBDT. The best results were
achieved by the GBDT model, which obtained an aver-
age M SFE of 0.0030 across all datasets and values of k.
The random forest model also performed well, due to
its structural similarity to GBDT, achieving an average

MSFE of 0.0042. The decision tree and linear regression
models showed the poorest performance, with average
MSE of 0.0062 and 0.0142, respectively.

5.1.6 Adaptive Intervals Tuning and Ablation Study.

A crucial decision after training our recall predictor is
determining the frequency (intervals) at which it should
be called to predict the recall. As discussed in Sec-
tion[3:2.1] we introduced an adaptive prediction interval
method and proposed a generic, automatic method for
setting the hyperparameters of the adaptive formula.

Here, we assess the effectiveness of the adaptive in-
terval approach compared to a static approach that
uses fixed intervals to invoke the predictor. Addition-
ally, we evaluate the performance of our heuristic-based
approach against extensive grid-search hyperparameter
tuning. For grid-search, we explored a wide range of hy-
perparameter values, with ipi € [250, 500, 750, . . ., 5000],
and mpi € [50,100,150,...,2000] Conducting such an
extensive search over the parameter space required sig-
nificant computational time. Consequently, we focused
on experiments with k¥ = 50 and R; € {0.90,0.99}. We
picked k£ = 50 and R; = 0.90, because they are common
cases in a wide variety of scenarios, and we included
R; = 0.99 to examine the results for corner cases of
very high target recalls.

For the grid-search, we report the results of two
methods: Adaptive prediction interval tuning and a Static
approach (i.e., with a fixed prediction interval, mpi =
ipi). These methods are labeled as Adaptive- Grid-Search
and Static- Grid-Search, respectively, and in our legends
we refer to them as Ad-GS and St-GS for brevity. In
each experiment, we selected the mpi and ipi configura-
tions that achieved the best search times. We compared
the grid-search methods to our heuristic hyperparame-
ter selection method, described in Section which
is labeled Adaptive-Heuristic, and as Ad-Heur in our
legends. To provide a comprehensive ablation study of
the hyperparameter selection method, we also present
results from a variant of the heuristic-based approach
that does not employ adaptive prediction intervals, us-
ing fixed values of ipi = mpi = d”f% (we selected
to divide by 4 because this result gave us the best
performance for this variant). We label this variant as
Adaptive-Static, and in our legends we present it as Ad-
St. Figure[5]illustrates the speedup achieved by each hy-
perparameter selection method across all datasets, for
Ry = 0.90 (Figure[5a) and R, = 0.99 (Figure 5b)), using
k = 50. Both graphs show that the Adaptive meth-
ods outperform the corresponding Static methods, be-
ing up to 10% faster for the grid-search and up to 13%
faster for the Heuristic method, while the Adaptive-
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Grid-Search method is the best-performing across all
configurations. This is attributed to the adaptivity of
the prediction intervals combined with the extensive hy-
perparameter tuning, resulting in excellent search times.
Nevertheless, our Adaptive- Heuristic method, which does
not involve any tuning at all, delivers comparable exe-
cution times (Adaptive-Grid-Search is only 5% faster).

We stress that in DARTH, we automatically set
the hyperparameter values using the Adaptive-Heuristic
method, thus avoiding tuning all-together.

Table 6: Recall predictor performance for different k.

5.2 Main Results
5.2.1 Recall Predictor Performance

We begin by presenting our recall predictor’s perfor-
mance. The MSE, MAE, and R? measures are aver-
aged over all k values (we average to present perfor-
mance across all configurations), and are calculated by
invoking the recall predictor at every point of the search
for each query to examine the quality of the predictions
fairly. The results are shown in Table [6] The findings
indicate that for all datasets, our models achieve very
low M SE and M AFE values, while maintaining high R?
scores, demonstrating their effectiveness in estimating
the recall of individual queries at any search stage.

5.2.2 Overview of Achieved Recall and Speedups

Figure[] provides an overview of DARTH’s performance,
showing the actual average recall achieved and the cor-
responding speedups (compared to the plain HNSW
search without early termination performed by each
corresponding index) for each recall target Ry, across
all datasets, for k = 50. (Results are similar for all
other values of k, and omitted for brevity). The graphs
show that DARTH reaches and exceeds each Ry, while
also delivering significant speedups, up to 15x (average
6.8x, median 5.7x) compared to plain HNSW search
without early termination. As anticipated, the speedup
decreases for higher recall targets, since more search
effort is required before termination as R; increases.

5.2.3 Per-Query Performance

Figure [7] provides a detailed analysis of DARTH for
the SIFT100M dataset with k& = 50 (results for other
datasets and k values exhibit similar trends and are
omitted for brevity). For each recall target, the first
row of graphs shows the distribution of per-query recall
values (the vertical lines represent the average recall ob-
tain from DARTH and the corresponding recall target),
indicating that the majority of queries achieve a recall
that surpasses, yet remains close to, the corresponding
recall target, since roughly 15% of the queries do not
meet the target. The final row of the graph presents the
per-query search time distribution achieved by DARTH
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(orange bar) and the plain HNSW (dark gray bars) in-
dex without early termination. The vertical lines repre-
sent the average search time achieved by DARTH and
the plain HNSW without early termination. The results
demonstrate that DARTH significantly reduces query
search time, achieving a speedup of up to 4.5x.

Note that those results are achieved by using our
recall predictor just a few times for the search of each
query. Specifically, using our adaptive method, we in-
voke the predictor just 6 times on average when R; =
0.80 and 11 times on average when R; = 0.99, with the
intermediate recall targets taking average values in be-
tween 6-11. Indeed, the number of predictor calls rises
with higher R; values, which is expected due to the big-
ger amount of search required as R; increases. However,
the selected hyperparameters for the prediction inter-
vals ensure that even for higher recall targets, the recall
predictor will be invoked a reasonable number of times,
without resulting in excessive overheads.

5.2.4 Optimality of Termination Points

We now compare the quality of DARTH early termina-
tion to the optimal case. To perform this experiment,
we calculated the exact number of distance calculations
needed to achieve each recall target R, for each query.

To determine the exact number of distance calcula-
tions required for each query, we monitored the search
process, computing the recall after every distance cal-
culation, identifying the precise number of distance cal-
culations needed to reach each R;. This is done for each

processes before LAET
is tuned, k = 50.

query individually, and then we report the average num-
ber of distance calculations across the entire workload.
We then compared the results with the correspond-
ing distance calculations that DARTH performs. We
present the results in Figure [§ for all of our datasets,
using k = 50 (results for all other k values follow similar
trends and are omitted for brevity). The graph shows
that DARTH performs near-optimal distance calcula-
tions across all datasets, performing on average only 5%
more distance calculations than the optimal. We also
note that the deviation of DARTH slightly increases
for the highest recall targets. This is attributed to the
higher values of prediction intervals used for the high-
est recall targets, resulting in more distance calculations
performed between the predictor model invocations.

5.2.5 Competitor Tuning Overheads

We now proceed to compare DARTH with competitor
approaches. We note that DARTH is the only approach
that natively supports declarative recall through early
termination for any recall target R;. In addition, REM
also natively supports declarative recall for any recall
target through the recall to efSearch mapping proce-
dure it encapsulates. In contrast, LAET (with a tuned
multiplier), the only related approach that uses early
termination, requires specific tuning for each distinct
R;. Consequently, comparing LAET with DARTH ne-
cessitated extensive tuning for each recall target.

To fine-tune LAET for each Ry, we first performed
a random search to identify the applicable ranges for
the multiplier. We then employed binary search (due
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to the monotonic nature of the functions involved) to
fine-tune the parameters. Specifically, we searched for
multiplier € 0.10,0.15,0.20,...,3.00 and we evaluated
the average recall values using a validation query set
of 1K queries (same as the validation set of DARTH).
The ranges and step sizes for the multiplier were deter-
mined based on the results of the initial random search,
which established the lower and upper bounds for the
hyperparameter values of LAET. This limitation of the
existing early termination method of LAET to address
the problem of declarative recall highlights an impor-
tant advantage of DARTH, which can directly start an-
swering queries without any tuning. Figure [9] reports
how many queries DARTH can answer before LAET
finishes their tuning for & = 50, demonstrating that
DARTH is able to answer thousands of queries before
LAET is tuned. Specifically, our approach answers up
to 10K queries (6K on average) before LAET is tuned.
These results show that DARTH is the only early
termination approach that does not require any tun-
ing and can start answering queries immediately, which
can be beneficial for certain data exploration and analy-
sis tasks. We only compare DARTH to LAET, because
REM and Baseline do not require additional tuning,
and they can be set up in times similar to DARTH.

5.2.6 Competitor Per-Query Performance

We now compare the search quality performance of the
different competitor approaches in the default testing
query workloads of each dataset. Figure[10| presents the
recall distribution across all competitors for all datasets,
using R; = 0.95 and k£ = 50 (results for other recall tar-
gets and values of k exhibit similar trends). While all
competitors achieve the target recall of 0.95 on average,
clear differences emerge in their per-query performance.
For example, in the DEEP100M dataset, although all
competitors achieve an average recall of approximately
0.95, 28% of the queries fall below the target recall for
Baseline, 22% for LAET, and 21% for REM. Addition-
ally, the worst-performing query recall is 0.46 for both
Baseline and LAET, and 0.55 for REM. In contrast,
with DARTH, only 13% of the queries fall below the
target recall, and all queries achieve a recall higher than
0.80. This demonstrates DARTH’s superior results.

5.2.7 Competitor Robustness for Hard Queries

One of the major advantages of DARTH as a run-time
adaptive approach is that it can adapt the termination
points of the search for harder queries, without requir-
ing any extra configuration. In contrast, the competi-
tor approaches answer queries using static parameters,
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which are the same for all queries of a given workload,
and they are based on the validation query workload.
We demonstrate this in practice through a wide range of
experiments comparing the performance of the different
approaches for query workloads of increasing hardness.
Figure reports the actual recall achieved by each
method, for £ = 50 and R; = 0.90 across all datasets,
as the query hardness (represented by the noise per-
centage) increases for each query workload, ranging be-
tween 1%-30%. The graphs also show the actual recall
achieved by the plain HNSW index (red line), which
represents the maximum attainable recall in each noise
configuration. The results demonstrate that DARTH is
the most robust approach, reaching recall very near to
the declared R; across the entire range of noise values,
and especially for noise values where R; is attainable
by the plain HNSW index, i.e., up to 10-12%.

The performance of the competitors deteriorates con-
siderably, achieving recall values far away from the tar-
get, especially as the queries become harder in higher
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noise configurations (results with other values of k and
R; lead to similar results).

DARTH achieves this level of robustness by con-
sidering a wide variety of search features to determine
whether to apply early termination, rather than relying
solely on the data distribution. Furthermore, DARTH
leverages a recall predictor trained on queries that re-
quire varying levels of search effort, as explained earlier.
Although the predictor is not trained on noisy queries,
it still outperforms competing methods, because it has
been exposed to a broad range of query progressions
with diverse characteristics. These factors collectively
contribute to DARTH being the most robust approach
among all competitors.

We extend our analysis by studying the search qual-
ity measures and report the results in Figures [T2HI6]
Results for other noise levels are similar, and omitted
for brevity. Figure[12| presents the RDE values across all
datasets, for several values of R;. DARTH outperforms
all competitors, being 94% better than LAET, 150%
better than HNSW, and 210% better than the Base-
line. The superior RDE values that DARTH achieves
demonstrate the high quality of the retrieved nearest
neighbors compared to the competitors.

In the same setting, Figure presents the RQUT
results. We observe that DARTH achieves the best re-
sults for this measure as well, being 47% better than
LAET, 114% better than HNSW, and 130% better than
the Baseline. Such improvements demonstrate the abil-
ity of our approach to handle hard queries and meet
the declared R; for the vast majority of those.

Figure [14] presents the NRS™! values. Once again,
DARTH outperforms all competitors, being 5% better
than LAET, 14% better than HNSW, and 13% better
than the Baseline. In the same setting, we also study the
performance differences of the different approaches for
the queries they performed the worst, by reporting the
P99 (99-th percentile of the errors of each model) and
the average for the errors in the worst 1% of the query
performance for each method (labeled as Worst 1%).
Figure presents the results for P99, and Figure
presents the Worst 1%, across all datasets. DARTH is
the best performer. For P99, it achieves 51% better re-
sults than LAET, 68% better results than HNSW, and
97% better results than the Baseline. For Worst 1%,
DARTH is 37% better than LAET, 38% better than
HNSW, and 53% better than the Baseline.

5.2.8 Comparison to HNSW/REM on Hard Workloads

The previous experiments demonstrated that DARTH
is a robust approach, effectively handling difficult query
workloads, without the need for additional tuning, thanks

to the run-time adaptiveness and its predictor trained
using diverse queries. In this set of experiments, we eval-
uate the search time performance of DARTH. Given
that the competing approaches do not provide the re-
quired accuracy, we compare DARTH against the plain
HNSW, which is commonly used in practice. In this
case, we need to explicitly tune the HNSW parameters
for each recall target, as well as the noise level of the
query workload. Note that this approach corresponds
to REM, where the efSearch parameter is specifically
chosen to make it achieve the same results as DARTH.
In contrast to REM, DARTH is only trained once, and
can then operate on and adapt to any recall target and
query hardness (i.e., noise level) that emerges at query
time. We report results for R; = 0.90 and noise = 12%,
i.e., a hard workload, using k = 50 (results with other
recall targets, noise levels, and values of k are similar,
and omitted for brevity).

The results are depicted in Figure [[7] which de-
picts the QPS achieved by both methods, DARTH out-
performs REM, being able to answer up to 280QPS
(100QPS on average) more queries than REM, while
being up to 5.8 (3.1x on average) faster than REM.

5.2.9 Out-Of-Distribution (OOD) workloads

We now study the performance of DARTH for the T21100M

dataset, which contains OOD queries. We follow the
same procedure as the other datasets, generating train-
ing data from 10K training queries originating from
the learning set provided with the dataset. The vectors
of the learning set follow the same distribution as the
index (dataset) vectors. The training data generation
time was 55 minutes, resulting in 340M training sam-
ples. Due to the bigger dataset search parameters, we
logged a training sample every 2 distance calculations
(instead of 1, like the rest of the datasets) to make sure
that our training dataset size has a manageable size.
The training time of the recall predictor was 320 sec-
onds, and it achieved M SE=0.029, M AE=0.079, and
R?=0.54, by testing the predictor on 1K OOD queries
from the default workload of the dataset. As expected,
these results are not as good as those for the rest of the
datasets (due to the multimodal nature of T2I1100M),
yet, they demonstrate the ability of the DARTH re-
call predictors to achieve good accuracy for OOD query
workloads, just like they do for noisy workloads.

The DARTH performance summary for T2I1100M is
presented in Figure [I§] for various recall targets and all
values of k. Figure [18a) shows the actual achieved re-
call over a query workload of 1K OOD queries, demon-
strating that DARTH consistently meets and surpasses
all recall targets. The speedups compared to the plain



18

Manos Chatzakis et al.

N Baseline

ke hilpk

000780 '0.85 0.90
R¢

(a) SIFT100M

bk,

0.80 085 0.90

W LAET

RDE
RQUT
NRS™*

(a) SIFT100M

- m] m] m]
. 085 .
(b) DEEP100M

(b) DEEP100M
0.01-

ik b,

0.00% 80 0.85 0.90
Rt

(c) GLOVEIM

0.002- |
0.000- ‘:E

0.80 085 090

RQUT
NRS™*

NRS -

(c) GLOVEIM

e

0.90

RQUT
NRS™*

[ DARTH

LU

(a) SIFT100M
1 I_H I_ﬂ I_D 0.57 l_h
0 085 0. 0.0
(b) DEEP100M

LI

(c) GLOVEIM

1I_|:|I_HI_|:I osl_ﬂ'_hi_h I_|:|
0 %80 085 090 00 "580 0.85 0.90 0.0
Re

noise = 12%, k = 50, Lower is better

- I_h I_h ._h | I:D I:h .:I]
0.0 580 0.85 0.90 0.0 %580 0.85 0.90

Re Rt
(a) SIFT100M (a) SIFT100M

Lk Sl

0.80 0.85 0.90 ! 0.80
(b) DEEP100M

P99
Worst 1%

o

w

P99
Worst 1%

o

o

o
o

Re
) DEEP100M

bk

(c) GLOVEIM

P99
Worst 1%

o

o

o
o

©0.80 0.85 0.90
Re

(c) GLOVEIM

L1l

P99
Worst 1%

o

w

0.80 0.85 0.90

R R
(d) GISTIM (d) GISTIM (d) GISTIM (d) GISTIM (d) GISTIM
Fig. 12: RDE. Fig. 13: RQUT. Fig. 14: NRS. Fig. 15: P99. Fig. 16: Worst 1%.
REM ~ EEE DARTH Worst 1%. The results show that DARTH is the best-
o 600 performing approach in almost all cases, across all eval-
§ 400 uated measures and recall targets; the only cases where
m 200 DARTH is outperformed by REM is for R; = 0.95, and
& o by LAET only for RQUT and R; = 0.95. However, even

Al 1OODEE"“)OMLO\'E“J\G\‘—‘“N\

Fig. 17: DARTH vs REM, R;=0.9, noise=12%, k=50.

N k=10 0 k=25 W k=50 W k=75 B k=100
0.99- 0)21'

T

©0.95

Q 0 16-
=0.90- £
50.85 2 g
go.so =

0.80 0 85 0 90 0.95 0.80 0.85 0.90 0.95

Re
(a) Achieved Recall (b) Speedup
Fig. 18: DARTH summary for T2I100M.

HNSW search (see Figure[I§[b)) are up to 21.5x across
all configurations (average of 9.3x, median of 8.6x).

We also evaluated DARTH’s early termination qual-
ity, compared to the optimal early termination points
for our recall targets. The results show that DARTH
performs accurate early termination, only 5% more dis-
tance calculations than the optimal.

Figure [19] presents the comparison of DARTH with
other competitors on the T2I100M dataset, using 1K
OOD queries. We evaluated the quality of the com-
petitors’ results using RDE, RQUT, NRS, P99, and

in these cases, DARTH achieves a very low RDE, indi-
cating high result quality, and it is 1.5x faster than
REM and 1.1x faster than LAET.

5.3 DARTH+ Results
5.8.1 DARTH+ Training

We start by demonstrating that the quality performance
of DARTH+ is similar to, and sometimes better than,
that of DARTH, while DARTH+ needs substantially
less amount of training data and time.

Figure [20| presents the recall performance achieved
by DARTH and DARTH+ across the default workloads
of all datasets for k = 50 (other values of k yield similar
results and are omitted for brevity). We observe that
the achieved recall of DARTH and DARTH+ is very
similar across all configurations and workloads. Fig-
ure [2] further examines this behavior by showing the
recall distributions for standard query workloads across
all datasets, for R, = 0.95 and k = 50 (other recall tar-
gets and values of k yield similar results). By comparing
the recall distributions, we observe similar trends be-
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Fig. 19: Competitor comparison on T2I100M OOD queries (no noise), k = 50.

tween the two approaches. Yet, DARTH+ exhibits bet-
ter performance: on average, DARTH+ has only 10% of
queries falling below the target recall, compared to 13%
for DARTH. DARTH+ achieves this improved perfor-
mance thanks to its additional query-dimension-related
features (refer to Section[1.1.3] These new features does
not significantly affect the feature importance (e.g., nstep
is still the most important feature, detailed in Sec-
tion, but even though each new feature has an im-
portance score of approximately 5%, the combined con-
tribution of all query-dimension features to the model
prediction is ~35% across all datasets and values of k.

At the same time, DARTH+ achieves significantly
faster training times, thanks to the dynamic sampling
interval and high-recall cutoffs it uses during training.
This improvement is attributed to two design choices.
(1) DARTH+ uses a dynamic sampling interval that
does not affect predictor performance, yet reduces the
number of collected samples: we sample training data
every 20 distance calculations when recall is between
0-0.5, every 10 distance calculations when recall is be-
tween 0.5-0.7, and every 5 distance calculations when
recall is between 0.7-1. (2) DARTH+ applies a high-
recall cutoff that terminates training queries when the
number of distance calculations performed after reach-
ing the highest possible recall exceeds 30% of the to-
tal distance calculations performed for the other recall
ranges. Together, these mechanisms significantly reduce
the amount of training data needed for model training.

Figure 22|a) presents the time required to generate
the training data across all datasets and values of k
for DARTH and DARTH+. We observe that DARTH+
is up to 28.5x faster than DARTH in training data
generation (average speedup of 11.5x, median speedup
of 7.7x). DARTH+ also produces substantially smaller
training datasets, containing on average 14.5x fewer
training samples than DARTH.

Figure 22b) shows the time required to train the
recall predictor model using the training data gener-
ated by DARTH and DARTH+. The results show that,
thanks to the updated training mechanism of DARTH+
and the significantly smaller training datasets it re-
quires, the recall predictor training can be completed
in just a few seconds. Across all datasets and values of

k, DARTH+ achieves up to a 9.7x speedup in model
training compared to DARTH (average speedup of 6.1x,
median speedup of 5.4x). Overall, our analysis shows
that DARTH+ is substantially faster to train, while
matching the recall performance of DARTH.

5.3.2 DARTH+ for Inner Product

To demonstrate the generalization ability of DARTH+
to other similarity measures, we evaluate its perfor-
mance under inner product similarity instead of Eu-
clidean distance. To avoid generating ground truths from
scratch for the larger datasets (SIFT100M, DEEP100M,
and T2I100M), we use their 10M subsets, which we
denote as SIFT10M, DEEP10M, and T2I10M. Experi-
menting with a new similarity measure requires rebuild-
ing all indexes. For this set of experiments, we use:
SIFT10M: M=16/efC=500/efS=500, DEEP10M:
M=16/efC=500/efS=750, GLOVEIM: M=32/efC=
500/efS=1000, GIST1IM: M=64/efC=500/efS=1000,
and T2I10M: M=40/efC=1000/efS=1500. Note that
the 10M version of T2I, together with our indexing and
search parameters, allows us to reach R; = 0.99, and
we therefore evaluate this value as a valid recall target.
Under inner-product similarity, we are unable to attain
R; = 0.99 for GLOVEIM with & = 100, even when
using significantly higher indexing parameters, and the
plain HNSW index achieves a recall of approximately
0.985 for k = 100. However, since R; = 0.99 is attain-
able for all other values of k, and since £ = 100 achieves
only slightly lower recall than the target, we evaluate it
as a valid recall target in our experiments.

Table [7] reports the recall predictor quality metrics
(MSE, MAE, and R?) for predicted recall under inner
product similarity across all datasets, averaged over all
values of k. Overall, we observe that the predictor qual-
ity is very similar to that of the Euclidean distance set-
ting (Table@, demonstrating the generalization ability
of our models. Specifically, the DARTH+ recall pre-
dictor under inner product similarity achieves an aver-
age MSE of 0.0422, an average M AE of 0.0045, and
an average R? of 0.84 across all datasets. In addition,
Figure [23| presents the achieved recall and speedups of
DARTH+ under inner product similarity for all datasets
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[ Dataset | MSE MAE R ]
SIFT10M 0.0419 0.0037 0.87
DEEP10M | 0.0428 0.0040 0.84
GLOVEIM | 0.0415 0.0033 0.91
GIST1IM 0.0326  0.0023  0.93
T2110M 0.0526  0.0092  0.65

Table 7: Recall predictor performance of DARTH+
across all values of k for inner product.

with & = 50 (other k result to similar trends). We ob-
serve that under inner product DARTH+ reaches and
surpasses all recall targets, while delivering up to 20.1x
speedup (average speedup of 5.1x, median speedup of
3.7x) compared to plain HNSW (no early termination).

5.3.8 Quality Guarantees

The DARTH+ variant that provides quality guarantees
can be prepared with minimal overhead in the over-

all process, which corresponds to training the quan-
tile regression model on the generated training data.
This requires approximately 3 minutes on average for
SIFT100M, 4 minutes for DEEP100M, 38 seconds for
GLOVEI1M, 5 minutes for GIST1M, and 12 minutes for
T2I100M, which are negligible times compare to the to-
tal time needed to create the index for each one of those
datasets, which is 1-2 orders of magnitude larger.

To verify the performance of the quality guaran-
tees of DARTH+, we evaluate quantile regression and
compare it to conformal prediction, calibrated with 1K
queries as in [7]. In the first set of experiments, we ex-
amine the coverage: the fraction of cases in which the
provided lower-bound recall (from either quantile, or
conformal regression), contains the true recall. For a
fair comparison between the two approaches, we fol-
low a procedure similar to that used for evaluating the
recall predictor in Section [5.2.1} we invoke DARTH+
after every distance computation for the testing query
workloads of all datasets in order to generate lower re-
call bounds at all possible points during the search. We
then compute the coverage based on these predictions.
This methodology ensures that the verification of the
guarantees is unbiased and reflects the behavior of our
methods throughout the entire query search process.

Figure[24] presents the coverage of the two approaches
for a given expected guarantee, which ranges between
0.80-0.95, and represents the expected fraction of cases
in which each approach should provide a correct lower
recall bound. Each expected guarantee eg corresponds
to quantile regression with quantile 1 — eg, and to con-
formal prediction with expected coverage eg. We present
the results for k=50 (similar trends are observed for all
values of k). Overall, in the vast majority of experi-
ments, both the quantile and conformal variants suc-
cessfully deliver the expected guarantees, and achieve
very similar coverage values. Specifically, the confor-
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mal variant deviates from the expected guarantee by
0.3% on average across all datasets and values of k. The
quantile variant deviates from the expected guarantee
by only 0.2%, achieving slightly better coverage.

Although both methods provide similar coverage re-
sults, the end-to-end experiments of both methods in
DARTH+, shown in Figure 25] indicate that conformal
regression leads to worse termination points for higher
recall targets. In particular, it delays the termination
and makes DARTH+ perform a larger number of dis-
tance calculations (1.3x more, on average) compared
to quantile regression. This behavior is not surprising
for conformal regression: it relies on global calibration
thresholds to enforce coverage guarantees, which lead
to more conservative lower bounds for recall in order to
protect against worst-case residuals. Thus, DARTH+
adopts quantile regression for its quality guarantees.

We now compare the quality of the guarantees pro-
vided by DARTH+ across all datasets with those of
competing approaches. By default, the DARTH+ re-
call lower bound corresponds to the 0.1 recall quantile,
and we compare the resulting recall quality with that
of competing methods. We begin by presenting in Fig-
ure the query recall distributions on a logarithmic
scale for all datasets with R;=0.95 and k£=50. Simi-
lar results are observed for other values of k and recall
targets. DARTH+ achieves the best performance, as
it exhibits the most favorable recall distribution, with
queries tightly centered around the recall target, and
only a small fraction of queries falling below the target.
Specifically, Baseline has on average 27% of queries be-
low the target, LAET 21%, and REM 16%, whereas
DARTH+ has only 1%, which is true even for the out-
of-distribution T2I100M dataset.

Interestingly, for the challenging out-of-distribution

T2I100M dataset, the Baseline method has 25% of queries

below the recall target, while the worst achieved recall
is 0 (the target recall for this experiment was 0.95).
LAET has 9% of queries below the recall target, with
the worst recall also being 0. REM, our best perform-
ing competitor to DARTH+, has 2% of queries be-
low the recall target, while the worst recall is 0.34. At
the same time, DARTH+ achieves outstanding perfor-
mance, with only 0.3% of queries below the recall target
and the worst performing query achieving 0.92 recall.
This represents a notable improvement over competing
approaches, which, although they achieve average recall
relatively close to the target, they have a substantially
larger fraction of queries reach significantly lower recall
values, sometimes returning no correct answers.
Figure compares the RQUT achieved by REM,
DARTH+, and DARTH+ with a guarantee of 0.9. Since
the target lower-bound recall coverage guarantee is 0.9,

we empirically expect RQUT to be < 0.1; the dot-
ted red line in the figure represents this threshold. For
DARTH+ without guarantees, we observe that it out-
performs Baseline by 43% and LAET by 44%. In this

configuration, REM slightly outperforms DARTH+, achiev-

ing results that are 13% better. As expected, DARTH+
with guarantees achieves the best overall performance
in terms of RQUT, outperforming Baseline by 91%,
LAET by 91%, and REM by 84%.

Figure compares the Worst 1% errors achieved
by REM, DARTH+, and DARTH+ with a guaran-
tee of 0.9. DARTH+ without guarantees outperforms
Baseline by 45%, LAET by 42%, and REM by 35%.
DARTH+ with guarantees again achieves the best over-
all performance for the Worst 1% errors, outperforming
Baseline by 70%, LAET by 60%, and REM by 84%.

We now evaluate the QPS performance of DARTH+
with guarantees. Figure presents the QPS results
of DARTH+ and REM, our best competitor, across
each dataset, for k=50 and R;=0.95; each marker of
DARTH+ corresponds to a different guarantee setting,
ranging from 0.20-0.05, while each marker of REM cor-
responds to the REM performance tuned to achieve
the same RQUT as DARTH+. In this experiment, we
compare both approaches when they achieve results of
the same quality (note that REM, when used with the
tuned efSearch for the average recall, has 16% of queries
below the recall target (across all datasets).

We observe that DARTH+ with guarantees achieves
the best QPS performance across all configurations,
achieving up to 3.7x faster QPS, with an average and
median speedup of 1.8x and 1.5x, respectively.

DARTH+ with guarantees performs better than REM,
because DARTH+ adaptively terminate the search with
the requested guarantee for each individual query. In
contrast, REM must use a large search effort value to
achieve similar result quality, and this value is the same
for all queries. Thus, REM wastes effort for queries that
reach the recall target earlier, performing a larger num-
ber of distance calculations.

5.8.4 DARTH+ for IVF

To perform our evaluation with IVF, we created a plain
IVF index for all our datasets, capable of achieving
very high recalls. We used nlist=1000 for GIST1M and
GLOVE1M, 10000 for DEEP100M and SIFT100M, and

20000 for T2I100M. We also set nprobe=100 for GLOVE1M,

150 for DEEP100M and SIFT100M, 200 for GIST1M,
and 500 for T2I100M. These parameters allowed all our
IVF indexes to reach very high recall: 0.996 on aver-
age across all datasets except T2I100M. For T2I100M,
which is a challenging out-of-distribution dataset, we
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Fig. 31: DARTH+ summary for IVF, k = 50.

were able to create a plain index reaching 0.958 recall,
and thus, evaluate it with a maximum recall target of
R, =0.95.

After creating the plain IVF index, we executed 10K
training queries to generate the training data for our
IVF recall predictor. All the training procedures and
mechanisms for the DARTH+ training is similar to the
HNSW process. Note that, since IVF performs many
more distance calculations for each query compared to
HNSW, our dynamic logging frequency is now 100 when
recall is between 0-0.5, 50 when recall is 0.5-0.7, and
20 when recall is between 0.7-1. This resulted in 300M
training samples for SIFT100M, 250M for DEEP100M,
12M for GLOVEIM, 60M for GIST1IM and 440M for
T2I100M. We trained a GBDT recall predictor with an

average M SE=0.003 and M AE=0.04 across all datasets,

for the 1K testing queries of the default workloads.

Figure 31| presents the performance of DARTH+ on
all of our datasets, for £ = 50. Figure |31)(a) shows that
the recall achieved by DARTH+ for IVF using 1K test-
ing queries from the default workloads always meets,
or exceeds the target. Figure b) depicts the cor-
responding speedups achieved by DARTH+: up to a
44.9x when compared to the plain IVF search (average
speedup of 13.4x, median speedup of 9.6x). Similar to
the corresponding graphs for HNSW, higher recall tar-
gets result in lower speedups, because longer searches
are required to achieve higher recall. We observe that,
as expected, the highest speedup is achieved for the
GLOVEIM dataset, given GLOVE’s clustered struc-
ture, which allows the retrieval of the nearest neighbors
very early in the search.

We compare the recall performance distributions of
DARTH+ against REM and LAET implemented for
IVF. (We omit the Baseline competitor, since it achieves
significantly worse results than the other approaches
for both HNSW and IVF.) LAET and REM required
extensive hyperparameter tuning using a methodology
similar to the one used for HNSW (cf. Section Fig-
ure presents the recall distribution of all methods
across all datasets, for Ry = 0.95 and k = 50 (other
values of k and recall targets lead to similar results).
Once again, DARTH+ achieves the best recall perfor-

mance across all datasets. Specifically, DARTH+ meets
or surpasses the recall target across all datasets, while
only about 10% of the queries fall below R;. REM has
14% of the queries across all datasets below the recall
target, while LAET has 15%.

Overall, the performance behavior of DARTH+ for
IVF, in terms of the recall predictor accuracy and end-
to-end performance, is very similar to DARTH+ for
HSNW. This demonstrates the versatility and effective-
ness of DARTH+ across different ANNS index types.

6 Conclusions

We presented DARTH+, a novel and versatile approach
for declarative recall for ANNS that leverages early ter-

mination to achieve state-of-the-art performance. DARTH-+
exhibits state-of-the-art search quality for out-of-distribution

queries, as well as for different ANNS indexes and dis-
tance measures, while also supporting accurate quality
guarantees for the achieved recalls.
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