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Vector databases (VectorDBs) are a core component ofmodern retrieval systems, including Retrieval-Augmented

Generation (RAG), where efficient Approximate Nearest Neighbor Search (ANNS) is critical. Among ANNS

algorithms, Hierarchical Navigable Small World (HNSW) graphs are widely adopted for their strong recall-

latency trade-off. However, configuring HNSW remains challenging: its hyperparameters jointly affect search

quality, latency, build time, and index size in nonlinear ways, while production deployments impose strict

resource and tuning-time constraints. We study HNSW hyperparameter tuning from a systems perspective and

show that its configuration space exhibits strong structural regularities. Specifically, we identify monotonic,

dominant unimodal, and separable relationships among search-time and construction-time parameters, which

induce feasibility boundaries under performance and resource constraints. Building on this insight, we propose

CHAT, a constraint-aware tuning framework for HNSW. Unlike generic black-box optimizers, CHAT exploits

HNSW-specific structure to perform deterministic, sample-efficient search and prune resource-infeasible

configurations before full index construction. Across multiple datasets and HNSW-based vector search engines,

CHAT identifies configurations that maximize recall or throughput while satisfying constraints on accuracy,

latency, build time, index size, and tuning budget. Compared to strong baselines, CHAT achieves up to 45%

higher throughput or 11% higher recall, and converges up to 44× faster. These results show that principled,

structure-aware tuning enables efficient and robust HNSW deployment beyond generic black-box optimization.
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1 Introduction
Recent advances in large language models (LLMs) have led to strong performance in text-based

retrieval, generation, and summarization [32, 46]. However, their limited parameterization and

training data can still lead to hallucinated or stale outputs [3, 15, 28, 43]. Retrieval-Augmented

Generation (RAG) mitigates this limitation by retrieving external knowledge at inference time,

avoiding costly fine-tuning while improving factual grounding [5, 10, 19, 22, 23, 35].
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Fig. 1. Performance differences between default and optimal HNSW hyperparameter configurations across

datasets using Faiss [20]. Filled markers indicate optimal configurations, while outlined markers indicate

default configurations. See Section 6.1 for details.

At the core of RAG pipelines are vector databases (VectorDBs) [13, 39], which store large-scale

embeddings and support Approximate Nearest Neighbor Search (ANNS) [12, 14, 21, 27, 30]. Among

ANNS algorithms, Hierarchical Navigable Small World (HNSW) graphs [29] are widely adopted for

their strong recall-latency trade-off and scalability [2].

Despite its popularity, deploying HNSW effectively remains difficult [29, 47]. HNSW performance

is governed by three core hyperparameters:𝑀 , the maximum number of connections allowed per

node; efc, the construction-time candidate-list size used during insertion; and efs, the query-time

candidate-list size used during search. These parameters jointly affect recall, throughput, build time,

and index size. As shown in Figure 1, fixed default HNSW configurations often do not coincide

with the dataset-specific feasible frontier or constraint-aware optimum. Thus, even under identical

recall or QPS targets, tuned configurations can avoid constraint violations or recover performance

left on the table by defaults, achieving up to 144% higher throughput or 16% higher recall.

HNSW tuning is challenging because these parameters interact nonlinearly and often trade off

competing objectives [45]. For example, increasing efc can improve graph quality and recall, but

may also increase build cost, index size, and query traversal overhead. Existing tuning methods,

including Grid/Random Search [4, 26], Optuna [1], NSGA-II [6], ECI [11], and VDTuner [44], largely

treat HNSW as an opaque objective. More broadly, generic surrogate-based and Bayesian optimizers

can be sample-inefficient in discrete, noisy, and narrow-feasibility search spaces [34, 36, 41], while

Pareto-oriented methods [31] do not directly target the single constraint-satisfying optimum

required here. These methods therefore spend substantial tuning budget exploring expensive

configurations without directly exploiting the structural regularities induced by HNSW construction

and search.

We propose CHAT, a constraint-aware, API-level black-box but HNSW-structure-aware tuning

framework. CHAT does not inspect internal graph statistics; it uses only standard build/query APIs

and measured validation signals. However, it exploits public HNSW mechanisms to decompose

tuning into structured subproblems: guided search over construction parameters (𝑀, efc), binary
boundary search over efs, and resource-feasibility filtering before full index construction. Resource

estimates are used only to avoid unnecessary builds; configurations that survive this filter are

still built, measured, and validated before selection. This design leverages monotonic, dominant

unimodal, and separable relationships in the HNSW configuration space to reduce unnecessary eval-

uations while selecting configurations validated against user-specified performance and resource

constraints. We intentionally scope these structural claims to standard HNSW implementations;
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Fig. 2. HNSW insertion and query processing. (a) Insertion uses efc to search candidate neighbors and 𝑀

to bound the close/diverse edges retained by Select-Neighbors. (b) Query processing uses efs to control

base-layer search after top-down greedy traversal.

extending the methodology to other ANN families requires identifying analogous search-time,

construction-time, and resource regularities.

We evaluate CHAT on Faiss [20], Hnswlib [29], and Milvus [39] across five datasets. Compared

with strong baselines, CHAT achieves up to 45% higher throughput or 11% higher recall, and

converges up to 44× faster, while satisfying accuracy, throughput, build-time, index-size, and

tuning-budget constraints.

Our key contributions are:

• We formulate constraint-aware HNSW hyperparameter tuning under performance, resource,

and tuning-budget constraints.

• We characterize HNSW-specific structural regularities—monotone feasibility boundaries induced

by efs, dominant unimodal construction-parameter trends, and separable resource dependencies.

• We introduce CHAT, an API-level black-box but HNSW-structure-aware tuner that uses hierar-

chical search and measured validation to identify constraint-satisfying configurations efficiently.

• We develop analytic resource models for build time and index size, enabling feasibility-aware

pruning before full index construction.

• We validate CHAT across datasets and HNSW-based VectorDB backends, showing substantial

performance and convergence gains over strong baselines.

2 Background
Hierarchical Navigable Small World (HNSW) [29] is a hierarchical graph-based index for Approxi-

mate Nearest Neighbor Search (ANNS). Each data point is represented as a node, and proximity

relationships are represented as graph edges. HNSW exposes three core tuning parameters used

throughout this paper:𝑀 , the degree budget that controls how many neighbors a node can retain;

efc, the construction-time candidate-list size used when inserting nodes; and efs, the search-time

candidate-list size used when answering queries. The construction parameters𝑀 and efc determine

the graph structure, whereas efs controls query-time traversal over a fixed graph.

Figure 2 illustrates the layered structure and the two main HNSW procedures. Each node is

assigned a maximum layer by randomized level generation and appears in every layer from Layer 0

up to that level. Since upper layers contain progressively fewer nodes, they provide sparse long-

range routing links, while Layer 0 contains all data points and supports fine-grained search. Both

insertion and query processing therefore follow a coarse-to-fine pattern: HNSW first performs

greedy top-down traversal through upper layers and then conducts a broader search near the Layer

0.
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Fig. 3. Effect of efs on search performance. (a) Recall-QPS trade-off as efs increases. (b) Individual performance

curves showing recall saturation and QPS decline with increasing efs.

During insertion (Figure 2(a)), a new point 𝑞 first uses greedy descent with Beam = 1 to locate

an entry point near 𝑞. From the assigned layer of 𝑞 down to Layer 0, HNSW runs Search-Layer

with candidate-list size efc to collect candidate neighbors. These candidates are then passed to

Select-Neighbors, which retains close and diverse neighbors up to the layer-specific degree

budget induced by𝑀 ; fewer than𝑀 edges may be retained when candidates are redundant. During

query processing (Figure 2(b)), the query vector 𝑞 is not inserted into the graph. After the same

greedy top-down traversal, HNSW runs Search-Layer at Layer 0 with candidate-list size efs and
returns the top-𝑘 candidates from the final working set. Thus, increasing efs broadens query-time

search on a fixed graph, while changing𝑀 or efc changes the graph and requires rebuilding the

index.

3 Decoding HNSW Hyperparameter Trade-offs
This section presents an in-depth analysis of the three key HNSW hyperparameters (i.e.,𝑀 , efc, and
efs) and their non-trivial interactions in shaping search performance [29]. Because these parameters

are tightly coupled, changing one often requires compensatory adjustments in others; understanding

these trade-offs is essential for principled tuning and motivates our CHAT framework. We focus

here on Recall and query throughput (QPS), and show that the strict monotonicity of efs with
respect to recall and latency induces a total order over configurations, enabling binary feasibility

search for constraint satisfaction rather than heuristic exploration. Resource-usage metrics (index

build time and size) are analyzed in Section 4 to inform our constraint surrogate models. Unless

otherwise specified, figures referenced in this section are generated using Faiss [20] on the nytimes

dataset [2] (see Section 6.1 for details on the experimental setup). The qualitative patterns described

below were consistent across query parallelism levels (1, 4, 16, and 64 threads); the figures in this

section use 64 threads, and we focus on these structural trends rather than absolute QPS values.

3.1 Effect of efs on Search Accuracy and Speed
The hyperparameter efs controls the size of the candidate set maintained and expanded during

query-time traversal at the base layer. Increasing efs broadens the search scope, thereby improving

recall, but also incurs higher computational costs due to additional distance evaluations, resulting in

lower query throughput (QPS). This monotonic accuracy–speed trade-off is illustrated in Figure 3(a).

Beyond thismonotonic trade-off, efs exhibits diminishing returns in the high-efs regime. As shown

in Figure 3(b), recall improvements rapidly saturate once most informative candidates near the

query have already been explored, making additional candidates largely distant or redundant. QPS

degradation also flattens in this regime because the number of candidates that can be meaningfully

expanded is constrained by the graph structure and by the finite set of nearby nodes that can
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Fig. 4. Hyperparameter interactions under performance constraints. (a) Increasing efc shifts the Recall-

feasibility boundary toward smaller efs. (b) Increasing 𝑀 shifts the QPS-feasibility boundary toward smaller

efs. Both exhibit steep initial movement followed by saturation.

contribute to the top-𝑘 results. Thus, while the nominal candidate budget increases, the marginal

performance change from additional search effort decreases.

These saturation behaviors stem from the greedy search mechanism employed at layer 0 in

HNSW. As the search converges toward a local optimum, discovering substantially better candidates

becomes increasingly difficult, causing the marginal utility of additional search effort—measured

as performance gain per unit cost—to drop sharply. Crucially, this structure induces a monotone

feasibility ordering over efs: larger efs improves recall but increases query cost. This property

enables binary feasibility search for constraint satisfaction, rather than costly heuristic exploration,

and explains why blindly increasing efs is inefficient for balancing accuracy and latency.

3.2 Interaction between Construction Parameters and efs
The construction-time parameters efc and 𝑀 shape the HNSW graph through complementary

mechanisms. The parameter efc controls the breadth of candidate search during insertion: a larger

efc exposes Select-Neighbors to a richer candidate pool, increasing the likelihood that high-

quality, diverse edges survive pruning. Because Select-Neighbors often retains fewer than 𝑀

edges due to its diversification criterion, larger efc can improve realized connectivity even when

the degree cap is not the binding constraint.𝑀 , in contrast, directly caps per-node degree. Thus,

efc shapes which candidate edges are available, while𝑀 bounds how many are retained.

To characterize the coupling with query-time search, we use the constraint-boundary efs: the
minimum efs that reaches the target Recall under a Recall constraint, or the maximum efs that
keeps throughput above the target under a QPS constraint. Figure 4(a) shows that increasing efc
shifts this boundary downward under a Recall constraint, because a richer candidate pool improves

graph quality and fewer query-time candidates suffice. Figure 4(b) shows the similar shift for

𝑀 under a QPS constraint: larger degree caps increase work per expanded node, reducing the

maximum feasible efs. The boundary moves in the same direction under the opposite constraint for

both parameters, because stronger realized connectivity simultaneously improves Recall (lowering

minimum-feasible efs) and raises traversal cost (lowering maximum-feasible efs).
The steep-to-gradual shape in both panels reflects a common saturationmechanism in construction-

time graph improvement. For efc, the benefit saturates because Select-Neighbors increasingly
rejects redundant candidates once the candidate pool is sufficiently rich. For𝑀 , realized connectiv-

ity can grow sublinearly and saturate below the nominal cap because the same diversification rule

limits which additional neighbors are retained. Thus, efc and𝑀 can both reduce the boundary efs,
but their marginal benefit diminishes once the graph becomes sufficiently navigable.

These observations have two implications for tuning. First, stronger realized connectivity typi-

cally shifts the constraint-boundary efs downward, allowing CHAT to narrow the efs search range
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Fig. 5. Dominant unimodal performance patterns with varying efc under fixed𝑀 . (a) Under a Recall constraint,

QPS first improves as increasing efc reduces the constraint-boundary efs, then declines as traversal overhead

dominates. (b) Recall under a QPS constraint follows the same pattern.

using previous evaluations (Section 5.3). Second, when graph-quality gains saturate while traversal

overhead continues to grow, the constrained objective moves from a quality-improving regime to

an overhead-dominated regime. This crossover underlies the dominant unimodal trends analyzed

in Sections 3.3 and 3.4.

3.3 Unimodality over efc under Fixed𝑀

We fix 𝑀 and study how efc affects the constrained objective after efs has been chosen at the

feasibility boundary. For each efc, CHAT selects the boundary efs under the active performance

constraint: the smallest efs satisfying the Recall target, or the largest efs satisfying the QPS target.
Let 𝑓𝑀 (𝑒 𝑓 𝑐) denote the resulting objective value, namely QPS under a Recall constraint and Recall

under a QPS constraint. We call 𝑓𝑀 unimodal if it is non-decreasing up to some peak index and

non-increasing thereafter.

Figure 5 shows this dominant unimodal behavior under both constraints. When efc is small,

the graph is poorly connected, so the boundary efs is unfavorable: Recall constraints require
large efs, while QPS constraints force small efs and sacrifice Recall. Increasing efc enlarges the
construction-time candidate pool and improves graph navigability, allowing the constraint to be

met more efficiently and raising the objective. Beyond the peak, additional candidates become

increasingly redundant under Select-Neighbors and the fixed degree cap 𝑀 , while traversal

overhead continues to grow. The objective therefore shifts from a quality-improving regime to an

overhead-dominated regime.

Lemma 3.1 (Sufficient condition for unimodality over efc). Fix𝑀 and an active constraint
𝐶 ∈ {Recall,QPS}. On the ordered grid 𝑒 𝑓 𝑐1 < · · · < 𝑒 𝑓 𝑐𝑛 , write the marginal change as Δ𝑓𝑀 (𝑒 𝑓 𝑐𝑖 ) =
Δ𝐵𝑀 (𝑒 𝑓 𝑐𝑖 ) − Δ𝑇𝑀 (𝑒 𝑓 𝑐𝑖 ), where Δ𝐵𝑀 is the marginal graph-quality benefit and Δ𝑇𝑀 is the residual
traversal/search cost. Any reduction in expanded nodes from better graph navigability is counted in
Δ𝐵𝑀 , not as negative cost. If
(i) Δ𝑇𝑀 (𝑒 𝑓 𝑐𝑖 ) ≥ 0 for all 𝑖 , and
(ii) once Δ𝐵𝑀 (𝑒 𝑓 𝑐𝑖 ) ≤ Δ𝑇𝑀 (𝑒 𝑓 𝑐𝑖 ), larger efc values do not reveal a delayed high-utility connectivity

regime that restores Δ𝐵𝑀 > Δ𝑇𝑀 ,
then 𝑓𝑀 (𝑒 𝑓 𝑐) is unimodal.

Proof sketch. We consider only ordered grid points for which a feasible boundary efs exists
under the active performance constraint; resource feasibility is handled separately in Section 5.4.

Let 𝑑𝑖 = 𝑓𝑀 (𝑒 𝑓 𝑐𝑖+1) − 𝑓𝑀 (𝑒 𝑓 𝑐𝑖 ). By the marginal decomposition in the lemma statement, 𝑑𝑖 =

Δ𝐵𝑀 (𝑒 𝑓 𝑐𝑖 ) − Δ𝑇𝑀 (𝑒 𝑓 𝑐𝑖 ); hence 𝑑𝑖 ≤ 0 exactly when Δ𝐵𝑀 (𝑒 𝑓 𝑐𝑖 ) ≤ Δ𝑇𝑀 (𝑒 𝑓 𝑐𝑖 ), and condition (i)

gives Δ𝑇𝑀 its intended interpretation as a non-negative residual traversal/search cost.
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Fig. 6. Graph quality and realized edge growth across different 𝑀 values. (a) Recall as a function of efc,
showing that larger𝑀 values reach high graph quality with smaller efc. (b) Number of edges as a function of

efc, showing saturation in realized connectivity under fixed degree caps.

If every 𝑑𝑖 is positive, the sequence is increasing and 𝑒 𝑓 𝑐𝑛 is a peak. Otherwise, let 𝑘 = min{𝑖 :

𝑑𝑖 ≤ 0}; by minimality, 𝑑𝑖 > 0 for every 𝑖 < 𝑘 . Condition (ii) states that, after this crossing, larger

efc values cannot restore Δ𝐵𝑀 > Δ𝑇𝑀 ; therefore 𝑑 𝑗 ≤ 0 for every 𝑗 ≥ 𝑘 . Consequently, 𝑓𝑀 (𝑒 𝑓 𝑐) is
non-decreasing up to the peak 𝑒 𝑓 𝑐𝑘 and non-increasing thereafter, allowing ties, and is unimodal

on the ordered grid. □

Lemma 3.1 is sufficient, not universal. It captures the standard HNSW regime targeted by CHAT:

bounded degree, diversification-based pruning, and no delayed high-utility connectivity regime.

When condition (ii) fails, the constrained objective may become bimodal or multi-modal; Section 6.4

presents such a counterexample. When the conditions hold, 𝑓𝑀 can be searched efficiently using

the ternary-style procedure in Section 5.

3.4 Outer-Objective Unimodality over𝑀
We next analyze how the best achievable objective changes as 𝑀 varies. For each 𝑀 , CHAT

chooses the best construction effort, denoted 𝑒 𝑓 𝑐∗
𝑀
∈ arg max𝑒 𝑓 𝑐 𝐹𝐶 (𝑀, 𝑒 𝑓 𝑐), and the boundary efs

satisfying the active performance constraint. Let 𝑔(𝑀) = max𝑒 𝑓 𝑐 𝐹𝐶 (𝑀, 𝑒 𝑓 𝑐) denote the resulting
outer objective: QPS under a Recall constraint and Recall under a QPS constraint. We call 𝑔(𝑀)
unimodal if it is non-decreasing up to some peak index and non-increasing thereafter.

Figure 6 explains why 𝑒 𝑓 𝑐∗
𝑀
generally decreases as 𝑀 increases. When 𝑀 is small, each node

can retain only a limited number of neighbors, so larger efc is useful for exposing high-quality

and diverse candidate edges. When𝑀 is larger, the graph can already retain more useful routing

alternatives, so similar navigability can be achieved with a smaller construction-time candidate

pool. Figure 6(b) confirms this substitution effect: realized edges saturate quickly under tight degree

caps, while larger𝑀 allows the graph to keep growing as larger efc exposes more useful candidates.

Thus, 𝑀 and efc act as partial substitutes for graph quality, explaining the dominant decreasing

trend of 𝑒 𝑓 𝑐∗
𝑀
.

Figure 7 shows the resulting outer objective. Under a Recall constraint, small𝑀 produces poor

connectivity, so the Recall target requires a large boundary efs and suppresses QPS. Increasing𝑀

initially improves graph navigability and reduces the required efs, so QPS improves. At larger𝑀 ,

however, additional degree capacity provides diminishing graph-quality benefit while increasing

neighbor processing per expanded node, shifting the objective to an overhead-dominated regime.

Under a QPS constraint, the same trade-off appears in the opposite objective: increasing 𝑀 ini-

tially improves Recall, but excessive degree forces a smaller boundary efs to preserve throughput,

eventually reducing Recall. Both cases show a dominant unimodal trend in 𝑔(𝑀).
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Fig. 7. Optimized efc and objective performance across varying𝑀 values. (a) 𝑒 𝑓 𝑐∗
𝑀

and resulting QPS versus

𝑀 under a Recall constraint. (b) 𝑒 𝑓 𝑐∗
𝑀
and resulting Recall versus𝑀 under a QPS constraint.

Lemma 3.2 (Sufficient condition for outer-objective unimodality over𝑀). Fix an active
constraint 𝐶 ∈ {Recall,QPS}. On the ordered grid 𝑀1 < · · · < 𝑀𝑛 , write the marginal change as
Δ𝑔(𝑀𝑖 ) = Δ𝐵out (𝑀𝑖 ) − Δ𝑇out (𝑀𝑖 ), where Δ𝐵out is the marginal graph-quality benefit from increasing
𝑀 with efc re-optimized at each𝑀 , and Δ𝑇out is the residual traversal/search cost. Any reduction in
expanded nodes from better graph navigability is counted in Δ𝐵out, not as negative cost. If
(i) Δ𝑇out (𝑀𝑖 ) ≥ 0 for all 𝑖 ,
(ii) once Δ𝐵out (𝑀𝑖 ) ≤ Δ𝑇out (𝑀𝑖 ), larger 𝑀 values do not reveal a delayed high-utility connectivity

regime that restores Δ𝐵out > Δ𝑇out, and
(iii) re-optimizing efc at larger𝑀 does not create a new high-performing branch, i.e.,𝑀 and efc remain

partial substitutes for graph quality,
then 𝑔(𝑀) is unimodal over the ordered𝑀 grid.

Proof sketch. We consider only grid points for which the outer objective 𝑔(𝑀𝑖 ) is defined,
and let 𝑑𝑖 = 𝑔(𝑀𝑖+1) − 𝑔(𝑀𝑖 ). By the marginal decomposition in the lemma statement, 𝑑𝑖 =

Δ𝐵out (𝑀𝑖 ) − Δ𝑇out (𝑀𝑖 ), and condition (i) gives Δ𝑇out its intended interpretation as a non-negative

residual traversal/search cost.

To distinguish the two possible sources of an outer-envelope recovery, choose 𝑒 𝑓 𝑐∗𝑖 ∈ arg max𝑒 𝑓 𝑐

𝐹𝐶 (𝑀𝑖 , 𝑒 𝑓 𝑐), so that 𝑔(𝑀𝑖 ) = 𝐹𝐶 (𝑀𝑖 , 𝑒 𝑓 𝑐
∗
𝑖 ) with 𝐹𝐶 evaluated at the corresponding boundary efs,

and write 𝑎𝑖 = 𝐹𝐶 (𝑀𝑖+1, 𝑒 𝑓 𝑐
∗
𝑖 ) − 𝐹𝐶 (𝑀𝑖 , 𝑒 𝑓 𝑐

∗
𝑖 ) and 𝑟𝑖 = 𝐹𝐶 (𝑀𝑖+1, 𝑒 𝑓 𝑐

∗
𝑖+1
) − 𝐹𝐶 (𝑀𝑖+1, 𝑒 𝑓 𝑐

∗
𝑖 ). Then

𝑑𝑖 = 𝑎𝑖 + 𝑟𝑖 , and 𝑟𝑖 ≥ 0 by the optimality of 𝑒 𝑓 𝑐∗𝑖+1
; thus, even if the change along the previously

optimal branch becomes non-positive, re-optimizing efc could in principle create a positive outer

marginal. When 𝑒 𝑓 𝑐∗𝑖 is infeasible at𝑀𝑖+1, this additive decomposition does not apply; any recovery

at that step then arises entirely from a different efc branch and is therefore itself a cross-branch

recovery. This decomposition only identifies the two recovery mechanisms; the outer marginal

remains the benefit–cost marginal defined in the lemma statement.

If every 𝑑𝑖 is positive, 𝑔(𝑀) is increasing and 𝑀𝑛 is a peak. Otherwise, let 𝑘 = min{𝑖 : 𝑑𝑖 ≤ 0},
so 𝑑𝑖 > 0 for every 𝑖 < 𝑘 . After this first crossing, condition (ii) rules out a delayed recovery from

further increases in𝑀 once the graph-quality benefit no longer offsets the residual traversal cost,

and condition (iii) rules out the remaining cross-branch recovery by excluding a newly dominant

optimizing efc branch at larger 𝑀 . The observed partial-substitution trend between 𝑀 and efc
motivates condition (iii), but its formal role is the exclusion of such branch switching. Together

with condition (i)’s residual-cost interpretation, conditions (ii) and (iii) imply that once an outer

marginal becomes non-positive, all later outer marginals remain non-positive: 𝑑 𝑗 ≤ 0 for every

𝑗 ≥ 𝑘 . Consequently, 𝑔(𝑀) is non-decreasing up to the peak 𝑀𝑘 and non-increasing thereafter,

allowing ties, and is unimodal over the ordered𝑀 grid. □
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Fig. 8. Drift implications of efs-boundary shifts. Under a Recall constraint, efc∗𝑀 moves right when the required

efs increases and left when it decreases. Under a QPS constraint, efc∗𝑀 moves left when the maximum allowed

efs decreases and right when it increases.

Lemma 3.2 is sufficient, not universal. In particular, Lemma 3.1 alone does not imply unimodality

of the outer envelope 𝑔(𝑀); condition (iii) rules out recoveries caused by re-optimizing efc into
a delayed high-utility regime at larger 𝑀 . If these conditions fail, 𝑔(𝑀) may become bimodal or

multi-modal, as discussed in Section 6.4. When they hold, the outer search over𝑀 can be performed

efficiently using the ternary-style procedure in Section 5.

3.5 Structural Implications
Taken together, these observations reveal that the HNSW hyperparameter space is not an unstruc-

tured three-dimensional landscape. Instead, it forms a partially ordered search space with distinct

structural properties:

• efs induces a monotonic trade-off between recall and latency, enabling binary feasibility search.

• M exhibits unimodal objective behavior under fixed constraints, enabling efficient ternary

optimization.

• efc acts as a feasibility gate that constrains construction-time resources.

These properties fundamentally distinguish HNSW tuning from generic black-box optimization

problems. They enable deterministic, low-sample optimization strategies that exploit algorithmic

structure rather than relying on random exploration. While the precise curvature of these trade-offs

varies across datasets and backends, the monotonic and unimodal structures consistently appear

in standard HNSW implementations with bounded degree and greedy layer-wise search. These

structural properties also provide a lens for reasoning about how the optimal construction effort

responds to corpus and workload updates, as discussed next.

3.6 Drift Implications of Feasibility Boundaries
The preceding analysis assumes a fixed corpus and query set. We now consider how the same

trade-offs change when the corpus or query distribution changes. Under a Recall constraint, efc∗𝑀
marks the transition between a quality-limited region—where increasing efc still substantially
reduces the required efs—and a cost-limited region, where graph-quality gains have saturated. A

change that tightens the Recall boundary 𝑒 𝑓 𝑠∗
Recall
(𝑀, 𝑒 𝑓 𝑐) (the minimum efs satisfying the Recall

target increases) expands the quality-limited region and moves 𝑒 𝑓 𝑐∗
𝑀
toward larger efc; relaxing the

Proc. ACM Manag. Data, Vol. 4, No. 4 (SIGMOD), Article 273. Publication date: September 2026.



273:10 Geon Choi, Hoeun Lee, & Jaeyoung Do

0

20

40

60

80

100

A
ve

ra
ge

 O
ut

-D
eg

re
e

0

20

40

60

80

100

A
ve

ra
ge

 O
ut

-D
eg

re
e

200 400 600 800 1000

efc

0

100

200

300

Bu
ild

 T
im

e sift
gist

M = 16 32 48 64

0 10 20 30 40 50 60 70

M

0

100

200

300

Bu
ild

 T
im

e sift
gist

efc = 144 320 640 1024

(a) (b)

Fig. 9. Build time and realized connectivity of HNSW as functions of the construction hyperparameters

𝑀 and efc. Index construction time (left y-axis) and average out-degree (AOD; right y-axis) are shown. (a)

For fixed 𝑀 , both build time and AOD increase monotonically with efc. (b) For fixed efc, build time grows

sublinearly in𝑀 , while AOD saturates as𝑀 increases.

boundary shifts 𝑒 𝑓 𝑐∗
𝑀
in the opposite direction. Under a QPS constraint, tightening the boundary

𝑒 𝑓 𝑠∗
QPS
(𝑀, 𝑒 𝑓 𝑐) (the maximum feasible efs decreases) makes high-efc configurations cost-dominated

earlier, so 𝑒 𝑓 𝑐∗
𝑀
moves leftward; relaxing it shifts 𝑒 𝑓 𝑐∗

𝑀
rightward.

Figure 8 summarizes these directional effects. Insertions, deletions, and query-distribution shifts

can each tighten or relax the active boundary depending on their net effect; the change type alone

therefore does not determine the direction of movement. These directions should be understood

as typical structural behaviors rather than universal guarantees, especially under near-duplicate

insertions, targeted deletions, or strong query distribution shifts.

4 Relationship between Hyperparameters and HNSW Resources
This section characterizes how the HNSW construction hyperparameters (𝑀, efc) affect build time

and index size. We separate the algorithmic dependence induced by Insert, Search-Layer, and

Select-Neighbors from backend-specific constants, treating 𝑁 and 𝑑 as fixed workload parameters.

The goal is not to introduce a new objective, but to identify structural resource dependencies

that enable feasibility-aware pruning. Unless otherwise specified, measurements use the same

experimental setup as Section 3.

4.1 Index Construction Time
HNSW constructs the index by inserting points sequentially. For a dataset 𝐷 = {𝑥𝑖 }𝑁𝑖=1

, the total

build time decomposes over insertions:

𝑇build (𝑁,𝑀, efc, 𝑑) =
𝑁∑︁
𝑖=1

𝑇ins (𝑖;𝑀, efc, 𝑑). (1)

Each insertion descends from the top layer to layer 0, performs Search-Layer to identify candidate

neighbors at each visited layer, and then applies Select-Neighbors to finalize outgoing edges. Let

𝐿𝑖 denote the maximum layer of the 𝑖-th inserted point. The insertion cost can be decomposed as

𝑇ins (𝑖;𝑀, efc, 𝑑) =
𝐿𝑖∑︁
ℓ=0

𝑇search (𝑖, ℓ ;𝑀, efc, 𝑑) +
𝐿𝑖∑︁
ℓ=0

𝑇select (𝑖, ℓ ;𝑀,𝑑). (2)

Search-cost accounting. The dominant cost in Search-Layer comes from graph exploration:

the algorithm expands candidate nodes, inspects their adjacency lists, and evaluates previously

unseen candidates. Let 𝑋𝑖,ℓ (𝑀, efc) denote the number of expanded nodes when inserting point 𝑖 at

layer ℓ , and let
¯𝛿𝑖,ℓ (𝑀, efc) denote the average realized out-degree inspected per expansion. The
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Fig. 10. Index size dependence on the construction hyperparameters𝑀 and efc. (a) For a fixed𝑀 , index size

is largely insensitive to efc. (b) For a fixed efc, index size increases approximately linearly with𝑀 , and curves

for different efc largely overlap.

dominant search cost can then be summarized as

𝑇search (𝑖, ℓ ;𝑀, efc, 𝑑) ≈ 𝑐𝑑 𝑋𝑖,ℓ (𝑀, efc) ¯𝛿𝑖,ℓ (𝑀, efc) +𝐶impl, (3)

where 𝑐𝑑 captures the cost of candidate inspection and distance evaluation for a fixed 𝑑-dimensional

workload, and 𝐶impl absorbs backend-specific bookkeeping overheads. This accounting abstracts

away implementation constants. In particular, implementations that maintain visited sets may

avoid repeated distance computations for the same node, so adjacency inspection and distance

evaluation need not be in one-to-one correspondence. The structural dependence is nevertheless

unchanged: efc primarily controls the expansion term, whereas 𝑀 controls the degree cap that

bounds the realized-degree term.

Role of efc. The construction parameter efc bounds the candidate set maintained by Search-

Layer and therefore controls the breadth of graph exploration during insertion. Increasing efc allows
the search to retain more candidates and expand more nodes before termination. In Equation (3),

this primarily increases the expansion term𝑋𝑖,ℓ (𝑀, efc), explaining the build-time increase observed

in Figure 9(a). A broader construction search can also expose Select-Neighbors to more candidate

neighbors, which explains the accompanying increase in realized connectivity.

Saturation effects with increasing𝑀 . The parameter𝑀 sets the per-layer degree cap up to

a constant-factor difference at layer 0. To quantify realized connectivity, we define the average

out-degree across the HNSW layer hierarchy as

AOD(𝑀, efc) =
∑

ℓ

∑
𝑣∈𝑉 (ℓ ) deg

(ℓ ) (𝑣)∑
ℓ |𝑉 (ℓ ) |

. (4)

AOD is the realized counterpart of the degree cap: it measures how many neighbors are retained

after diversification and re-pruning. Although the degree cap grows with𝑀 , realized AOD need

not grow linearly. HNSW’s neighbor selection procedure favors diverse neighbors and may reject

redundant candidates even when the cap increases; when existing neighborhoods exceed their

degree limits, the same pruning logic is applied again. As a result, increasing𝑀 yields diminishing

marginal increases in realized connectivity.

In Equation (3), this means that
¯𝛿𝑖,ℓ (𝑀, efc) grows sublinearly with the cap, which is consistent

with the build-time saturation observed in Figure 9(b).

Overall, HNSW construction induces a separable resource dependence: efc primarily governs the

breadth of construction search, while𝑀 controls per-expansion connectivity through the realized

graph degree. Section 5.4 instantiates this structure as a compact build-time feasibility estimator.
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4.2 Index Size
For fixed 𝑁 and 𝑑 , vector storage and metadata are constant over (𝑀, efc); the hyperparameter-

dependent term is adjacency storage. Since HNSW stores 𝑂 (𝑀) outgoing edges for an expected

𝑂 (𝑁 ) node copies across layers, the dominant index-size dependence is

𝑆index (𝑁,𝑀) =𝐶fixed (𝑁,𝑑) + Θ(𝑁𝑀), (5)

where 𝐶fixed (𝑁,𝑑) includes vector storage and fixed metadata. Backend-specific choices such as

memory layout, alignment, and auxiliary bookkeeping change the constants, but not the qualitative

dependence on (𝑀, efc).
The construction parameter efc does not appear in Equation (5) because it changes the search

budget used during construction, not the degree cap that determines adjacency capacity. A larger

efcmay affect which neighbors are selected, and can therefore slightly change realized connectivity,

but it does not change the dominant storage budget induced by𝑀 . Thus, unlike build time, index

size is governed primarily by the degree-cap-induced adjacency storage rather than by the amount

of construction search. This explains why index size remains largely invariant to efc in Figure 10(a),

while increasing approximately linearly with𝑀 in Figure 10(b).

4.3 Feasibility-Aware Tuning Implications
The analysis above yields three structural properties of HNSW resource usage:

• construction time increases with the search budget efc.
• construction time grows sublinearly with 𝑀 because realized connectivity saturates under

neighbor selection and pruning.

• index size scales approximately linearly with𝑀 and is largely independent of efc.
These separable dependencies allow infeasible regions of the hyperparameter space to be identi-

fied without constructing every candidate index. Build-time constraints can be evaluated using the

dependence of search breadth on efc and realized connectivity on𝑀 , while index-size constraints

can be evaluated primarily from𝑀 . Section 5.4 uses these structural properties to construct compact

feasibility estimators, and Section 5 applies them to prune resource-violating configurations before

expensive index construction.

5 Efficient Constraint-Aware Hyperparameter Optimization
This section presents CHAT, a constraint-aware framework for tuning HNSW hyperparameters.

Given user constraints on search quality, search efficiency, resource usage, and tuning time, CHAT

seeks the configuration (𝑀, 𝑒 𝑓 𝑐, 𝑒 𝑓 𝑠) that maximizes the target objective while satisfying these

constraints.

CHAT combines three ideas: it decomposes HNSW tuning into structured subproblems, exploits

the monotonicity and dominant unimodality analyzed in Section 3, and filters resource-infeasible

configurations using the models in Section 4.

CHAT is API-level black-box but HNSW-structure-aware. It uses only standard build/query APIs

and validation-workload measurements, including Recall, QPS, build time, and index size, without

inspecting adjacency lists, layer populations, or degree distributions. However, it is not ANN-

agnostic: its search decomposition relies on public HNSW mechanisms, namely bounded-degree

construction controlled by𝑀 , greedy layer-wise Search-Layer, and diversification-based Select-

Neighbors. We therefore scope its structural claims to standard CPU HNSW implementations that

preserve these semantics, including Faiss [20], Hnswlib [29], and Milvus [39]. These assumptions

may weaken for variants with different neighbor selection, disk- or GPU-dominated bottlenecks,

or dynamic graph maintenance. They also do not automatically transfer to non-HNSW families

such as IVF+PQ [21], ScaNN [14], or NSG [9].
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Fig. 11. The overall architecture and iterative tuning workflow of CHAT.

5.1 System Overview
Figure 11 summarizes the end-to-end workflow of CHAT. Given a dataset, an HNSW backend,

performance and resource constraints, and a tuning budget ( 1 ), the Search Engine for (𝑀 , efc)
proposes a candidate construction configuration ( 2 ). The Resource Constraint Models screen the

candidate ( 3 ): predicted budget violations are pruned without index construction ( 3 -1), while

the remaining candidates are built and measured on the target backend ( 3 -2). For each measured

resource-feasible index, the Search Engine for efs identifies the boundary efs that maximizes the

objective under the active performance constraint ( 4 ). The resulting performance and resource

measurements calibrate the resource models and update the search history, tightening subsequent

search ranges ( 5 ). At convergence or budget exhaustion, CHAT returns the best validated feasible

configuration (𝑀 , efc, efs) found within the budget ( 6 ). When the corpus or query workload

changes, the same history warm-starts retuning, as detailed in Section 5.5.

5.2 Search for Optimal Construction Configuration
CHAT searches the construction parameters using a nested but simple strategy. For each probed𝑀 ,

it searches for a promising efc, skips candidates that are model-infeasible under the resource budgets,

builds only the remaining candidates, and then selects efs by boundary search on the built index.

Thus, the original three-dimensional tuning problem is reduced to three one-dimensional decisions:

localizing a good𝑀 region, selecting the best efc for that𝑀 , and choosing the boundary efs that satis-
fies the active performance constraint. We write𝑔(𝑀) for the best validated objective value returned
after optimizing efc and efs under a fixed 𝑀 ; formally, 𝑔(𝑀) = max𝑒 𝑓 𝑐 perf(𝑀, 𝑒 𝑓 𝑐, 𝑒 𝑓 𝑠∗ (𝑀, 𝑒 𝑓 𝑐))
over configurations feasible under Cperf and Cres.

Algorithm 1 implements the outer search over𝑀 . Each probed𝑀 is evaluated by Optimize-EFC,

which returns the best measured feasible triplet found for that 𝑀 . The outer loop then shrinks

the 𝑀 interval toward the probe with higher validated performance, following the dominant

unimodal trend of 𝑔(𝑀) analyzed in Section 3.4. The best measured feasible configuration is tracked

throughout the search, so CHAT can return a validated configuration even if the tuning budget

expires before the intervals fully converge.

Algorithm 2 performs the inner search over efc for a fixed 𝑀 . Before ternary search, CHAT

uses prior optima in H to narrow the candidate range: larger 𝑀 values typically need smaller

construction effort because additional degree capacity already improves graph connectivity. This
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Algorithm 1 Search Engine for (𝑀, efc)
Input: Dataset D; HNSW backend V; performance constraint Cperf; resource constraints Cres; tuning budget T
Output: Best validated configuration 𝑏𝑒𝑠𝑡𝐶𝑓 𝑔 = (𝑀, efc, efs)
1: Initialize resource models

ˆℎ𝑏𝑡 ,
ˆℎ𝑖𝑠 and history H ← ∅

2: Initialize domainsM ← [4, 64], E𝑐 ← [8, 1024]
3: 𝑏𝑒𝑠𝑡𝐶𝑓 𝑔← ⊥, 𝑏𝑒𝑠𝑡𝑃𝑒𝑟 𝑓 ← −∞
4: while remaining tuning time > 0 andM not converged do
5: Choose ternary probes𝑀1, 𝑀2 ∈ M
6: for𝑀 ∈ {𝑀1, 𝑀2} do
7: (𝑝𝑒𝑟 𝑓𝑀 , 𝑐 𝑓 𝑔𝑀 ) ←

Optimize-EFC(𝑀, E𝑐 ,D,V, Cperf, Cres, T, ˆℎ𝑏𝑡 ,
ˆℎ𝑖𝑠 ,H)

8: if 𝑝𝑒𝑟 𝑓𝑀 > 𝑏𝑒𝑠𝑡𝑃𝑒𝑟 𝑓 then
9: 𝑏𝑒𝑠𝑡𝑃𝑒𝑟 𝑓 ← 𝑝𝑒𝑟 𝑓𝑀 ; 𝑏𝑒𝑠𝑡𝐶𝑓 𝑔← 𝑐 𝑓 𝑔𝑀

10: end if
11: end for
12: UpdateM toward the probe with higher validated performance

13: end while
14: return 𝑏𝑒𝑠𝑡𝐶𝑓 𝑔

Algorithm 2 Optimize-EFC

Input: Fixed𝑀 ; efc domain E𝑐 ; dataset D; backend V; performance constraint Cperf; resource constraints Cres; tuning
budget T; models

ˆℎ𝑏𝑡 ,
ˆℎ𝑖𝑠 ; history H

Output: Best validated score 𝑔 (𝑀 ) and configuration 𝑐 𝑓 𝑔𝑀

1: Shrink E𝑐 using history H
2: 𝑔 (𝑀 ) ← −∞, 𝑐 𝑓 𝑔𝑀 ← ⊥
3: while remaining tuning time > 0 and E𝑐 not converged do
4: Choose ternary probes efc1, efc2 ∈ E𝑐
5: for efc ∈ {efc1, efc2} do
6: if ˆℎ𝑏𝑡 (𝑀, efc) or ˆℎ𝑖𝑠 (𝑀 ) violates Cres then
7: Record model-infeasibility in H; continue
8: end if
9: 𝐼 ← BuildIndex(V,D, 𝑀, efc)
10: Measure build time and index size; update

ˆℎ𝑏𝑡 ,
ˆℎ𝑖𝑠

11: if measured resource usage violates Cres then
12: Record measured infeasibility in H; continue
13: end if
14: (efs∗, 𝑝𝑒𝑟 𝑓 ) ← Optimize-EFS(𝐼 , Cperf,H)
15: if efs∗ = ⊥ then
16: Record performance infeasibility in H; continue
17: end if
18: Record (𝑀, efc, efs∗, 𝑝𝑒𝑟 𝑓 ) in H
19: if 𝑝𝑒𝑟 𝑓 > 𝑔 (𝑀 ) then
20: 𝑔 (𝑀 ) ← 𝑝𝑒𝑟 𝑓 ; 𝑐 𝑓 𝑔𝑀 ← (𝑀, efc, efs∗ )
21: end if
22: end for
23: Update E𝑐 toward the probe with higher validated performance

24: end while
25: return (𝑔 (𝑀 ), 𝑐 𝑓 𝑔𝑀 )

rule only reduces the search range; the final choice is still made using measured resource feasibility

and validation performance.

The resource models and validation measurements play different roles. The models are used only

to avoid unnecessary index builds under the conservative resource test. Candidates that pass this
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Algorithm 3 Optimize-EFS

Input: Pre-built index 𝐼 (𝑀, efc) ; performance constraint Cperf; history H
Output: Boundary value efs∗ and measured objective 𝑝𝑒𝑟 𝑓

1: [𝑒 𝑓 𝑠min, 𝑒 𝑓 𝑠max ] ← shrink interval using H
// history-based interval

2: if Cperf is 𝑅𝑒𝑐𝑎𝑙𝑙 ≥ 𝑅𝑒𝑐𝑎𝑙𝑙min then
3: efs∗, 𝑝𝑒𝑟 𝑓 ← BSearchMinFeasibleEFS(𝐼 , [𝑒 𝑓 𝑠min, 𝑒 𝑓 𝑠max ], 𝑅𝑒𝑐𝑎𝑙𝑙min )
4: else if Cperf is𝑄𝑃𝑆 ≥ 𝑄𝑃𝑆min then
5: efs∗, 𝑝𝑒𝑟 𝑓 ← BSearchMaxFeasibleEFS(𝐼 , [𝑒 𝑓 𝑠min, 𝑒 𝑓 𝑠max ],𝑄𝑃𝑆min )
6: end if
7: if no feasible efs exists then
8: return (⊥, −∞)
9: end if
10: return (efs∗, 𝑝𝑒𝑟 𝑓 )

filter are still built, measured for build time and index size, and then evaluated by Optimize-EFS.

Thus, early pruning reduces tuning cost, while the reported configuration is selected only from

configurations explicitly validated against the user constraints.

5.3 Search for Optimal efs
Given a fixed constructed index 𝐼 (𝑀, efc), CHAT only needs to tune the search-time parameter efs.
Unlike𝑀 and efc, changing efs does not alter the graph, so all probes reuse the same built index. As

analyzed in Section 3.1, efs induces an ordered feasibility boundary: larger efs broadens base-layer
traversal, improving Recall but increasing query cost. CHAT therefore finds the boundary efs by
binary search rather than by rebuilding or re-exploring construction parameters.

Algorithm 3 handles the two main performance constraints symmetrically. Under a Recall

constraint, CHAT returns the smallest feasible efs, which maximizes QPS while meeting the Recall

target. Under a QPS constraint, it returns the largest feasible efs, which maximizes Recall while

meeting the throughput target. The resulting pair (efs∗, 𝑝𝑒𝑟 𝑓 ) is returned to Optimize-EFC and

used to compare candidate construction settings.

The initial search interval is tightened using previous boundary values stored inH . Intuitively,

stronger construction settings often require no larger efs to satisfy the same performance constraint,

because better graph connectivity reduces the query-time exploration needed for Recall and can

also tighten the QPS-feasible upper bound. Formally, for a prior configuration (𝑀 ′, 𝑒 𝑓 𝑐′) with
boundary value efs∗

𝑀 ′,𝑒 𝑓 𝑐′ , if 𝑀
′ ≥ 𝑀 and 𝑒 𝑓 𝑐′ ≥ 𝑒 𝑓 𝑐 , then efs∗

𝑀,𝑒𝑓 𝑐
≥ efs∗

𝑀 ′,𝑒 𝑓 𝑐′ ; reversing both

inequalities gives the corresponding upper bound. CHAT uses this history only to reduce the

number of probes; the returned efs is still selected by measured feasibility on the current index.

Thus, history accelerates binary search but does not replace validation.

The same boundary-search view supports query-subset constraints. For example, a deployment

may require both average Recall and hard-query Recall: Recall(𝑄all) ≥ 𝜌all and Recall(𝑄hard) ≥
𝜌hard. Because Recall on any fixed query subset is monotone in efs, the conjunction remains a

monotone predicate and can be handled by the same binary search. We identify𝑄hard using Steiner-

hardness [42].

Tail-latency constraints can be handled analogously. For a fixed index and validation workload,

CHAT measures the requested tail metric, such as P95 or P99 latency, at each probed efs. Because
increasing efs only enlarges the Search-Layer candidate budget, the permitted traversal work

is monotone non-decreasing in efs; consequently, a fixed-workload latency quantile defines an

upper-bound feasibility predicate up to measurement noise. A service-level constraint such as

P𝛼 (Latency) ≤ 𝜏𝛼 is therefore handled using the same max-feasible binary search as𝑄𝑃𝑆 ≥ 𝑄𝑃𝑆min,
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returning the largest efs whose measured tail latency satisfies the constraint. If Recall lower bounds

and tail-latency upper bounds are specified together, the feasible efs values form an interval,

provided that the minimum Recall-feasible efs does not exceed the maximum latency-feasible efs.

The selected point in this interval depends on the active objective.

5.4 Verifying Resource Constraints Satisfaction
Efficient hyperparameter tuning requires an early mechanism to rule out configurations that violate

user-specified resource budgets. Performance feasibility (QPS/Recall) is evaluated during search on

a fixed index (Section 3 and Algorithm 3). This subsection addresses resource feasibility. Build time

and index size budgets cannot be verified for every candidate (𝑀, efc) by fully constructing an index,
as doing so would dominate tuning cost. We therefore employ a lightweight resource-feasibility
filter that instantiates the algorithm-driven dependencies derived in Section 4 into closed-form

surrogates and continuously calibrates their remaining constants using measurements obtained

during the search process.

5.4.1 Closed-form Instantiation. Section 4 establishes two structural properties. First, build time is

governed by a search-breadth component controlled by efc and a per-expansion scan component

governed by realized out-degree, whose marginal growth in𝑀 saturates due to neighbor diversifi-

cation and pruning. Second, index size is dominated by the cap-induced adjacency capacity and

therefore scales linearly with𝑀 while remaining invariant to efc. We instantiate these dependencies

using compact parametric surrogates that preserve monotonicity and saturation while leaving scale

and offset to be determined by calibration.

We use two resource surrogates:ℎbt (𝑀, efc) for build time andℎis (𝑀) for index size. For build time,

we adopt a log-like surrogate in𝑀 to represent saturating realized connectivity, while retaining an

explicit dependence on efc to capture increased exploration:

ℎbt (𝑀, efc) = 𝛼0 + 𝛼1 efc + (𝛽0 + 𝛽1 efc) · log
2
(1 +𝑀) + 𝛾 efc · log

2

2
(1 +𝑀). (6)

The linear term in efc captures the monotone increase in construction search budget (Figure 9(a)).

The log
2
(1 +𝑀) terms represent a representative monotone concave dependence on𝑀 , consistent

with the saturation of realized out-degree observed empirically (Figure 9(b)). Logarithmic growth

is a convenient member of a broader class of concave monotone functions consistent with the

algorithmic upper bounds derived in Section 4.1; it preserves sublinear growth while remaining

analytically simple and stable under incremental calibration from a limited number of observations.

The interaction term efc log
2

2
(1 +𝑀) captures that higher connectivity increases the number of

candidate evaluations performed per unit of exploration during construction.

For index size, Section 4.2 implies a linear dependence on𝑀 and no dependence on efc:

ℎis (𝑀) = 𝜂0 + 𝜂1 𝑀. (7)

Although efc may influence realized connectivity (Figure 9(a)), it does not affect the cap-induced

adjacency budget that dominates index size (Figure 10); accordingly, efc is excluded from ℎis.

5.4.2 Online Calibration from Search-time Measurements. The functional forms in (6) and (7) are

fixed by the algorithmic structure; only their scale and offset parameters are backend-dependent.

These parameters are calibrated using all configurations that are actually constructed during the

search process. Whenever the search engine builds an index to evaluate performance feasibility,

the resulting build time and index size are recorded and incorporated into calibration.

Let C denote the set of configurations (𝑀 𝑗 , efc𝑗 ) that have been constructed so far during search,

with measured build times 𝑇𝑗 and index sizes 𝑆 𝑗 . Define the feature maps

𝜙bt (𝑀, efc) =
[
1, efc, log

2
(1 +𝑀), efc log

2
(1 +𝑀), efc log

2

2
(1 +𝑀)

]
, (8)
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𝜙is (𝑀) = [1, 𝑀] . (9)

The surrogate parameters are obtained by solving linear least-squares problems over C:

ℎbt = ⟨𝜃bt, 𝜙bt⟩, ℎis = ⟨𝜃 is, 𝜙is⟩, (10)

where 𝜃bt = (𝛼0, 𝛼1, 𝛽0, 𝛽1, 𝛾) and 𝜃 is = (𝜂0, 𝜂1). Because calibration is linear in the number of

accumulated measurements, its overhead is negligible relative to index construction.

As search progresses, the calibration set C naturally expands to cover a wider range of (𝑀, efc)
values, including regions where saturation in𝑀 becomes apparent. This incremental calibration

improves alignment between the surrogates and backend-specific constants without altering the

surrogate structure.

5.4.3 Conservative Feasibility Test. Let 𝑇max and 𝑆max denote user-specified budgets for build time

and index size. To avoid accepting configurations whose resource usage is underestimated by the

calibrated surrogates, CHAT applies one-sided safety margins to the build-time and index-size

estimates. Each margin is computed from the positive relative underestimation residuals observed

on constructed configurations in C and is recomputed whenever C grows. A candidate is pruned

before construction only when the margin-adjusted build time or index size estimate exceeds the

corresponding budget. This is a conservative false-feasible guard, not a deterministic no-pruning

guarantee; larger margins reduce false-feasible risk at the cost of pruning aggressiveness.

5.5 Drift-Aware Retuning
CHAT supports retuning when the indexed corpus or query workload changes after an initial tuning

run. Rather than restarting from scratch, it reuses the previous tuning historyH as a cross-run

warm start. The system refreshes the validation workload using recent queries and the current

corpus, monitors Recall, QPS, and the efs feasibility boundary, and first reruns only Optimize-EFS

at the previous (𝑀, efc). Construction retuning is invoked only when the deployed configuration

becomes infeasible or when changing efs alone is insufficient.

When construction retuning is needed, CHAT applies Constraint-Directed Hard Pruning with
Sentinel Safety (CDHP). CDHP uses the feasibility-boundary shift in Section 3.6 to predict the

movement of the best construction effort 𝑒 𝑓 𝑐∗
𝑀
. Under a Recall constraint, a tighter boundary, i.e.,

a larger minimum efs to reach the Recall target, indicates that graph quality has become more

important and suggests moving toward larger efc. Under a QPS constraint, a tighter boundary, i.e.,
a smaller maximum feasible efs, makes high-efc configurations cost-dominated earlier and suggests

moving toward smaller efc. Relaxed boundaries induce the opposite directions.

Guided by this signal, CDHP keeps only the corresponding one-sided construction region:

efc ≥ 𝑒 𝑓 𝑐∗,𝑜𝑙𝑑
𝑀

for a rightward move and efc ≤ 𝑒 𝑓 𝑐∗,𝑜𝑙𝑑
𝑀

for a leftward move. For unseen𝑀 values, the

cutoff is inferred from the historical envelope of 𝑒 𝑓 𝑐∗
𝑀
. CHAT then runs the standard Optimize-EFC

and Optimize-EFS procedures within the retained domain, with the same resource filtering as in the

initial run. Since the boundary-shift signal is structural rather than universal, CDHP places sentinel

probes on the pruned side and expands the cached search domain if a sentinel is competitive within

measurement tolerance; in the worst case, it completes the remaining search domain using cached

measurements rather than restarting from scratch. For deletions, CHAT first cleanly rebuilds the

updated corpus using the previous (𝑀, efc) to distinguish in-place deletion artifacts from true

hyperparameter drift.
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Fig. 12. Tuning performance over time, showing the best-so-far objective value normalized to the Oracle

(exhaustive search). Each column corresponds to a dataset, and rows represent QPS (under Recall constraint)

and Recall (under QPS constraint) for Hnswlib and Faiss backends, respectively. CHAT consistently achieves

faster convergence and higher final performance than baseline methods across all datasets and constraint

settings.

6 Experiments
6.1 Experimental Setup
We evaluated CHAT across multiple vector database backends, datasets, baselines, and metrics. We

used Hnswlib [29] and Faiss [20] as reference HNSW implementations, as they expose the core

behavior of HNSW with minimal system-level optimizations, allowing us to isolate the intrinsic

performance characteristics analyzed in Section 3. To assess real-world applicability, we additionally

evaluated CHAT on Milvus [39], a production-grade vector database that uses HNSW internally.

Across all platforms, we varied three hyperparameters: the maximum node degree𝑀 ∈ [4, 64], the
construction candidate size efc ∈ [8, 1024], and the search candidate size efs ∈ [10, 1024].
We benchmarked CHAT on five representative datasets. Four of them—nytimes, glove, sift,

and deep1M—were standard public datasets provided by ANN-Benchmarks [2], widely adopted for

evaluating approximate nearest neighbor search (ANNS) algorithms. In addition, we constructed

the youtube dataset [7], a realistic video retrieval workload built by encoding extracted I-frames

from public high-view-count YouTube videos with OpenCLIP H-14 [17], providing a diverse and

complementary evaluation point.

As comparison baselines, we considered a diverse set of black-box hyperparameter tuning

methods, covering model-free search, sequential model-based optimization, evolutionary multi-

objective search, constrained Bayesian optimization, and vector-database tuning. We included

Random Search [4] and Grid Search [26], which respectively sample configurations uniformly

and enumerate a predefined grid; both enforce constraints by discarding infeasible configurations.

We also evaluated Optuna [1], a TPE-based sequential optimizer that proposes trials from past

observations. In our implementation, Optuna handles constraints through a large-penalty scalar

objective, assigning infeasible trials a penalty proportional to the degree of violation. NSGA-II [6]

is a population-based evolutionary optimizer that uses Pareto dominance to balance objective

value and constraint violation; we implement it as a bi-objective search that minimizes violation

while maximizing the target metric. We additionally included Expected Constrained Improvement

(ECI) [11], a Gaussian-process constrained Bayesian optimizationmethod that models both objective
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and feasibility and selects configurations by feasibility-weighted expected improvement. We also

compared against VDTuner [44], a Bayesian-optimization framework designed for vector database

tuning, restricted to the same HNSW parameter space for fairness. All baselines are treated as

black-box tuners that do not inspect internal HNSW graph statistics.

For evaluation, we measured Recall@10 and Queries Per Second (QPS) to assess search accuracy

and throughput, respectively, and recorded build time and index size to capture index construction

cost and memory footprint. All experiments were conducted on a single Ubuntu server with an

AMD Ryzen Threadripper 3970X CPU (32 cores, 64 threads, 3.7 GHz), 188 GB RAM, and 14GB swap,

using CPU-only execution to reflect typical vector database deployments. To reduce runtime noise,

each index configuration was built once and evaluated with the same query workload over 10 runs,

reporting the average Recall and QPS.

6.2 Constraint-Aware Tuning Results
We evaluated the effectiveness of CHAT in identifying optimal HNSW hyperparameter configura-

tions under user-specified performance constraints, using a common 4-hour wall-clock cap for all

methods. We considered two performance constraints: (1) Recall ≥ 0.95, where QPS is maximized,

and (2) QPS ≥ 𝜏 , where Recall is maximized. CHAT always takes 𝜏 as a raw throughput target, e.g.,

QPS ≥ 5000; the 75th percentile is used only in our evaluation to choose comparably difficult targets

across dataset-backend pairs. In practice, 𝜏 can come from a service SLO or a small pilot probe—a

quick QPS measurement at minimal 𝑀 , 𝑒 𝑓 𝑐 , and 𝑒 𝑓 𝑠 values that estimates the high-throughput

scale of the workload.

To assess the effectiveness of our search strategy, we first compared CHAT against an Oracle

(Exhaustive Search) that evaluates all valid hyperparameter configurations within the predefined

search ranges under the same performance constraint, providing an upper bound on achievable

performance. Despite this strong reference, CHAT achieved 98.03%–99.97% of the Oracle’s QPS

(under the Recall constraint) and 99.11%–99.99% of the Oracle’s Recall (under the QPS constraint).

These results show that CHAT identifies near-optimal configurations with only a fraction of the

exhaustive search cost, quantifying a small optimality gap under strict tuning budgets.

Figure 12 summarizes the tuning performance of all methods by plotting the best objective

values attained over time, normalized to the Oracle, across all datasets and constraint settings. In

all cases, CHAT (shown in red) either converged to the best-performing configuration substantially

faster than baseline methods or maintained superior objective performance throughout the tuning

process. Under the Recall constraint (i.e., when maximizing QPS), CHAT outperformed all baseline

methods by margins ranging from 1% to 45% (1% on the nytimes dataset with Hnswlib, and 45%

on the youtube dataset with Hnswlib) in QPS. Under the QPS constraint (i.e., when maximizing

Recall), CHAT again demonstrated strong performance, achieving Recall improvements of 0.6% to

11% (0.6% on the nytimes dataset with Faiss, and 11% on the glove dataset with Faiss) over the

best baselines.

CHAT converges quickly enough for practical deployment. Using the time to reach 95% of the

Oracle objective as a convergence metric, CHAT is the only method to reach this threshold within

the 4-hour cap in 13 out of 20 settings; in the remaining cases, it reaches the target 1.5×–44×
faster than the best competing baseline. The 4-hour cap is an evaluation budget rather than the

runtime of CHAT: across the 10 backend–dataset combinations (two HNSW backends, Faiss and

Hnswlib, evaluated on five datasets) under the Recall=0.95 constraint, CHAT reaches 99% of the

Oracle objective in 48 minutes on average (range 13–123 minutes), consuming only 20% of the cap.

Under a conservative no-serving-during-tuning break-even model, the mean break-even time is 3

hours and every backend–dataset combination recovers the tuning cost within 7 hours; over one

week, the tuned configuration serves 0.25–2 billion additional queries per combination.
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Table 1. Impact of analytic resource-constraint models on the tuning process. All values are reported as with
constraint model / without constraint model. Resource-feasibility filtering substantially reduces unnecessary

index constructions and total tuning time while fully preserving the final selected configuration.

Metric Index Size Constraint Build Time Constraint

Engine Faiss Hnswlib Faiss Hnswlib

(a) Search Process
Index Builds / Visited Configs 29.8 / 38.3 25.5 / 33.1 34.8 / 38.3 29.4 / 33.1

Pruned Before Build 22.44% 25.95% 4.20% 11.60%

Constraint-Violating Builds 4.0 / 10.5 4.0 / 10.4 2.9 / 9.7 2.4 / 9.3

Feasibility Coverage 0.9800 0.9817 0.9956 0.9873

(b) Search Results
Total Search Time (s) 4791 / 6531 5042 / 7557 4787 / 6531 5327 / 7557

Average Performance Gain 1.36× 1.50× 1.36× 1.42×
Best Performance Gain 6.26× 5.21× 2.57× 2.32×
Performance Preservation 100.0% 100.0% 100.0% 100.0%

Beyond average Recall and QPS, we also evaluate query-side SLOs supported by Optimize-EFS in

Section 5.3. For hard-query Recall, we rank validation queries by Steiner-hardness and define Hard-

20 as the hardest 20% of queries. Average-only tuning satisfies the all-query Recall target but leaves

Hard-20 Recall below 0.95 in nine of ten Faiss/Hnswlib settings. When Hard-20 Recall is added as an

explicit constraint, CHAT satisfies both the all-query and Hard-20 Recall targets in all ten settings

while achieving 98.21%–99.69% of the corresponding Oracle objective. For tail latency, we evaluate

raw P95 and P99 latency upper-bound constraints. Across the same ten Faiss/Hnswlib settings,

the structural properties exploited by CHAT continue to hold empirically under these query-side

SLOs: the efs feasibility predicate remains monotone, and the fixed-𝑀 objective over efc and the

outer objective over𝑀 continue to show dominant unimodal trends. Under the P95/P99 latency

constraints, CHAT satisfies the requested tail-latency bounds while achieving 99.07%–99.99% of the

corresponding Oracle objective.

Why CHAT Outperforms. CHAT matches each HNSW parameter to an observed structural

property: binary search over monotone efs feasibility boundaries, ternary-style localization over

dominant unimodal trends in 𝑀 and efc (Section 3), and pre-build pruning using the resource

models in Section 5.4. This design concentrates expensive index constructions near promising

feasible regions. The baselines, though powerful general-purpose optimizers, are mismatched to this

structure in complementary ways: Grid and Random Search explore without structural guidance;

Optuna, VDTuner, and ECI spend evaluations learning generic objective and feasibility landscapes

in a discrete, noisy space rather than exploiting these orderings; and NSGA-II allocates trials to

maintaining Pareto diversity although the target here is a single constrained optimum.

6.3 Tuning under Resource Constraints
This section evaluates the effect of analytic resource constraint models on the tuning process. In

contrast to Section 6.2, which compares tuning strategies under performance constraints (recall

and QPS), this section isolates the contribution of the resource-feasibility filter itself. The resource

constraint model is treated as a black-box module that can be attached to any search strategy;

evaluating it separately avoids biasing cross-baseline comparisons and allows its standalone impact

to be assessed under identical tuning budgets. Table 1 summarizes the results under two resource

constraints (index size and build time) and two HNSW backends (Faiss and Hnswlib). All values are
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Fig. 13. Safety-margin sensitivity under resource constraints. The figure compares no-margin, fixed-margin,

and residual-based variants in terms of pruning rate and false-feasible rate for build-time and index-size

constraints. Marker opacity increases with the numeric margin value, so darker markers indicate larger

margins.

reported as with constraint model / without constraint model and are averaged over the five datasets

described in Section 6.1.

Search Process Efficiency. Table 1(a) summarizes the tuning process. Index Builds / Visited
Configs shows that resource-feasibility filtering substantially reduces the number of index con-

structions required to explore the same configuration space by pruning infeasible candidates prior

to construction. This behavior is reflected in the Pruned Before Build rate (4.2%–26.0%) and the

consistently lower number of Constraint-Violating Builds when constraint models are applied. The

safety of early pruning is quantified by Feasibility Coverage, computed over all configurations

visited during the search. Coverage exceeds 0.98 across all settings, indicating that the constraint

models remain conservative while effectively filtering infeasible regions.

Impact on Search Outcomes. As shown in Table 1(b), Total Search Time, which is dominated

by index construction, is consistently lower when resource-feasibility filtering is enabled. This

reduction is consistent with the decrease in index builds observed in Table 1(a), indicating that

pruning infeasible configurations prior to construction is the primary source of the time savings.

Despite the reduced exploration cost, the quality of the final tuning result is fully preserved.

As shown in Table 1(b), Performance Preservation is 100% across all settings, indicating that the

configuration selected with resource constraints achieves identical performance to that selected

without constraints. Across all five datasets, Average Performance Gain remains stable in the

range of 1.36×–1.50×, showing that feasibility filtering does not restrict access to competitive

configurations. Figure 13 isolates the safety-margin mechanism by comparing no-margin, fixed-

margin, and residual-based variants. No-margin pruning is more exposed to false-feasible decisions,

while fixed margins require a hand-tuned conservatism level. Residual-based margins adapt to

observed underestimation residuals, reducing false-feasible risk while maintaining high pruning

rates. Together with the performance preservation and best-case gains in Table 1, this shows that

resource-feasibility filtering lowers tuning cost without blocking high-performing configurations.

6.4 Robustness of Structural Trends and Measurements
CHAT uses ternary-style localization over measured objective values, but it does not assume

convexity or universal unimodality. Section 3 already verifies that changing query parallelism shifts

absolute QPS but preserves the efs feasibility boundary and the dominant trends over efc and𝑀 .

Here we audit two further risks: whether measurement noise perturbs the pairwise comparisons

used during search, and whether the dominant structural trends—formalized as sufficient conditions

in Lemmas 3.1 and 3.2—persist across different data geometries.
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Fig. 14. Impact of heuristic search-space reduction. (a) Tuning time. (b) Average performance (Recall and

QPS). All values are normalized to BASE.

We first evaluate robustness to measurement noise using the 10-run average as a reference. We

recompute configuration scores using 1, 3, and 5 runs, and measure QPS 𝑃95 relative error, pairwise

comparison flip rate, same-or-adjacent optimum stability, and retained objective value. Pairwise

flips exclude candidate pairs whose reference objective gap is below 0.5%, so near-ties are not

counted as unstable decisions. Even with a single run, the QPS 𝑃95 error is 1.86%, the pairwise

flip rate is only 1.1%, the selected optimum remains the same or adjacent grid point in 98.8% of

cases, and the selected configuration retains 99.21% of the 10-run reference objective. With five

runs, these improve to 0.62%, 0.4%, 99.7%, and 99.79%, respectively. Thus, runtime noise does not

materially perturb the pairwise comparisons used by CHAT.

We further stress-test the structural trends on six synthetic workloads that vary cluster sepa-

ration/overlap, cluster-size imbalance, anisotropy, dimensionality, and cluster structure. For the

well-separated, overlapping, imbalanced, and anisotropic workloads, the trends exploited by CHAT

continue to hold empirically under both Recall and QPS constraints: the efs feasibility predicate

remains monotone, fixed-𝑀 slices over efc remain dominantly unimodal, and the outer envelope

𝑔(𝑀) remains dominantly unimodal. In these cases, HNSW construction exposes useful routing

alternatives early, after which additional construction effort becomes increasingly redundant.

The high-dimensional and uniform workloads expose the main failure mode. Distance concen-

tration or the absence of cluster structure can delay useful routing edges until larger construction

budgets, producing a delayed graph-quality gain and a second objective peak. This effect is most

visible under a Recall constraint, where the delayed gain can reduce the minimum feasible efs and
recover QPS; under a QPS constraint, the same branch must reduce efs to preserve throughput,

so the gain is dampened. This behavior is consistent with the sufficient conditions in Lemmas 3.1

and 3.2; it illustrates cases where the diminishing-utility condition required by these lemmas fails.

CHAT is therefore not a global optimizer for arbitrary multi-modal objectives, but a sample-efficient

search procedure for dominant discrete trends induced by standard HNSW mechanisms. In the

high-dimensional counterexample, CHAT selects (𝑀, 𝑒 𝑓 𝑐, 𝑒 𝑓 𝑠) = (16, 400, 160), while the full-grid
Oracle selects (32, 660, 320); both satisfy the Recall constraint. CHAT achieves QPS 4,970 versus

the Oracle’s 5,280, retaining 94.1% of the Oracle objective. Thus, when the sufficient conditions

fail, ternary-style localization may converge to a local peak, but best-so-far tracking over validated

configurations substantially limits the loss.

6.5 Impact of Heuristic Search Space Reduction
To assess the effectiveness of the two heuristics used in CHAT for narrowing the search ranges

of efs and efc, we performed an ablation study comparing four configurations: (1) CHAT, which

incorporates both heuristics described in Sections 5.2 and 5.3; (2) EFS_HEURISTIC, which applies
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Fig. 15. Performance of CHAT and baselines on the nytimes dataset using Milvus.

only the efs range narrowing heuristic; (3) EFC_HEURISTIC, which applies only the efc heuristic;
and (4) BASE, which disables both heuristics and performs exhaustive search over the entire range

using binary and ternary search procedures. The performance metric was defined as the aggregated

objective value under a Recall threshold of 0.95 and a QPS threshold set at the 75th percentile.

Figure 14(a) shows that each heuristic individually reduces tuning time relative to BASE, with

the efs heuristic achieving speedups of 1.13×–4.96× and the efc heuristic yielding 1.05×–3.85× im-

provements. When combined, CHAT attains speedups of 1.17×–6.85×, indicating a complementary

effect between the two heuristics. Figure 14(b) further shows that these gains do not compromise

solution quality: CHAT achieves normalized performance of 98.03%–99.9%, while EFS_HEURISTIC

and EFC_HEURISTIC attain 99.4%–99.9% and 98.7%–99.9%, respectively, demonstrating that heuris-

tic search space reduction substantially accelerates tuning with only negligible loss in objective

performance.

6.6 Evaluation on a Commercial VectorDB
To validate the generality and practical effectiveness of our approach, we conducted additional

experiments on Milvus, a widely adopted commercial vector database, beyond the open-source

HNSW implementations evaluated earlier. We followed the same experimental setup described

in Section 6.1. Specifically, we applied a minimum Recall constraint of 0.95, or a minimum QPS

constraint defined as the 75th percentile of all configurations for each dataset, with a fixed tuning

time budget of four hours.

As shown in Figure 15, which presents results on the nytimes dataset, our method consistently

outperformed all baseline methods under both types of constraints
1
. Under the Recall constraint,

it achieved up to 99.2% and at least 96.8% of the Oracle’s optimal QPS. Under the QPS constraint,

it successfully matched the Oracle’s optimal Recall. These results demonstrate that our method

remains effective and stable even in production-grade vector database environments, maintaining

high performance and constraint satisfaction under limited tuning budgets.

7 Related Work
VectorDB and ANN Indexing. Vector databases and approximate nearest neighbor (ANN) search

methods are central to high-dimensional data retrieval [25, 40]. Early methods such as locality-

sensitive hashing (LSH) [16, 18] and product quantization (PQ) [21, 33] introduced efficient hashing

and compression techniques. Graph-based ANN indices, including Hierarchical Navigable Small

World (HNSW) [29] and Navigating Spreading-out Graph (NSG) [9], improve recall–speed trade-offs

by organizing points into navigable proximity graphs [8]. DiskANN [37] scales graph-based search

to billion-scale datasets through memory–disk optimized storage and retrieval. Libraries such as

1
We observed similar trends on the other datasets used in this experiment.
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Faiss [20] and ScaNN [14] combine quantization and GPU acceleration for large-scale search, with

adoption in systems such as Milvus [39].

Database Auto-Tuning. Automated database tuning has progressed from heuristic methods

to machine-learning-based approaches. OtterTune [38] introduced supervised learning for knob

tuning, while QTune [24] extended this direction with reinforcement learning (RL) for query-level

precision. Recent works emphasize constraint-awareness and multi-objective optimization.

8 Conclusion
We presented CHAT, an API-level black-box but HNSW-structure-aware tuning framework that

exploits monotone search-time feasibility boundaries, dominant unimodal trends over construction

parameters, and separable resource dependencies to guide a hierarchical search with resource

surrogates. Across datasets and HNSW backends, CHAT efficiently identifies and validates configu-

rations that satisfy user-defined performance and resource constraints, offering a practical path

toward predictable tuning for production HNSW deployments.
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