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Abstract
Graph-based Approximate Nearest Neighbor Search
(GANNS) delivers exceptional query performance compared
to other algorithms, but this efficiency comes at the cost
of significantly longer construction time. Because index
construction parameters can alter final query throughput by up
to an order of magnitude, identifying the parameter-optimal
configuration is essential for real-world deployments. Yet,
this process is notoriously challenging: traditional tuning
methods can take days or weeks due to the need for repeated,
full graph rebuilds.

This paper introduces GArena, a GANNS constructor that
accelerates optimal construct parameter search. Our key obser-
vation is that while different parameter settings yield distinct
graph topologies, their construction processes exhibit over
70% redundancy in distance calculations. Though a naive
distance cache can eliminate this redundancy, it incurs pro-
hibitive memory overhead (dozens of TB). Instead, GArena
redesigns the tuning paradigm by launching multiple paral-
lel graphs with different configurations and aligning their
distance computation trajectories, thereby greatly enhancing
the distance cache’s temporal locality. GArena can bound
the cache size to only a few MB (fully resident in CPU
cache). GArena also introduces a performance-potential-
guided pruner to discard unpromising configurations early
on small subsets. Evaluation shows that GArena can dramati-
cally shrink the tuning process from a day down to minutes,
while consistently identifying the optimal configuration.

1 Introduction

Approximate Nearest Neighbor Search (ANNS) is the algo-
rithmic backbone of modern AI infrastructure, powering crit-
ical systems from search engines [1] and recommender sys-
tems [2] to Retrieval-Augmented Generation (RAG) [3] for
Large Language Models. Among the myriad of ANNS algo-
rithms, graph-based methods (GANNS) [4–15] have emerged
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Figure 1: Performance of different construction configu-
rations on HNSW. Results on NSG [27] are similar.

as the dominant approach due to their exceptional query effi-
ciency and scalability. However, this query-time supremacy
comes at a severe build-time cost: constructing a proximity
graph requires an iterative, compute-intensive process dom-
inated by massive high-dimensional distance calculations,
often taking hours or days for large-scale datasets [16–23].

Unlocking GANNS’s full potential requires carefully tun-
ing construction parameters. For example, in HNSW [24], two
key parameters are M (controlling the maximum out-degree)
and EFC (limiting the candidate list size), which together con-
trol the quality and efficiency of the constructed index. These
two parameters dictate the final query throughput by up to an
order of magnitude, as shown in Figure 1. To make matters
worse, the optimal parameters are highly scenario-dependent,
varying drastically based on dataset characteristics (dimen-
sion/distribution/scale) and deployment requirements (top-k,
recall targets, or latency-friendly vs. throughput-friendly) (see
Figure 4). As a result, default parameters provided by popular
libraries (e.g., FAISS [25] and Milvus [26]) are often far from
optimal (1.4x–1.9x).

Achieving parameter optimality, however, is notoriously
challenging. First, the relationship between construction
parameters and query performance is complex and non-
monotonic (Figure 3). For instance, increasing M typically
reduces the number of hops during search, but simultane-
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ously increases the number of distance comparisons at each
step. These competing effects create a rugged optimization
landscape, making analytical models impossible. Second, tra-
ditional tuning methods (e.g., Bayesian Optimization like
VDTuner [28]) struggle in this domain; the extreme time cost
per trial makes it hard to collect enough data samples for train-
ing, which prevents learning-based models from converging
effectively. Engineers thus face a painful trade-off: either ac-
cept suboptimal empirical configurations, or pay an enormous
computational bill to do an exhaustive search. For instance, to
deploy GANNS for a new dataset, engineers at Microsoft [29]
need to build hundreds of distinct graph indices from scratch
to identify the singular optimal configuration, consuming up
to 168 hours [30] (almost a week) [28, 31].

This paper leverages two key observations to overcome
these barriers. First, we identify a high percentage (over 70%)
of distance computation redundancy during the construction
process across different parameter configurations. Although
the constructed graphs differ across configurations, they all
digest incoming vectors in the same deterministic sequence,
and inserting a vector tends to visit similar nodes in the graph.
Second, we observe a strong correlation between a configu-
ration’s relative performance on a small data subset and its
final performance on the full dataset. This implies that small
subsets can serve as an effective “early-stage pruning” filter
before committing to expensive full-scale construction.

Based on these insights, we present GArena, a GANNS
constructor that accelerates optimal construct parameter
search. GArena includes two techniques: interval-based dis-
tance cache and performance-potential-guided pre-screening.

First, GArena employs an interval-based distance cache to
eliminate redundant distance computation. A naive approach
is to rely on a global cache to store all computed distances
and run configurations sequentially (configA→ configB→
configC). However, retaining all computed distances necessi-
tates a prohibitively large cache capability (dozens of TBs).
These computed distances cannot be easily evicted during
construction, as they might be reused at any time whenever
other configurations insert the same vector. To mitigate this,
GArena redesigns the tuning paradigm by launching mul-
tiple configurations in parallel and aligning their distance
computation trajectories so that their distance computations
can temporally overlap. Specifically, GArena breaks the con-
struction in multiple intervals and synchronizes these parallel
configurations at the end of each interval, ensuring all configu-
rations lockstep on the same set of vectors concurrently. Con-
sequently, cached distances are consumed immediately and
discarded shortly after creation, keeping the distance cache
size extremely small (resident in CPU cache). We further pro-
pose a compute-ahead pipeline to achieve zero contention on
this shared cache.

To further reduce total tuning time, we employ pre-
screening on a small dataset subset (e.g., 5%) to filter out
unpromising configurations. However, standard metrics on

subsets can be misleading as some configurations degrade at
scale. We introduce Performance Potential (PP), a new metric
that analyzes the slope of the throughput-recall curve to pre-
dict performance potential. By combining subset performance
with this predictor, GArena effectively prunes unpromising
candidates before committing to expensive full constructions.

We apply GArena to two representative graph algorithms
(HNSW [24] and NSG [27]). Since optimal parameters are
highly scenario-dependent, we vary the deployment require-
ments and objective function, including different datasets,
scales, top-k values, recall targets, and performance metrics,
yielding a total of 28 evaluation scenarios. GArena demon-
strates consistently strong performance across all these scenar-
ios. GArena can reliably identify the optimal configuration,
while cutting the tuning time by 72–95% against state-of-the-
art baselines (e.g., Grid Search, VDTuner [28]). Moreover,
given the same tuning time budget, GArena produces graph
indices that deliver up to 1.8× higher QPS compared to VD-
Tuner, thereby making parameter-optimal GANNS construc-
tion truly practical.

This work makes the following contributions:
• We analyze the necessity and challenges of tuning construc-

tion parameters in graph-based ANNS.
• We design GArena, an efficient parameter-optimal GANNS

index constructor. GArena introduces two techniques: an
interval-based distance cache that exploits distance compu-
tation redundancy to maximize reuse, and a performance-
potential-guided pruner to discard unpromising configura-
tions on small subsets.

• We conduct extensive experiments on representative
datasets, demonstrating that GArena significantly outper-
forms state-of-the-art tuning methods.

2 Background and Motivation

2.1 Graph-based ANNS Construction Process
Among various ANNS indexes, graph-based methods [4–9]
are leading and widely-used approaches due to their supe-
rior search efficiency. These methods construct a proximity
graph where each node represents a vector, and edges connect
nodes that are close to each other in the vector space. During
querying, the search process traverses the graph by iteratively
moving to the neighbor closest to the query vector. Owing
to the small-world property [24] of the graph, this structure
enables rapid navigation and allows nearest neighbors to be
located with logarithmic complexity.

While graph-based indices deliver great query performance,
they suffer from prohibitively long construction time com-
pared to other types of indexes [17, 32]. Even for medium-
scale datasets (e.g., 100 million vectors), constructing a graph
index can take several hours. The construction of graph-based
ANNS indexes is an iterative and incremental process; see
Figure 2. Vectors are inserted one by one into the graph, and
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Graph-based ANNS Index Construction: Search & Prune Process

Iterative process for each inserted vector. 
EFC determines search breadth; M limits final connectivity.
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Figure 2: Graph-based ANNS index construction process.

for each incoming vector, the system needs to determine its
optimal position within the existing graph, which involves
two steps: 1) Search: traversing the currently built graph by
treating the new vector as a query to identify a pool of can-
didate neighbors for it, and 2) Prune: selecting the final set
of neighbors from the candidate list. The quality of the in-
dex is determined by construction parameters that control
the graph’s connectivity. Although different graph algorithms
define their parameter sets, these parameters play analogous
roles. For example, HNSW [24] uses M (maximum out-degree)
and EFC (candidate list size), while NSG [27] uses R (max-
imum out-degree) and L (candidate list size). To simplify
presentation, we use M and EFC as the default annotations.

Distance calculation as the primary bottleneck. In the
whole construction process, our performance profiling reveals
that distance calculation is the unequivocal primary perfor-
mance bottleneck, typically accounting for over 90% of the
total construction time [32]. This bottleneck arises because:
1) each individual distance calculation has a time complex-
ity of O(d), where d is the vector dimensionality (typically
hundreds to thousands), and 2) the construction process re-
quires executing the search step for every vector insertion,
involving numerous distance calculations as the algorithm
traverses the graph. For large-scale datasets, the total number
of distance calculations becomes enormous, making distance
computation the primary source of construction time.

2.2 Parameter Tuning for Graph-based ANNS
Importance of construction parameter selection. As in-
troduced in §2.1, construction parameters (e.g., M/EFC for
HNSW, R/L for NSG) play a crucial role in determining index
quality and query performance. To empirically demonstrate
this impact, we conduct a comprehensive Grid Search on the
SIFT-10M dataset, sweeping M from 4 to 64 and EFC from
4 to 360. For each configuration, we build a corresponding
HNSW index and evaluate its QPS rate at recall@100=0.9.
Unless otherwise specified, all motivation and insight figures
in this section and §2.3 use this default setting; evaluation
figures use the same default (see §4).

Figure 1 shows the results. Our results reveal a massive per-
formance variance: the optimal configuration (marked with
a red circle) achieves a QPS rate that is significantly higher
than that of suboptimal configurations. Moreover, default pa-
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Figure 3: Non-monotonic relationship and interaction be-
tween M and EFC parameters.

rameters from popular libraries such as FAISS [25] (marked
with a yellow circle) and Milvus [26] (marked with a blue cir-
cle) trailed the optimal QPS by over 46%, demonstrating that
careful parameter selection is essential and default settings
recommended by libraries fail to unlock the full potential of
the graph index.

No one construction configuration can fit all scenarios.
Our analysis demonstrates that optimal parameters are highly
scenario-dependent and sensitive to four deployment dimen-
sions: datasets, top-k, recalls, and performance metrics. A
static parameter configuration cannot adapt to the diverse re-
quirements of real-world applications. Figure 4 shows how
optimal construction parameters vary across these dimensions;
each bar represents a distinct configuration, with the optimal
highlighted in red. We observe that: 1) Sensitivity to dataset:
different datasets (SIFT-10M vs. DEEP-10M) favor different
parameter configurations due to distinct dimensionality and
data distribution characteristics. 2) Sensitivity to top-k/recall:
workloads requiring high precision (e.g., 0.99) or large top-k
(e.g., top-k =1000) demand higher-quality graph structures,
directly influencing optimal parameter selection. Parameters
efficient for easy targets often fail strict requirements, while
parameters for strict targets are wasteful for easier tasks. 3)
Sensitivity to performance metrics: different system objectives
(e.g., maximizing throughput vs. minimizing latency) lead to
divergent optimal parameters. This multi-dimensional sensi-
tivity makes parameter selection a moving target, rendering
static or default configurations ineffective.

Complex parameter interdependencies. Identifying these
shifting optima is further complicated by the non-monotonic
and interdependent relationship between M and EFC. As shown
in Figure 3, construction parameters exhibit non-monotonic
relationships with the final query performance. This arises
because both M and EFC exhibit complex trade-offs: M reduces
search hops through denser connections but increases per-
hop cost beyond a certain threshold, while EFC enables more
accurate neighbor selection but exhibits diminishing returns.

Moreover, the parameters are coupled: the optimal value of
M depends on the EFC setting, and vice versa, creating a three-
dimensional optimization landscape. This interdependency
means that tuning one parameter while keeping the other fixed
may not yield globally optimal results.
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Prohibitive cost of conventional tuning methods. Conven-
tional parameter tuning methods struggle in this setting be-
cause evaluating a single configuration (i.e., a trial) entails
fully constructing the index from scratch (§2.1) and then issu-
ing a substantial number of queries to estimate its QPS. Here,
we examine two representative methods: Grid Search and
VDTuner [28] (a representative Bayesian Optimization-based
tuner). Grid Search guarantees finding the global optimum
within a discretized space, but it requires evaluating all com-
binations of M and EFC candidates. VDTuner reduces trials
via learning-model-guided sampling. Figure 5 plots the best
throughput found versus cumulative tuning time. Experiments
are conducted under the default setting, sweeping M and EFC
from 4 to 64.

Although Grid Search theoretically guarantees finding the
global optimum configuration, it suffers from a combinatorial
explosion. Given that a trial can take several minutes even
with 384 threads in this case, exhaustively evaluating the full
Cartesian product is computationally costly.

VDTuner is often preferred for expensive tuning tasks due
to its high sampling efficiency. However, for ANN index con-
struction tuning, VDTuner yields limited benefits compared
to Grid Search. Figure 5 marks the turning point with the
vertical dashed line, which is the earliest time when a method
first reaches the best performance it will ever achieve during
the whole tuning run. VDTuner reaches this point later in our
results (e.g., at recall=0.9, it requires 53.5 min for Grid Search
and 68.9 min for VDTuner), suggesting that learning-based
methods may be more fragile under limited budgets in this
setting. This limited effectiveness stems from the scarcity

of observation data: unlike query-parameter tuning where
thousands of configurations can be tested in seconds, index
construction takes several minutes per trial. With only a hand-
ful of feasible observations (e.g., 10 trials in an hour), the
Bayesian surrogate model remains highly uncertain, prevent-
ing convergence and exhibiting limited guidance capability.

In a short conclusion, existing parameter tuning methods
are ill-suited for ANNS construction due to the unique chal-
lenges of this domain, which features a relatively small search
space but an extremely high computational cost per trial.
These approaches are fundamentally constrained by two fac-
tors: 1) Black-box perspective: They treat the index builder as
an opaque function, necessitating a complete, time-consuming
index rebuild for every configuration tested. 2) Data scarcity
for learning: The sample scarcity makes learning-based ap-
proaches lack sufficient training samples to fit the objective
function or effectively guide the search accurately.

2.3 Opportunities and Challenges
To overcome the prohibitive cost of parameter tuning, we
conduct an in-depth analysis of the index construction process.
Our investigation reveals two key observations (computational
redundancy and cross-scale predictability) that motivate the
design of GArena.

Opportunity 1: High computation redundancy across dif-
ferent configurations. As introduced in §2, distance calcu-
lation accounts for over 90% of the total construction time.
We observe that when constructing indices under different
parameter configurations, a significant portion of these dis-
tance calculations are redundant. As shown in Figure 6, the
heatmaps visualize the overlap ratio of distance computa-
tions across different configuration pairs on SIFT-10M for
two representative graph algorithms: HNSW (Figure 6a) and
NSG (Figure 6b). Both algorithms exhibit over 70% overlap,
with NSG reaching up to 92%. We find that the reason is
that, regardless of the specific parameter settings, the graph
construction algorithm inserts vectors in the same sequential
order (based on vector ID). Consequently, the search path
for a newly inserted vector vi often traverses similar regions
of the graph, necessitating distance comparisons against the
similar set of neighbors v j. This high redundancy indicates
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Figure 6: Distance computation overlap across configura-
tions on two GANNS indexes.

that distance computations should be cached and reused. By
treating distance computations as a reusable asset, we can the-
oretically amortize the dominant cost of index construction
across all trials.

Challenge: Implementing this reuse in practice presents
a severe memory challenge. A naive implementation of dis-
tance cache that stores all computed distances would require
O(n logn) memory space, where n denotes the dataset capac-
ity and the logn term reflects that each vector insertion trig-
gers O(logn) distance computations in typical graph-based
indexes. For large-scale datasets, the cache size would rapidly
escalate to dozens of TB, far exceeding the memory capacity
of standard servers.

Opportunity 2: Predictability via small-scale subsets. Our
second insight challenges the assumption that parameter con-
figurations must always be evaluated on the full dataset to
determine their quality. To quantify this, we evaluated con-
figurations on a small subset (e.g., 5% of the dataset) and
compared their relative (normalized) QPS against that on the
full dataset. Figure 7a visualizes the correlation: each point
(x,y) represents a configuration, where x denotes its normal-
ized QPS on the subset and y denotes that on the full dataset.
This correlation enables inexpensive pre-screening on the sub-
set to prune candidates early. However, subset QPS alone is
an imperfect proxy. We quantified this naive correlation by
computing the Pearson correlation coefficient [33], yielding a
correlation but a weak correlation of r = 0.34.

Challenge: While a naive correlation exists, it is not per-
fect; some configurations that perform well on a small-scale
subset degrade rapidly when the data scale increases (the top-
left corner of Figure 7a). However, this degradation is not
random. We identify that by analyzing the sensitivity of a
configuration on the subset (specifically, how its throughput
changes in response to stricter recall targets), we can pre-
dict its robustness to data scaling. This allows us to define
a Performance Potential (PP) metric to greatly enhance this
correlation, yielding a strong Pearson correlation coefficient
(r = 0.73); see Figure 7b.

Together, these two opportunities define the design phi-
losophy of our proposed system, GArena. Instead of blindly
iterating through configurations, GArena exploits computa-
tion reuse to lower the cost per trial and employs subset-based
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prediction to minimize the number of full trials required.

3 GArena Design

Figure 8 shows the process overview of GArena. GArena
takes the target dataset, a predefined parameter search space,
and the user’s target metrics (e.g., top-k, recall, and TPS).
• Step 1: Subset pre-screening. Instead of evaluating all

configurations on the full dataset, GArena first samples
a tiny subset (e.g., 5%). It builds and tests all candidate
configurations on this small scale. Using a performance
potential predictor (§3.2), GArena aggressively filters out
unpromising and "brittle" candidates. Only the robust con-
figurations proceed to the next stage.

• Step 2: Full build with distance reuse. For the surviving
configurations, GArena performs a full-scale index con-
struction. GArena constructs them in parallel and lets them
share an interval-based distance cache (§3.1). By align-
ing the insertion trajectories of different configurations, the
cache temporal locality is greatly enhanced, and its memory
footprint is bounded to only MBs.
After the accelerated full builds, GArena evaluates the

final metrics for the remaining configurations and outputs
the optimal configuration (and the graph index) that perfectly
meets the user’s requirements.
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3.1 Interval-based Distance Cache
In this section, we first analyze the limitations of a naive
distance cache, then introduce an interval-based mechanism
that aligns multiple constructions at the interval granularity
to achieve memory efficiency, and finally present a compute-
ahead optimization to remove all contention in the cache.

3.1.1 Naive Distance Cache

Observing that more than 70% of the distance calculations
are redundant, a straightforward solution is to implement a
global distance cache. Conceptually, this cache materializes
and stores all computed distance results dist(i, j) for vector
pairs (ID i and j) during construction, and reuses them for all
subsequent configurations.

While highly effective for small-scale data, a naive global
cache would hit the “memory capacity wall” for large-scale
datasets. For instance, on a dataset with 100M vectors, a naive
global cache that stores all distance results generated during
index construction would require tens of TBs prohibitively.

Root cause: long lifespan for cached entries. We analyze
that the demand for large-capacity caches fundamentally
arises from the extremely long lifespan of cached entries in-
herent in the traditional sequential parameter tuning paradigm
(i.e., configA→ configB→ configC). Here, the lifespan refers
to the time duration between when a distance value is com-
puted and when it can be reused across different configura-
tions. In this sequential mode, distance information generated
for a specific vector v during the construction of config A can
only be reused when config B/C processes the same vector v
afterwards. Since config B only starts after config A is fully
completed, the stored distance must be preserved in cache
throughout the entire duration of the intermediate construc-
tion process. The graph index construction process consists
of n vector insertions, and each vector requires O(logn) dis-
tance computations during insertion [24]. Therefore, the cache
memory consumption grows at O(n logn) with dataset size n.

3.1.2 Interval-based Cache: Aligning Multiple Construc-
tions with Interval-based Synchronization

As analyzed in §2.3, making in-memory caching feasible re-
quires drastically shortening the lifespan of cached entries.
Our key idea is to align the construction trajectories of mul-
tiple configurations so that their distance computations for
the same vectors can temporally overlap, allowing cached
distances to be reused and discarded soon after they are pro-
duced, rather than being kept alive for the entire build.

We realize this idea through an interval-based distance
cache design that fundamentally reduces memory consump-
tion by limiting cache scope to an interval. We define an
interval as a contiguous sequence of vectors. Specifically,
instead of processing the vector dataset as a monolithic block,
GArena divides the dataset into contiguous intervals of size

W, where the ith interval contains vectors with IDs from
(i− 1)W + 1 to iW. The cache is ephemeral: it only stores
computed distances relevant to the current active interval.
Once the system advances to the next interval, cached data
from the previous interval is discarded. All configurations are
constructed in a lockstep manner, progressing at the same
pace across intervals and reusing distance computations gener-
ated within the same interval. This design ensures that cached
distances are reused shortly after they are produced, thereby
bounding the lifespan and significantly reducing cache capac-
ity requirements.

Feasibility of interval-based cache. One might think that an
interval-based cache may not yield enough cache hits within a
short time window (interval) before being discarded. Here, we
demonstrate why this design is not only feasible but highly
efficient. We observe that existing graph-based index con-
struction algorithms commonly follow a sequential and iter-
ative construction paradigm, in which vectors are inserted
into the graph one by one in a fixed order. For any distance
computation dist(vi,v j), although differences in construction
parameters affect the resulting graph topology (such as the
number of neighbors explored or the final number of edges
connected, i.e., variations along the j dimension), they do
not alter the order in which vectors are processed (i.e., the i
dimension order). This property guarantees that if we align
multiple constructions, they will require similar distance com-
putations for the same target vectors vi at approximately the
same time, enabling efficient reuse within each interval.

Parallel construction and interval-level aligning. To exploit
interval-based caching across configurations, GArena con-
structs multiple parameter configurations concurrently and
enforces that they advance through the dataset in lockstep at
the interval granularity. As illustrated in Figure 9, GArena
launches the construction of T configurations concurrently
and keeps them aligned at the granularity of intervals. Within
each interval, all configurations process the same set of vec-
tors, so distance computations for a given vector are issued
by different configurations within a short time window. Once
a distance for that vector has been computed by one config-
uration and inserted into the cache, the remaining configura-
tions that reach the same query within the interval can simply
read it from the cache instead of recomputing it. Overall, a
larger T increases reuse within each interval but also raises
memory consumption, because each additional configuration
requires maintaining another partially built graph in mem-
ory. In our implementation, we choose the largest T before
out-of-memory.

To enforce this interval-level alignment, GArena places a
synchronization barrier at the end of each interval. No config-
uration is allowed to proceed to (k+1)th interval until every
configuration has finished inserting all vectors in the kth inter-
val. This guarantees that all cached distances produced in the
kth interval remain available until the slowest configuration
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Figure 9: Align multiple index constructions with interval
barriers.

has finished that interval.

Advantages. Our interval-based design brings two advan-
tages. First, the lifespan of cache entry is significantly short-
ened, and the entire distance cache can reside in main mem-
ory, avoiding the prohibitive latency of out-of-core (e.g., SSD)
accesses. Since each interval contains W vectors and each vec-
tor insertion triggers O(logn) distance computations, the size
of distance cache is reduced from O(n logn) to O(W logn),
where W≪ n, enabling the entire cache to fit in main memory
even for billion-scale datasets.

Second, with a small W, the distance cache can be kept
CPU cache resident, further improving efficiency. We choose
W such that the distance cache resides in CPU cache (we set
W = 100 by default, where only dozens of MB suffice for
billion-scale datasets). On a typical server CPU, recomputing
a distance with AVX-512 costs ∼150 ns, while a CPU cache
hit for a cached distance is on the order of 10 ns. By keep-
ing the working set resident in CPU caches, interval-based
caching makes reuse ultra-fast compared to recomputing.

3.1.3 Contention-Free Compute-Ahead Pipeline

While interval-based alignment improves cache locality, it
also introduces new concurrency challenges on the distance
cache. We first quantify the overhead caused by cache con-
tention and reveal a key trade-off between contention cost and
recomputation cost that drives our designs. We then introduce
two targeted optimizations that eliminate both write–write
and read–write conflicts.

High cost of contention. In a naive implementation, all con-
struction tasks operate in a mixed read/write mode: for each
distance calculation, a thread first probes the shared distance
cache, and upon a miss, computes the distance and writes it
back. In a high-concurrency setting, multiple configurations
will concurrently access shared cache entries, causing con-
tention. Contrary to the intuition that cached reads are always
cheaper than recomputation, we find that in high-concurrency
scenarios, synchronizing read/write operations on a shared
distance cache under contention can easily cost hundreds of
ns, even exceeding the cost of recomputing a distance with

AVX-512 (∼150 ns). Contended writes are even worse: when
multiple configurations write to the same cache line, they may
trigger severe coherence traffic, further inflating latency.

Based on these observations, we establish a core design
principle: It is better to sacrifice a marginal amount of reuse
(by recomputing) than to incur the high latency of synchro-
nization conflicts. Consequently, our architecture prioritizes
zero-contention over maximum hit rate. GArena introduces a
single-writer architecture and dual cache with compute-ahead
optimizations to eliminate write–write and read–write con-
flicts, respectively.

Single-writer/multi-reader architecture. Following this de-
sign philosophy, we first simplify the shared distance cache
read/write pattern with a single-writer/multi-reader model.
We designate the configuration with the longest build time
as the writer (in practice, configurations with larger M and
EFC values tend to take longer to build and perform more
distance computations), while all other configurations act as
readers. The writer alone is responsible for populating the
distance cache. All readers read the shared distance cache
for distance results, and if a cache miss occurs, the reader
computes the distance locally but does not write it back to the
shared distance cache.

Fundamentally, this design restricts reuse such that all con-
figurations consume distance results only from this single
superset configuration (the writer). We acknowledge that per-
mitting multiple configurations (e.g., the top-3 most complex
ones) to write to the cache would theoretically increase the
cache hit ratio, as it would capture a wider union of calculated
distances. However, our analysis shows that this approach
is counter-productive: the performance penalty introduced
by multiple threads competing for write access to the shared
cache negates any gains achieved from the incremental reduc-
tion in distance computations.

It is also important to clarify that the writer task is nat-
urally often executed by multiple parallel threads, but this
thread-level parallelism does not reintroduce contention. We
exploit the inherent data parallelism of graph construction:
each thread is responsible for inserting a distinct vector at
any time. During the insertion of a vector vi, the algorithm
computes distances dist(i, j) to many candidate neighbors v j.
Our cache is organized as a two-level hash keyed by (i, j):
first by the source ID i and then by the target ID j. Threads
that handle different i write to distinct top-level buckets, so
their write paths are disjoint and never collide. Thus, writes
to the cache remain contention-free even without locks.

Dual cache with compute-ahead optimization. The former-
mentioned single-writer architecture eliminates write-write
conflicts. We further propose a compute-ahead pipeline that
eliminates read-write conflicts. Specifically, GArena simulta-
neously maintains two distinct distance caches:
• Current distance cache (Ccurr, read-only): The populated

distance for the active interval k. All readers read this cache
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Figure 10: Contention-free compute-ahead pipeline.

to perform graph construction for interval k.
• Next distance cache (Cnext, write-only): A write-only cache

for the upcoming interval k+ 1. This cache is populated
ahead of time by the writer threads.
The pipelined workflow is as follows. While reader tasks

read distance entries from Ccurr to perform graph construction
for interval k, the writer task engages in a compute-ahead
process: it inserts vectors from interval k + 1, and records
all computed distances into Cnext. Since readers only read
Ccurr and the writer only writes to Cnext, their read and write
operations never target the same cache entries simultaneously.
At the end of each interval, the roles of the two caches are
swapped atomically.

To minimize idle time at the barrier, GArena balances the
progress of readers and writer. Specifically, GArenamaintains
two task queues storing vector IDs to be inserted into the
graphs in the active interval, a reader queue for the current
interval k, and a writer queue for the next interval k+1. The
scheduler always services the lagging queue:
• When processing a vector vi from the reader queue, a

thread performs a batched insertion by inserting vi into
the graphs of all reader configurations sequentially. This
batching amortizes the cost of fetching distance entries
from Ccurr: the thread loads the corresponding (i,∗) bucket
into its core-private L1/L2 cache once and reuses it for
every reader configuration, improving cache locality and
reducing memory stalls.

• When processing a vector vi from the writer queue, it exe-
cutes the compute-ahead logic. It inserts vi into the graph of
the writer configuration and caches all computed distances
in Cnext.
Overall, the single-writer/multi-reader model and the dual-

cache compute-ahead pipeline together yield a contention-
free distance cache. They deliberately trade a small amount of
potential reuse for drastically lower synchronization overhead,
which empirically results in faster end-to-end construction.

3.2 Performance Potential Guided Pre-screening

While the interval-based cache (§3.1) reduces the cost of
each full-dataset build per configuration, the search space for
optimal configurations remains vast. To further accelerate
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Figure 11: Performance potential guided pre-screening.

tuning, we introduce a pre-screening step. The core idea is to
evaluate candidate configurations on a small fraction of the
dataset (e.g., 5%) to prune candidates early, thereby reserving
expensive full-dataset builds for only promising ones.

A counterintuitive phenomenon emerges when tuning pa-
rameters on small subsets: configurations that achieve the
highest throughput on the subset (we call it subset perfor-
mance, SP) often fail to maintain their performance when
scaled to the full dataset. This observation challenges the
straightforward approach of selecting parameters solely based
on their performance on a small subset in isolation.

To overcome the inadequacy of subset performance in char-
acterizing performance potential, we propose a new metric
named Performance Potential (PP). Our key insight is that the
slope of the throughput–recall curve around the target recall
on the subset is highly indicative of how well a configuration
will sustain its performance when scaled to the full dataset.
Figure 11 illustrates an example. If a configuration experi-
ences a sharp drop in throughput to achieve a marginal gain in
recall (e.g., config A), it indicates the graph structure is brit-
tle. It is likely over-optimized only for the current scale and
lacks the search capability required to handle the increased
complexity of a much larger dataset. However, configurations
(e.g., config B) that maintain stable throughput across a range
of recall targets imply a robust graph structure. This elasticity
suggests the configuration is more likely to sustain its perfor-
mance when the dataset size expands by orders of magnitude.

Formally, we define the Performance Potential metric as
the magnitude of the gradient of the throughput-recall curve
at the user’s target recall (Rtarget). Mathematically:

Performance Potential =
∣∣∣∣∣∂Throughput
∂Recall

∣∣∣∣∣
Recall=Rtarget

Since throughput decreases as recall increases, the slope
is negative, and we take its absolute value to obtain a non-
negative metric. In practice, we estimate this local gradient
using weighted finite difference methods [34], by evaluating
multiple recall-throughput points surrounding Rtarget.

To validate the predictive power of our PP metric, we con-
duct a correlation analysis comparing how well subset metrics
predict full-dataset performance. We evaluate parameter con-
figurations (M ∈ [4,64], EFC ∈ [4,64] with an interval of 4)
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on both the 5% subset and the full SIFT-10M dataset. Fig-
ure 7 shows the correlation between subset metrics and the
ground-truth QPS on the full dataset. The naive approach,
which relies solely on subset QPS, exhibits a weak correlation
with full-dataset performance (Pearson’s r = 0.34, weak). In
contrast, our PP metric demonstrates a higher correlation with
the actual full-dataset QPS (Pearson’s r = 0.73, strong).

Combining subset performance with performance poten-
tial. Relying exclusively on PP, however, might inadvertently
favor highly stable but inherently sluggish configurations.
Therefore, to comprehensively evaluate and prune candidates,
GArena employs a dual-dimensional pruning method that bal-
ances both immediate subset effectiveness (SP) and scalability
prediction (PP). SP measures the parameter’s throughput on
the subset, directly reflecting immediate effectiveness. PP, as
defined above, predicts the parameter’s ability to maintain
performance when scaled to the full dataset. Filtering based
solely on SP fails to eliminate fast but brittle configurations,
whereas relying only on slope stability fails to exclude stable
yet sluggish ones.

To combine these two dimensions for comprehensive pa-
rameter evaluation, we use a weighted scoring function:

Score = α ·N(SP)+ (1−α) · (1−N(PP))

where N(·) denotes the min-max normalization function, and
α is a tunable trade-off parameter (0 ≤ α ≤ 1) used to balance
SP and PP. Since a smaller PP value indicates better Perfor-
mance Potential, we use (1−N(PP)) in the scoring function.
The choice of α depends on the specific requirements of
the application. Through empirical analysis, we recommend
α = 0.5 as a balanced default.

This scoring mechanism serves as a pre-screening filter:
only the top-ranked candidates (top 50% in our implemen-
tation), which demonstrate both a strong baseline and high
performance potential, are advanced to the full-scale index
construction stage, while the rest are pruned.

It is also important to note that the computational over-
head of scores is negligible compared to full-dataset index
construction. For calculating both SP and PP, it requires only
a single index construction per configuration on the small
subset and multiple lightweight searches to obtain the nec-
essary throughput-recall data points to calculate the slope.
Since common graph-based index construction has a time
complexity of O(n logn), where each vector insertion triggers
O(logn) distance computations, for a subset containing 5% of
the data, the construction time roughly scales with the subset
size (up to a logarithmic factor), and is therefore substantially
smaller than the full-dataset construction time.

Limitation. Our pre-screening is inherently heuristic. In cer-
tain edge cases, the true global optimal configuration might
temporarily underperform on the subset and be mistakenly
pruned before the full-scale build. In practice, users can tune
the pre-screening rate to flexibly trade off search time against

optimality. If an application demands absolute peak perfor-
mance at all costs, users can simply disable the pre-screening
(i.e., GArena w/o Pruning in §4), guaranteeing that GArena
always discovers the optimal parameter configuration.

4 Evaluation
4.1 Experimental Setup

The experiments are conducted on a server equipped with two
AMD EPYC 9654 96-Core processors (192 physical cores,
3.7 GHz) and 1TB memory. The server runs Ubuntu 24 with
kernel version 6.14.0-37-generic.
Implementation. We implement GArena in C++ (∼1,500
lines of code) and seamlessly integrated it into two represen-
tative and widely deployed GANNS indices, HNSW [24] and
NSG [27]. For both indices, the integration involves three core
architectural modifications: ➀Distance cache hook: We wrap
the original distance computation function with a caching
layer that intercepts every distance call, replacing redundant
recomputations with hash-table lookups. ➁Parallel construc-
tion: We replace the sequential index-building loop with a
single-writer/multi-reader thread pool that processes vectors
at interval granularity, where the writer populates the shared
distance cache and readers consume it to build indexes with
different configurations concurrently. ➂Pre-screening on sub-
sets: We add a lightweight pre-build stage that constructs
indexes on a small subset and scores each configuration; low-
scoring configurations are pruned early without full-dataset
evaluation. With a clean and non-intrusive API, GArena is
very easy to integrate to HNSW and NSG. We will open-
source our codebase.
Competitors. We compare GArena with the following pa-
rameter tuning methods:
• Grid Search: Exhaustively evaluates all parameter configu-

rations to find the optimal configuration.
• VDTuner [28]: A state-of-the-art black-box Bayesian opti-

mization method dedicated to parameter tuning for ANNS.
Note that Milvus [35] paper also states they adopt Bayesian
optimization to tune construction parameters, but this mod-
ule is not open-sourced.

Variants of GArena. We evaluate GArena in two variants
to isolate the contribution of each component. GArena w/o
Pruning uses only the interval-based distance cache, while
GArena w/ Pruning enables both the cache and performance-
potential-guided pre-screening.
Datasets. We use three representative datasets:
• SIFT-10M: 10 million 128-dimensional vectors [36].
• DEEP-10M: 10 million 96-dimensional vectors [37].
• SIFT-1B: 1 billion 128-dimensional vectors [36].
Metrics. To evaluate the robustness of GArena, recog-
nizing that the definition of optimal shifts dramatically
based on user requirements, we vary the deployment re-
quirements and objective function, including different in-
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Table 1: Tuning time and performance comparison on HNSW. Grid Search serves as the baseline. Perf Color: black:
performance equals baseline, red ↓: performance degradation compared to baseline. Budgets: For each setting, Budget 1 (resp.
Budget 2) gives VDTuner the same wall-clock tuning time as GArena w/o Pruning (resp. GArena w/ Pruning).

Table 2: Tuning time and performance comparison on NSG. Same format as Table 1.

dexes (HNSW/NSG), datasets (SIFT/DEEP), top-k values
(10/100/1000), recall targets (0.85/0.9/0.95/0.99), and perfor-
mance metrics (QPS/latency-oriented), yielding a total of 28
deployment scenarios. For each scenario, we report the overall
tuning time (i.e., constructing the parameter-optimal index)
and the quality of the best constructed index measured by
throughput (QPS) or latency under different recall targets and
top-k values.
Default setting. Unless otherwise specified, all experiments
use the following default: HNSW [38] with SIFT-10M, QPS
at top-k =100 and recall=0.9, with parameter search space
M at an interval of 4 from [4,64] and EFC at an interval of 4
from [4,64]. The same applies to R and L in NSG.

4.2 End-to-End Evaluation
HNSW evaluation. Table 1 compares 14 tuning settings span-
ning two datasets, two metrics, three top-k values, and four
recall targets. Compared to Grid Search, GArena w/o Prun-
ing consistently finds the optimal configuration while reduc-

ing tuning time by 72–95% (e.g., from 3.2–3.7 hours down
to 10–30 minutes). The major source of this speedup is the
elimination of redundant distance computations (Figure 14).
GArena w/ Pruning further reduces tuning time by 79–97%
compared to Grid Search. As shown in Table 1 (indicated
by red arrows), this variant occasionally incurs a minor ac-
ceptable quality degradation (<5%). This occurs because the
pre-screening is inherently heuristic.

We also compared GArena against VDTuner under equal
wall-clock time budgets (Budget 1 matches GArenaw/o Prun-
ing’s time; Budget 2 matches GArena w/ Pruning’s time).
VDTuner’s selected configuration can underperform the op-
timal index by 28% (Budget 2), highlighting the fragility of
learning-based tuners when faced with the high per-trial cost
of GANNS construction. Figure 12 further visualizes the best
QPS achieved so far against cumulative tuning time. Benefit-
ing from its rapid construction capability, GArena achieves
convergence to the optimal performance in significantly less
cumulative time than other competitors.

10



0 102 103 104
0

200k

400k

Be
st

 Q
PS

1.1h25.7m13.7m

(a) Recall=0.9

0 102 103 104

53.5m19.8m12.2m

(b) Recall=0.95

Cumulative Tuning time (s)

VDTuner GA w/o Pruning GA w/ Pruning

Figure 12: Best searched performance vs. cumulative tun-
ing time. GA denotes GArena; its curves start at zero because
it evaluates indexes in batches.

0.85 0.90 0.95 0.99
Recall

0

10k

20k

T
un

in
g 

tim
e 

(s
)

-61% -61% -61% -61%
-83% -80% -79% -71%

(a) Grid Search
+C
+C+P

Grid Search +C +C+P
Strategy

(b)

0

2k
Dist
Write
Read
Pre-scr
Other

Figure 13: Ablation study on component contributions. (a)
Tuning time comparison. (b) Time breakdown analysis for re-
call=0.9. C: interval-based distance cache; P: performance-
potential-guided pre-screening; Pre-scr: pre-screening.

104 106 108 1010
Dataset size

1MB

1GB

1TB

1PB

D
is

ta
nc

e 
st

or
ag

e

reduce >99%

(a)
Naive
Interval

Naive Interval
Cache strategy

0

50

100

C
ache hit ratio (%

)

79% 75%
(b)

Figure 14: Interval-based distance cache effectiveness
analysis. (a) Cache memory footprints. (b) Cache hit ratios.

NSG evaluation. Table 2 reports results on NSG. GArena
w/o Pruning keeps the parameter optimality while reducing
tuning time by 89–93% (from 7.8–8.2 hours down to 34–52
minutes). GArena w/ Pruning further reduces tuning time by
93–97% compared to Grid Search. Under equal time budgets,
GArena produces graph indices that deliver up to 1.8x higher
QPS compared to VDTuner. Compared with HNSW, this more
pronounced result is due to the significantly higher distance
computation redundancy (∼92%) (Figure 3). Consequently,
GArena’s interval-based distance cache captures an excep-
tionally high hit rate during parallel construction, eliminating
an even larger fraction of the computational bottleneck.

4.3 Technical Analysis
Ablation study. To understand the contribution of each com-
ponent in GArena, we conduct ablation studies. Figure 13a
shows the impact of adding the interval-based distance cache
(C) and performance-potential-guided pre-screening (P) to
Grid Search step by step. The distance cache alone reduces
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Figure 15: Comparison of a naive cache with fine-grained
R/W locks and our contention-free cache. (a) Tuning time
across datasets. (b) Time breakdown on SIFT-10M.

tuning time by 61% compared to Grid Search, while further
adding pre-screening reduces time by 71–83% compared to
Grid Search. Figure 13b provides a detailed breakdown analy-
sis for recall=0.9. Compared to Grid Search, adding the cache
(+C) drastically alleviates the computational bottleneck by
eliminating 70% of high-dimensional distance calculations.
While maintaining the cache inherently introduces new opera-
tions, the combined overhead of reading and writing the cache
accounts for only 19%. This demonstrates the effectiveness
of our cache in bypassing redundant distance computations.

By further adding pre-screening (+P), The pre-screening
phase itself is highly lightweight, accounting for only 8% of
the total tuning time, yet it further reduces the overall time
by 49.5%. Although pre-screening prunes 50% of configu-
rations, the time reduction is not exactly 50%, as complex,
time-consuming configurations often exhibit higher potential
and survive the pruning.

Interval-based distance cache. Figure 14 evaluates the effec-
tiveness of interval-based distance cache by comparing it with
the naive global cache (stated in §3.1.1). Figure 14a illustrates
the memory footprint of both caches across different dataset
scales. Naive distance cache grows super-linearly with dataset
size and eventually hits the memory wall, while interval-based
cache maintains a strictly bounded storage limit. Figure 14b
further shows hit ratios of two caches. Although our interval-
based cache is flushed at the boundary of each interval, its
overall hit ratio is only 4% lower than that of the naive global
cache. This demonstrates that our method successfully con-
trols the memory overhead while simultaneously achieving
efficient deduplication of distance computations.

Contention-free compute-ahead pipeline. We compare our
single-writer/multi-reader cache architecture with a compute-
ahead pipeline against a baseline denoted “with R/W locks”,
where every configuration concurrently reads from and
writes to the global distance cache protected by fine-grained
read/write locks. As shown in Figure 15a, our contention-free
design reduces tuning time by 20–27% across datasets. Fig-
ure 15b breaks down the tuning time: although the contention-
free cache increases distance computation by 13s due to a
6% lower hit ratio, it reduces cache read/write time by 58s,
yielding a 27% net reduction in total tuning time, confirming
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Metric top-k Recall SP PP SP+PP

QPS 100 0.9 299.7k ↓ 299.7k ↓ 309.5k
QPS 10 0.9 386.6k ↓ 385.9k ↓ 413.5k
QPS 1000 0.9 25.0k ↓ 22.1k ↓ 25.7k
QPS 100 0.85 326.7k ↓ 332.2k ↓ 355.7k
QPS 100 0.95 310.8k ↓ 310.8k ↓ 316.1k
QPS 100 0.99 248.4k 248.4k 248.4k

Latency (ms) 100 0.9 17.3 17.3 17.3

Table 3: Comparison of scoring strategies for pre-
screening. SP: subset performance, PP: Performance Po-
tential, SP+PP: combined score. Red ↓: cause best-found
performance degradation.

System Time (h) Time Reduction

Grid Search 70.9 —
VDTuner 54.3 23.4%
GArena 13.0 81.7%

Table 4: Tuning time on SIFT-1B.

that eliminating synchronization overhead far outweighs the
marginal loss in cache hit ratio.

Performance-potential-guided pre-screening. We further
evaluate different scoring strategies for pre-screening. As
shown in Table 3, relying on a single metric significantly in-
creases the risk of erroneously pruning optimal configurations,
causing up to 14% performance degradation. Our combined
SP+PP score consistently achieves the best performance.

4.4 Results on Billion-scale Datasets

To demonstrate GArena’s scalability, we compare GArena
with Grid Search and VDTuner on the billion-scale
SIFT-1B dataset with 16 configurations (M∈{20,24,28,32},
EFC∈{20,24,28,32}). Table 4 shows the tuning time compar-
ison. Grid Search exhaustively evaluates all 16 configura-
tions, requiring approximately 2 days and 23 hours. VDTuner
reduces this to 2 days and 6 hours (23.4% reduction) via
Bayesian optimization. GArena completes the search in only
13.0 hours—an 81.7% time reduction over Grid Search and
76.1% over VDTuner. This demonstrates that GArena main-
tains substantial efficiency advantages even at billion-scale,
making practical parameter tuning feasible for large-scale
GANNS.

5 Related Work

Vector index parameter tuning. Parameter tuning [39, 40]
aims to identify the optimal one via massive exploration. Ex-
isting tuning paradigms generally fall into three categories:
heuristic-based (random/grid search [39]), and learning-based
(e.g., BO [41, 42] or reinforcement learning [43]). Based on

these methods, domain-specific tuning has flourished, includ-
ing database systems [44], neural architecture search [45],
and tensor program compilation [46, 47].

For vector index parameter tuning, it can be categorized
into runtime tuning and construction-time tuning. Runtime
tuning [48–50] adjusts query-dependent parameters without
index reconstruction. Typical methods employ learned mod-
els such as neural networks [48] and GBDT [35,49] to predict
optimal query parameters. The abundance of queries and their
short duration enable these methods to gather training data
efficiently, leading to high-quality parameter selection. Con-
versely, construction-time tuning is notoriously challenging
because evaluating the index quality requires an end-to-end
construction from scratch. SPANN [51] and VDTuner [28]
apply BO (via either custom implementations or general-
purpose toolkit like NNI [31]) to search for construction
parameters. These methods face the data scarcity issue as
stated in §2. VSAG [13] proposed a labeling-based approach
to encapsulate multiple graph degrees within a single phys-
ical graph, theoretically avoiding rebuilding. However, this
method is restricted to tuning only the graph degree and in-
herently alters the semantics of the original graph algorithm,
inevitably compromising search accuracy.

Vector index construction acceleration. A parallel line of
research [17, 52, 53] focuses on accelerating the vector in-
dex construction process itself (a single trial in GArena).
LSH-APG [17] uses locality-sensitive hashing to fast-track
approximate proximity graph building. PiPNN [53] miti-
gates the search bottleneck in each insertion using a history-
independent hash-based pruning algorithm. These approaches
achieve acceleration by modifying the underlying graph con-
struction algorithms, which alters the semantics or search
properties of the original proximity graphs. They are orthog-
onal to GArena and users can opt-in to integrate them into
GArena to further accelerate construction.

6 Conclusion

Graph-based ANNS algorithms require careful parameter tun-
ing for unlocking optimal performance, but the high cost of
index construction makes this process prohibitively expen-
sive. We identify that over 70% of distance calculations are
redundant across different parameter configurations. We pro-
pose GArena, which combines an interval-based distance
cache for cross-configuration computation reuse and a perfor-
mance potential predictor for small-scale pre-screening. Ex-
perimental results demonstrate that GArena achieves orders
of magnitude speedup in tuning time while robustly finding
the parameter-optimal index.
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