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ABSTRACT
Graph-based vector search underpins modern LLM applications such as retrieval-augmented generation (RAG),
but its efficiency is increasingly constrained by disk I/O. Existing systems continue searching long after discovering
the higher-ranked (i.e., more valuable) results for downstream applications. We present Terminus, a rank-aware
early termination mechanism that dynamically aligns I/O spending with application utility. Terminus models
per-I/O search utility using a rank-weighted function and terminates once additional I/Os yield negligible utility
gains. By adaptively terminating search based on rank-aware signals, Terminus improves recovery of top-ranked
results that matter most for downstream tasks, achieving a better performance–accuracy trade-off. It delivers up to
1.4× higher throughput at the same accuracy target compared to existing early termination schemes, and up to
3.2× higher throughput relative to a baseline without early termination, with minimal impact on RAG accuracy.

1 INTRODUCTION

Vector search (Indyk & Motwani, 1998) has rapidly be-
come the backbone of modern large language model
(LLM) applications such as retrieval-augmented generation
(RAG) (Lewis et al., 2020) and agent-based reasoning (Yao
et al., 2023). It retrieves data based on their semantic simi-
larity, typically measured by cosine or Euclidean distance,
within a high-dimensional embedding space, instead of re-
lying on exact keyword matches. This semantic retrieval
capability enables models to efficiently access and ground
their reasoning in relevant external knowledge beyond their
static training data.

At the same time, embeddings are becoming denser and
higher-dimensional because modern models need to cap-
ture richer semantic relationship across an ever-growing
range of data and tasks. For instance, OpenAI’s text embed-
ding models range from 1536 to 3072 dimensions (OpenAI,
2024). Graph-based approximate nearest neighbor (ANN)
indices (Malkov & Yashunin, 2020; Fu et al., 2019; Subra-
manya et al., 2019; Wang et al., 2024) are designed to enable
fast and accurate similarity search over high-dimensional
datasets at scale. At a high level, they organize vectors (i.e.,
embeddings) into a proximity graph that preserves both sim-
ilarity and neighborhood connectivity. During search, it
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traverses the graph in a greedy manner, moving to vectors
that are more similar to the query at each hop. The search
for the top-k most similar vectors terminates once further
graph traversals can no longer improve the current best-k
results.

As data volumes grow and index sizes increase, graphs
can no longer be fully stored in memory and are instead
offloaded to local or network-attached storage (Subramanya
et al., 2019; Wang et al., 2024; Guo & Lu, 2025; Ni et al.,
2023; Singh et al., 2021; Zhang & He, 2018). Since the
traversal path depends on both the query and the graph
structure, it is inherently random and unpredictable. As a
result, graph traversal generates a workload dominated by
small, random disk reads. As shown in Figure 2(a), a single
ANN query can issue tens to hundreds of I/Os, making disk
IOPS—the number of I/O operations a storage device can
serve per second—the primary bottleneck. To illustrate this
point, Table 1 summarizes the IOPS capabilities of different
storage classes and the resulting theoretical upper bound on
ANN search throughput per disk when each query incurs
approximately 100 I/Os. This I/O bottleneck becomes even
more pronounced in cloud environments, where disks are
often shared among multiple tenants (Calder et al., 2011;
Shu et al., 2024; Xue et al., 2020; Zhang et al., 2024), further
reducing the effective I/O resources available per workload.

To alleviate the I/O bottleneck, prior work (Subramanya
et al., 2019; Wang et al., 2024; Ni et al., 2023) focuses on
static optimizations at index construction time or data layout.
DiskANN (Subramanya et al., 2019) reduces the number of
disk reads per query by adding longer-range edges during
graph construction, effectively creating “express lanes” for
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Storage Class Random IOPS
(4KB)

Upper Bound
on QPS

HDD 50 – 200 0.5 – 2
Flash SSD 10K – 100K 10 – 100
NVMe SSD 300K – 1M+ 3K – 10K

Table 1. IOPS and upper bound on ANN search throughput across
different storage classes, assuming 100 I/Os per query.

faster search convergence. More recently, Starling (Wang
et al., 2024) improves on-disk locality by grouping similar
neighboring vectors into the same storage block, enabling
the search to reach the closest neighbors of a query vector
with fewer I/O requests. While these techniques reduce I/O
costs, they do not address a more fundamental inefficiency in
the search process itself. Specifically, they continue search-
ing until they can no longer improve all best-k results found,
even when all the important results have already been re-
trieved.

In this work, we make two key observations. First, the
highest-ranked (i.e., most similar) results are typically dis-
covered early in the search. This leads to diminishing re-
turns as the search progresses: additional I/Os yield smaller
improvements in overall result quality, yet the system con-
tinues searching and wastes valuable I/O resources. Second,
top-ranked results dominate task accuracy in downstream
applications such as RAG, whereas lower-ranked results con-
tribute very little. Therefore, we can terminate the search
much earlier once the most valuable (i.e., top-ranked) results
have been found, thereby significantly reducing the I/O cost
per query with minimal impact on application accuracy.

We present Terminus, a utility-driven early termination
mechanism for graph-based ANN search. It intelligently
allocates I/O during search to maximize application utility.
Unlike prior termination techniques that are coarse-grained
and rank-agnostic (Zhang et al., 2023; Teofili & Lin, 2025),
Terminus incorporates rank awareness directly into the deci-
sion process. It recognizes that top-ranked results contribute
far more to application accuracy than lower-ranked ones.
Terminus uses a tunable weight function that controls the
relative importance of each result rank. During search, it
estimates the utility contributed by each I/O based on how
much it improves the rank-weighted quality of the current
best-k results found and dynamically terminates once ad-
ditional I/Os yield diminishing returns. By aligning I/O
spending with application utility, Terminus achieves a better
trade-off between vector search performance and applica-
tion accuracy.

Furthermore, we find that the traditional evaluation metric
in vector search, Recall, is poorly suited for rank-sensitive
workloads. It measures only how many of the true best
results are retrieved, without considering which ones. As a

Query Vector
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Similarity Phase
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Similar Vectors

Figure 1. Graph-based ANN search retrieving the top-3 most simi-
lar vectors to a query. The search proceeds in two logical phases—
navigation and similarity—illustrated by the red solid and blue
dashed lines, respectively.

result, it fails to reflect rank-level importance, which is cru-
cial for tasks such as RAG, where top-ranked results have a
greater impact on task accuracy than lower-ranked ones. To
address this limitation, we introduce Ranked Recall, a new
metric that weights matches by their rank positions, assign-
ing greater weight to top-ranked matches and providing a
more faithful measure of retrieval quality in rank-sensitive
scenarios.

Our paper makes the following contributions:

1. Terminus. A utility-driven early termination mechanism
for graph-based ANN that reduces the number of I/Os per
query while preserving downstream application accuracy.

2. Rank-Aware Utility Modeling. A rank-aware utility
model that estimates search quality based on application-
level rank importance, aligning termination behavior with
downstream utility.

3. Ranked Recall Metric. A rank-sensitive accuracy metric
that captures fine-grained rank-level importance more
effectively than traditional, set-based recall.

4. Better performance-accuracy trade-off. Terminus
achieves up to 1.4× higher vector search throughput at the
same accuracy target than existing early termination tech-
niques. It also consistently delivers higher throughput—
up to 3.2×—than a baseline without early termination,
with minimal impact on application accuracy.

2 BACKGROUND

Graph-based ANN search. Graph-based ANN in-
dices (Malkov & Yashunin, 2020; Fu et al., 2019; Subra-
manya et al., 2019) organize data into a proximity graph that
preserves both semantic similarity and navigability, enabling
fast sublinear-time lookup. During index construction, each
vector is connected to its nearest (i.e., most similar) vectors
with short edges and to a few more distant (i.e., less similar)
vectors with long edges, forming a small-world structure
(Watts & Strogatz, 1998) that supports efficient retrieval.
The search consists of two logical phases—navigation and
similarity—as illustrated in Figure 1. The search starts from
a fixed or random entry point in the graph, enters the nav-
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igation phase, and follows long edges to converge toward
the target neighborhood. It then enters the similarity phase,
following short local edges to retrieve vectors most similar
to the query.

More concretely, the system maintains a search queue of
size L (where L ≥ k), typically implemented as a priority
queue, which stores the best candidate vectors discovered
so far, ranked by their similarity to the query in descending
order. At each iteration, it selects the most similar unvisited
vector from a candidate queue, explores its neighbors, and
inserts those closer to the query back into the queue. The
search terminates once all candidates in the queue have
been visited—i.e., when further exploration no longer yields
results better than the current top-L results. This termination
condition is inherently static, depending solely on the queue
size L: increasing L increases search time and resource
consumption but may produce higher-quality results.

DiskANN and Starling. DiskANN (Subramanya et al.,
2019) is a graph-based ANN system designed for disk-
resident indices. Its primary goal is to reduce graph traver-
sals during search, thereby minimizing I/O. To accelerate
the navigation phase, DiskANN modifies neighbor pruning
and introduces a tunable parameter that increases the num-
ber of long edges to distant vectors, creating “express lanes”
that help the search converge to the target neighborhood
more quickly. It stores vectors on disk using a naive sequen-
tial layout based on vector IDs. However, these IDs have
no correlation to their similarity structure in the embedding
space, leading to poor spatial locality during I/O.

Starling (Wang et al., 2024) further minimizes I/O in both
the navigation and similarity phases. It optimizes the on-
disk layout of graph-based ANN indices using a greedy
block-assignment heuristic that groups similar neighboring
vectors together, improving spatial locality and amortizing
I/O costs. As a result, a single disk read often fetches multi-
ple vectors that will be traversed later, effectively reducing
the total number of I/Os per query. In addition, Starling in-
corporates several system-level optimizations: it maintains
an in-memory navigation graph to quickly identify better
entry points and bypass the on-disk navigation phase, and
employs block-level search with I/O–computation pipelin-
ing to further reduce search time. As shown in Figure 2(a),
Starling consistently achieves higher search performance
and accuracy than DiskANN. Consequently, we focus on
Starling in the rest of this work.

Retrieval-augmented generation (RAG). Retrieval-
augmented generation (RAG) (Lewis et al., 2020) is a
paradigm that combines large language models (LLMs)
with an external retrieval component to ground generation
on factual or domain-specific information. It is particularly
useful in scenarios where the model must produce accu-

rate, up-to-date, or context-aware responses beyond what is
stored in its static parameters, including open-domain ques-
tion answering, enterprise knowledge access, or scientific
document summarization. RAG systems relies on vector
search to retrieve semantically relevant documents that are
used to construct augmented prompts for language mod-
els, enhancing generation quality. We will use documents,
contexts and results interchangeably in the rest of this work.

3 MOTIVATION

In this section, we first motivate early termination in graph-
based ANN search and then highlight the opportunity to
leverage rank awareness to achieve a better trade-off be-
tween search efficiency and application accuracy.

As graph-based ANN search progresses, more I/Os yield
diminishing returns. As illustrated in Figure 1, once the
search enters the second similarity phase, it reaches the
target neighborhood and can efficiently discover the best
results. Figure 2(b) shows the frequency at which the best
results are discovered at each I/O in Starling. We observe
that the most similar results (e.g., ranks 0–1) are usually
found early in the search (e.g., during I/Os 3–7) , while later
I/Os retrieve less similar results. Furthermore, we find that
retrieving lower-ranked, less similar results requires sub-
stantially more resources. Figure 2(c) shows the CDF of the
number of I/Os required to discover the ith best result, where
a larger i corresponds to a lower rank with lower similarity.
Notably, retrieving the 19th best result requires roughly two
times more I/Os than retrieving the 0th one. Consequently,
additional I/Os yield diminishing improvements in search
quality while incurring substantial I/O cost, widening the
gap between resource consumption and utility as the search
progresses.

Top-ranked results dominate task accuracy in
knowledge-retrieval RAG. Retrieval-augmented gen-
eration (RAG) uses vector search results as additional
supporting knowledge to improve the accuracy of the
underlying LLM. To better understand how each retrieved
result rank affects downstream accuracy, we conduct the
following experiments. We first determine the retrieval size
k via a parameter sweep that retrieves the top-k documents
from the corpus using exhaustive search, which provides
an oracle upper bound on retrieval quality. As shown
in Figure 2(d), RAG accuracy on the Natural Questions
task plateaus for both Pythia-1B and LLaMA-2-7B when
k ≥ 20. We therefore set k = 20 for the remainder of the
analysis, as it is the smallest retrieval size that saturates
downstream task accuracy, avoiding unnecessary retrieval
overhead while preserving task performance. Next, we
construct augmented LLM inputs by retrieving the top-20
most relevant documents from the corpus, sorted by their
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Figure 2. (a) Recall and average I/O cost per query for ANN search with k = 100 in DiskANN and Starling. (b) Frequency of discovering
the jth best result at each I/O during ANN search. Rank j = 0 denotes the top-ranked result with the highest similarity. (c) CDF of the
number of I/Os required to discover the ith best result. (d) RAG accuracy (Exact Match) as a function of the number of best documents
retrieved via exhaustive search for different language models on the Natural Questions task.
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Figure 3. Normalized accuracy loss in Exact Match for RAG on
the Natural Questions task across different models. Each point
reflects the relative contribution of the ith best document within
the top 20 retrieved documents to end-to-end accuracy.

relevance from high to low. At each step, we drop the ith

document and feed the remaining 19 documents to the
RAG pipeline. We define accuracy loss as the difference
in accuracy between the oracle setting that uses all top-20
documents and the setting that uses only 19 documents
excluding the ith one. We further normalize each accuracy
loss by the maximum observed loss. Each data point in
Figure 3 reflects this normalized accuracy loss of missing
the ith best document. This allows us to approximate the
contribution of each rank to the overall task accuracy.
Despite minor model differences, the same trend holds:
the impact of each document drops sharply with rank.
Top-ranked results contribute disproportionately to task
accuracy, while lower-ranked results have only marginal
influence.

Guided by these observations, we identify a fundamental
misalignment between search cost and application bene-
fit. Later I/Os retrieve low-ranked results that contribute
little to downstream accuracy, whereas the top-ranked re-
sults that matter most are typically retrieved early. This
motivates our design of rank-aware early termination in Ter-
minus. Unlike prior termination techniques that are coarse-
grained and rank-agnostic (Zhang et al., 2023; Teofili & Lin,
2025), Terminus makes fine-grained, dynamic termination
decisions by incorporating rank awareness directly into the
search process. Terminus allocates its I/O resources where
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Termination
Engine

§ 4.3
I/O Manager

Policy

Utility Tracker
I/Os

Utility Estimator
§ 4.2

Rank Weight
𝑓

Figure 4. Terminus system components.

it yields the highest utility (i.e., retrieving higher-ranked
results early) and stops once additional I/Os provide neg-
ligible rank-weighted benefit. By aligning I/O spending
with application utility, Terminus achieves a better perfor-
mance–accuracy trade-off compared to conventional early
termination methods.

4 DESIGN

Before describing Terminus’s system components, we first
outline our design goals:

1. Alleviate disk IOPS bottlenecks. The system should
reduce the number of I/Os per ANN query to mitigate the
disk IOPS bottleneck and improve overall performance,
achieving higher throughput and lower latency.

2. Preserve the accuracy of high-value results. The sys-
tem should maintain the accuracy of top-ranked results,
which dominate downstream RAG utility, while avoiding
unnecessary tail retrieval.

3. Achieve a better performance–accuracy trade-off. The
system should deliver higher ANN search throughput
while incurring minimal loss in application accuracy.

4.1 Design Overview

Figure 4 depicts the high-level architecture of Terminus.
It dynamically decides how much to search based on the
observed utility of each issued I/O. By aligning search effort
with application benefit, Terminus allocates resources on
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Figure 5. Search utility over I/Os. The search queue size is set to
4. Newly inserted results at each I/O are highlighted in orange.

retrieving more valuable results and avoid wasting I/Os on
results that contribute little to the overall search quality.

Terminus introduces two new components into the vector
search system: a utility estimator and a termination engine.
The utility estimator records the rank positions of newly
inserted results in the similarity-ranked search queue after
each new I/O. It then computes the weighted sum of these
affected rank positions to derive a utility score that approxi-
mates each I/O’s contribution to the overall search quality.
By applying a rank-weighted function, the estimator places
greater emphasis on changes at higher ranks, making the
system more sensitive to improvements in the top-ranked
results.

The termination engine uses a tracker to monitor utility
changes on a per-I/O basis. It applies a termination policy
that triggers when the utility gains from the most recent
I/Os fall below a predefined threshold. Positioned between
the graph traversal logic and the I/O manager, the engine
decides on the fly whether to allow or reject each I/O. When
termination is triggered, it signals the index to stop further
exploration and returns the currently discovered results to
the application.

4.2 Rank-Aware Utility Modeling

Since Terminus cannot know in advance when the best re-
sults will be discovered during traversal, its core challenge
is to estimate search utility in a way that is sensitive to
improvements in higher-ranked results.

Graph-based ANN search systems typically maintain a
search queue of the best results found so far, sorted by
their similarity scores (e.g., cosine or Euclidean distance) in
descending order. A naive approach is to measure the abso-
lute improvement in similarity scores of the results in the
search queue over time. However, we find this approach in-
effective, particularly during the middle phase of the search
when the queue already contains moderately good results.
For example, the next I/O may retrieve the true best result,
but because the current results in the queue already have
high similarity scores, the resulting absolute increase in

similarity can be negligibly small and easily overshadowed.
As a result, this similarity score-based approach is highly
insensitive to improvements in the best results.

We observe that during search, the absolute improvement in
similarity scores is largely irrelevant—whether it increases
by 0.01 or by 1000 makes little difference. What matters
instead is a binary signal: whether the newly discovered
result is better than the current ones. If so, it will be inserted
into a higher-ranked position in the similarity-sorted search
queue. This observation shifts our focus from fragile, noisy
changes in similarity score to more robust structural changes
in rank. Our key insight is to infer search utility directly
from rank transitions as the search progresses. To make
the utility signal more sensitive to improvements at higher-
ranked positions, we apply a rank-weighted function that
assigns different importance to different ranks. Intuitively,
an improvement at rank 0 should contribute more to overall
utility than an improvement at rank 9. Accordingly, the
utility of an I/O is defined as the weighted sum of the ranks
of all newly inserted items into the search queue during that
I/O.

More formally, let ∆Rt denote the set of ranks of the newly
inserted results into the search queue at I/O t. We define a
rank-weight function w(r) that captures the relative impor-
tance of rank r.

The search utility contributed by I/O t is then defined as:

Ut =
∑

r∈∆Rt

w(r). (1)

Figure 5 assumes a search queue size of 4 and illustrates the
utility contributed by each I/O as it reads a disk block and
updates the search queue. At t = 2, the search discovers E
and F , which have higher similarity scores and are inserted
at positions 0 and 3. The utility of this I/O is therefore the
sum of their respective rank weights, i.e., , w(0) + w(3).

We model rank weights as an exponential decay function:

w(r) = e−(
r
τ )

β

(2)

The parameter τ determines where the decay occurs: smaller
τ emphasizes the top ranks by causing an early drop, while
larger τ spreads weight more evenly. The parameter β
controls how sharply the curve bends: higher β concentrates
weight on the top few ranks, whereas lower β yields a more
gradual decay. Together, τ and β allow us to precisely
control the sensitivity of the utility function to rank-level
improvements. For simplicity, in this work we fix β and
vary only τ to tune the curve shape.

Figure 6(a) illustrates the weight function for different val-
ues of τ . When τ = 0.1, the function places almost all
the weight on rank 0, making the utility highly sensitive to
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Figure 6. (a) The rank-weight function for different τ values. β = 0.5. (b) Difference in the percentage of the ith best results found
between τ = 0.1 and τ = 10000, under the same average number of I/Os per query. i = 0 corresponds to the highest-ranked (best)
result. (c) Evolution of search utility over I/Os for a randomly sampled query. τ = 1.8, β = 0.5 and k = 20. The dashed line at y = 0.1
indicates the early termination threshold.

improvements at the top rank. In contrast, when τ = 10000,
the weights become nearly uniform, making all ranks to
contribute almost equally to the overall search utility. Fig-
ure 6(b) shows the effect of this rank sensitivity on retrieval
outcomes. Under the same I/O budget, a smaller τ of 0.1
retrieves a larger fraction of top-ranked results (e.g., ranks
0–5) than a larger τ of 10000. This shows that emphasizing
higher ranks enables the search to terminate earlier once the
most important results have been retrieved, leading to more
efficient allocation of I/O across queries. For the remainder
of this paper, we set τ = 1.8 to shape the curve in a way
that closely matches the application-level rank importance
observed in Figure 3.

In summary, our rank-aware utility model enables reliable
estimation of per-I/O search utility without oracle knowl-
edge. By weighting rank-level improvements, it identifies
when the most valuable results have already been retrieved,
enabling early termination with minimal impact on appli-
cation accuracy. This formulation underpins our dynamic
termination mechanism described in the next section.

4.3 Dynamic Early Termination

Once we can estimate the utility of each I/O, the next chal-
lenge is deciding when to stop the search without signifi-
cantly hurting accuracy. Static termination policies (e.g.,
searching a fixed number of I/Os) are brittle: they may stop
too early and miss important results, or continue searching
far longer than necessary and waste resources. We observe
that the utility curve rises sharply early in the search as
high-ranked results are discovered, then quickly flattens
once most top-ranked results have been found. Figure 6(c)
illustrates this behavior for a randomly sampled query with
k = 20. The utility spikes initially as the search queue is
empty, and again at the third I/O when the 1st, 9th, 10th, and
13thth best results are retrieved together. A third spike oc-
curs at the fifth I/O with the discovery of the highest-ranked
result. By the first 10 I/Os, the search has already found all
top-5 and 9 of the top-10 results. Smaller bumps in the tail
reflect occasional discoveries of mid-ranked results beyond

rank 10.

This observation suggests that when the utility of recent I/Os
remains consistently negligible, further search yields dimin-
ishing returns and can be safely terminated. Accordingly,
Terminus tracks the utility of recent I/Os using a sliding
window of size X . It triggers termination when the utility
of each I/O within the window falls below a configurable
threshold ε. Formally, the termination policy is expressed
as:

Terminate if Ui ≤ ε ∀ i ∈ [t−X + 1, t]. (3)

where Ui denotes the utility of the i-th I/O.

The sliding window size X and threshold ε expose a clear
accuracy–cost trade-off. A smaller ε or larger X leads to
longer searches and higher accuracy, while a larger ε enables
more aggressive early termination. As shown in Figure 2(c),
graph search often exhibits long-tail behavior, where good
results may appear after several low-utility I/Os. If X is too
small, the system may stop prematurely. Empirically, we
find that setting X to 2 or 3 strikes a good balance between
search efficiency and accuracy. We provide a more detailed
analysis of the impact of X and ε in Section 6.2.

5 RANKED RECALL METRIC

As demonstrated in Section 3, downstream applications of-
ten value higher-ranked results far more than lower-ranked
ones. However, the standard evaluation metric in vector
search, Recall@k, is rank-agnostic: it measures the fraction
of the true top-k results retrieved among the k returned re-
sults. This set-based, coarse-grained metric assumes all k
results are equally valuable, but fails to reflect the priorities
of rank-sensitive workloads such as RAG, where top-ranked
results typically dominate utility. This misalignment high-
lights a fundamental gap between Recall and the evaluation
needs of rank-sensitive applications.

We introduce Ranked Recall, a new evaluation metric that
captures which true best results are retrieved, not just how
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Table 2. Summary of key parameters.
Symbol Description

k Number of nearest neighbors retrieved
L Search queue size (L ≥ k)
X Sliding window size
ε Early termination threshold

τ, β Hyperparameters of the rank-weight function

Table 3. Dataset statistics.
Dataset # Vectors # Queries Type Dim
Wikipedia 20 Million 3610 float 768
SPACEV 100 Million 29316 int8 100

many. Let G denote the ground truth sequence of the best-k
results and R the sequence of k retrieved results, both sorted
by similarity in descending order. Ranked Recall@k assigns
different weights to retrieved ground-truth results based on
their rank positions in G. It is defined as:

Ranked Recall@k =

|G|∑
i=1

w(i) · (Gi ∈ R)

|G|∑
i=1

w(i)

(4)

where (Gi ∈ R) equals 1 if the ith best result appears in the
retrieval sequence, and 0 otherwise. The weight function
assigns higher weights to higher-ranked positions to empha-
size their importance during evaluation. Our formulation
generalizes traditional recall: when all ranks receive equal
weight, Ranked Recall reduces to standard Recall.

To summarize, Ranked Recall captures rank-level differ-
ences and provides a more meaningful measure of search
quality for rank-sensitive scenarios. As we show in §6.1, it
distinguishes cases where systems achieve the same Recall
but differ in the quality of their top-ranked results.

6 EVALUATION

We evaluate Terminus by answering the following questions:

• How does Terminus compare to other early termination
methods for vector search? (§6.1)

• What are the impacts of early termination? (§6.2)
• What is the overall trade-off between vector search per-

formance and RAG accuracy in Terminus? (§6.3)

Configuration. All vector search experiments are con-
ducted on a CloudLab (Duplyakin et al., 2019) r650 node
equipped with 72 CPU cores, 256 GB of RAM, and a 1.6
TB NVMe SSD, running Ubuntu 22.04.5 LTS. RAG evalua-
tions are performed on GPU-equipped systems, including a

Table 4. Graph index configurations.
Parameter Wikipedia SPACEV
Max out-degree 70 96
Similarity metric Cosine L2
Block size 64 KB 4 KB
# Vectors per block 19 11
Total index size 68 GB 35 GB

local workstation with two NVIDIA RTX 2080 Ti GPUs and
CloudLab r7525 nodes with two NVIDIA GV100GL GPUs.
All systems use asynchronous I/O with a uniform block size
and pipeline computation with disk I/O. Disk reads bypass
the OS page cache by issuing requests with O DIRECT. To
eliminate caching effects, we clear the OS page cache be-
tween experimental runs. Table 2 lists the key parameters
used in our evaluation, while Table 4 summarizes the graph
index configurations.

Datasets. We evaluate vector search on two represen-
tative datasets that exhibit different data characteristics.
Wikipedia-20M is a public dataset released by the Mas-
siveDS project (Shao et al., 2025). It contains dense text
embeddings of the entire English Wikipedia corpus. The
query set is derived from the Natural Questions bench-
mark (Kwiatkowski et al., 2019), a question–answering
dataset curated from Wikipedia articles. All embeddings are
generated using the Contriever-MSMARCO model (Lei
et al., 2023). This dataset represents more traditional,
structured textual knowledge distributions commonly used
in open-domain retrieval and RAG workloads. SPACEV-
100M is derived from the publicly available SPACEV1B
dataset (Chen et al., 2021) by selecting the first 100 mil-
lion vectors. SPACEV1B is a large-scale dataset released
by Microsoft based on its Bing web search scenario. Each
vector represents a web document, and the accompanying
query set represents real-world search queries. This dataset
reflects web-scale embedding distributions typical of large
retrieval systems. Table 3 summarizes key dataset statistics,
including the number of vectors, dimensionality, and data
types.

Workloads. For vector search, we use the query sets cor-
responding to each dataset listed in Table 3. Each query
retrieves the top-k most similar vectors using ANN search.
We vary retrieval quality by tuning search parameters. The
retrieved results from the Wikipedia-20M dataset are then
used for the RAG workload. Unless otherwise specified,
we use k = 20, the minimum number of documents that
saturates the downstream RAG task considered in our eval-
uation, ensuring a fair comparison between Terminus and
the baselines. Figure 8(b) is the only exception, where we
evaluate a larger k = 100.
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For downstream RAG evaluation, we use the Natural Ques-
tions task (Kwiatkowski et al., 2019) consisting of 3,610
queries. We adopt the modified EleutherAI/lm-eval-harness
RAG pipeline from the MassiveDS project (Shao et al.,
2025). It constructs the prompt by first retrieving the top-20
most relevant text chunks using vector search, reordering
them according to their original positions in the data corpus,
then appending five-shot in-context examples, and finally
concatenated with the original query. We generate prompts
of varying quality by adjusting the retrieval quality of the
underlying vector search results. We evaluate two language
models: Pythia-1B (Biderman et al., 2023), a smaller base
model, and LLaMA-2-7B (Touvron et al., 2023), a larger,
instruction-tuned model trained on a more diverse corpus.
This comparison allows us to examine how retrieval qual-
ity influences downstream performance across models with
different capacities and training paradigms.

Metrics. We report both Recall@k and Ranked Recall@k
for all vector search experiments. Ranked Recall uses the
rank-weight function defined in Equation 2, parameterized
by τ = 1.8 and β = 0.5, to assign greater importance to
higher-ranked results. We use Exact Match (EM) as the
primary end-to-end RAG accuracy metric for the Natural
Questions task. EM is a robust metric for short-form ques-
tion answering tasks of this type. We also compute the F1
score, but since it exhibits a similar trend to EM, we omit it
for brevity.

Baselines. Starling (Wang et al., 2024) is an optimized
DiskANN baseline. It uses the default termination policy,
which stops once further traversals fail to find better candi-
dates than those currently in the search queue. We imple-
ment Terminus and all other early termination methods in
Starling’s codebase for consistency and a fair comparison.
VBASE (Zhang et al., 2023) is a coarse-grained termination
scheme that halts the search when results discovered within
the most recent time window, X , are worse than the top-E
candidates currently in the search queue, where E ≥ k.
Following the recommendation of the original paper, we set
X = 1 and vary E to control the aggressiveness of early ter-
mination. IO-Budget is an I/O–first rank-agnostic strawman
that terminates once the number of I/Os issued for a query
exceeds a predefined budget, B. We vary B to adjust the
termination threshold. In contrast, Terminus monitors the
rank-level search utility across I/Os and terminates when
the utility of all I/Os within the most recent window of size
X falls below a threshold ε. By default, we set X = 2
and use a rank-weight function parameterized by τ = 1.8
and β = 0.5. We vary ε to tune the sensitivity of early
termination.

6.1 Vector Search Efficiency

We begin by comparing the vector search efficiency of
Terminus against other early termination methods. Fig-
ure 7 presents the average number of I/Os issued per ANN
search query for retrieving the top-k results, with respect
to retrieval quality measured by Recall@k and Ranked
Recall@k. For each system, we perform a parameter sweep
over the search queue size L and its corresponding early-
termination parameters, and report the best-performing data
points on the accuracy–cost curve. VBASE is a conserva-
tive method that terminates when the top-E results in the
search queue stabilize, where E ≥ k. As a result, it typi-
cally achieves very high retrieval quality—often above 0.9
accuracy—but at the cost of increased I/O consumption.
In contrast, Terminus and IO-Budget is more fine-grained,
allowing more flexible termination to better navigate the
cost–accuracy trade-off.

Furthermore, we find that Terminus consistently outper-
forms IO-Budget in Ranked Recall. This is because it effi-
ciently retrieves more higher-ranked results than IO-Budget
under the same I/O cost. Figure 8(a) shows the percentage
of queries that successfully retrieve the ith best result for the
two systems when they issue the same average number of
I/Os per query. Terminus discovers a higher fraction of top-
ranked best results—around 80% for the higher ranks. Com-
pared to the rank-agnostic IO-Budget, it retrieves around 5%
to 10% more results for ranks 0-10. This gain stems from
Terminus’s rank-aware design as its rank-weight utility func-
tion assigns greater importance to higher ranks, enabling the
system to allocate I/O resources more effectively towards
retrieving top-ranked results. Moreover, the performance
gap between Terminus and other baselines becomes more
pronounced as k increases. This occurs because other base-
lines spend more I/Os to identify all high-quality top-k
results, whereas Terminus focuses on retrieving only a few
highest-ranked ones. Figure 8(b) shows that when k = 100,
Terminus issues on average 5 fewer I/Os per query than
IO-Budget to achieve the same Ranked Recall. Overall,
Terminus delivers the highest gains in the medium-high
accuracy range (i.e., 0.6 - 0.9). However, due to the long-
tail I/O behavior in graph-based ANN search, as shown in
Figure 2(c), all systems must spend substantially more I/O
resources to achieve very high accuracy.

Finally, Figures 7(c) and 7(d) show that the Recall–I/O
curves across all systems are nearly identical. This indicates
that Recall fails to capture rank-level differences in the
retrieved results across systems under the same I/O cost, as
also illustrated in Figure 8(a). Therefore, for the remainder
of the evaluation, we use Ranked Recall as a more reliable
metric for retrieval quality in rank-sensitive scenarios such
as RAG workloads.
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Figure 7. Average number of I/Os per ANN search query versus retrieval quality for k = 20. (a–b) Ranked Recall and (c–d) Recall on
Wikipedia-20M and SPACEV-100M, respectively.
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Figure 8. (a) Percentage of each ith best result discovered by Terminus and IO-Budget, respectively, under the same average number of
I/Os per query. (b) Average number of I/Os per ANN search query versus Ranked Recall for k = 100 on Wikipedia-20M. (c) Ranked
Recall versus the termination threshold ε for Terminus under different sliding window sizes X . A larger ε indicates more aggressive early
termination. Search queue size L = 20. (d) Average number of I/Os per ANN search query versus Ranked Recall for Terminus under
different sliding window sizes X and IO-Budget.

6.2 Impacts of Early Termination

Sensitivity of window size X . We first study the sensi-
tivity of Terminus to the sliding window size X . We fix
the search queue size and vary the termination threshold ε
to generate data points for each value of X . A smaller X
makes Terminus more susceptible to noise and may cause
premature termination before discovering enough valuable
results. As shown in Figure 8(c), under the same termina-
tion threshold ε, X = 1 consistently leads to lower retrieval
quality. As ε decreases, all X values require longer searches
and achieve similarly high retrieval accuracy. Figure 8(d)
shows the impact of X on the trade-off between I/O cost
and retrieval quality in Terminus. Surprisingly, very small
values of X do not degrade the performance frontier of Ter-
minus. However, with a larger X , Terminus becomes more
conservative and may converge toward other baselines in
certain accuracy regions. When X = 5, Terminus requires
more I/O utility statistics to stabilize before early termina-
tion, reducing its advantage in the low-accuracy and low-I/O
region. In contrast, in the high-accuracy and high-I/O re-
gions, its rank-awareness remains effective and it continues
to outperform IO-Budget. In practice, we find that X = 2
provides a good balance between search efficiency and re-
trieval quality.

Sensitivity analysis of termination threshold ε. We next
perform a parameter sweep over the early termination thresh-
old ε. To ensure a fair comparison, we fix the search queue

size and evaluate Terminus against the baseline, Starling,
which does not employ early termination. Figure 9(a) shows
the end-to-end RAG accuracy under varying ε values, eval-
uated on the Pythia-1B model. It also reports the relative
vector search throughput improvement of Terminus com-
pared to the baseline, represented by ε = 0. A larger ε
value indicates more aggressive early termination, reduc-
ing the number of I/Os and thereby improving QPS sub-
stantially. However, as retrieval quality declines, accuracy
also decreases. Overall, Terminus delivers substantial QPS
improvements with minimal accuracy degradation. For in-
stance, at ε = 0.09, Terminus achieves nearly 150% higher
QPS relative to the baseline while still maintaining a high
accuracy above 0.16. For context, the accuracy without
RAG is 0.0263.

Interestingly, accuracy does not decrease monotonically
with larger ε values. We attribute this behavior to the im-
perfections of the embedding model itself. For example,
we find cases where the embedding model assigns a higher
similarity score to a text chunk about Pink Floyd’s song
related to the moon than a text chunk describing the Apollo
missions when responding to the query “When was the last
time someone was on the Moon?” This suggests that embed-
ding models can not always capture true semantic relevance.
Moreover, smaller language models are also more easily
misled by superficially similar but irrelevant content and
suffer from the ‘lost-in-the-middle’ effect and similar phe-
nomena (Liu et al., 2023). Accurately encoding semantic
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Figure 9. (a) ANN search throughput improvement and RAG accuracy under varying ε values in Terminus compared to the baseline
without early termination (ε = 0). A larger ε indicates more aggressive early termination. Search queue size L = 40. (b) RAG accuracy
and search throughput improvement of Terminus relative to the baseline under different search queue sizes (L). (c) Per-query latency
breakdown for Terminus and Starling, the baseline without early termination.

information remains an open challenge, and we leave fur-
ther investigation of improved embedding models to future
work.

Effect of search queue size L. We next evaluate the im-
pact of early termination under different search queue sizes.
Each curve in Figure 9(b) shows the throughput improve-
ment relative to Starling under the same search queue size.
The x-axis shows the end-to-end RAG accuracy. We observe
that as L increases, Terminus delivers even greater QPS im-
provements with almost no impact on accuracy. This is
because, with a larger search queue, the baseline must exam-
ine more candidates, consume additional resources, and take
longer for the search to converge, whereas the top-ranked
results are typically discovered within the first few I/Os.
Consequently, Terminus consistently identifies high-quality
results within a nearly constant number of early I/Os and
terminates quickly, regardless of the search queue size. This
leads to minimal accuracy degradation while significantly
improving QPS, especially for larger search queue sizes.

Early termination overheads. Finally, we measure the
additional overhead introduced by early termination. Fig-
ure 9(c) presents the per-query latency breakdown for Ter-
minus and Starling. Compute refers to the time spent on
distance computations and graph navigation. Both systems
employ compute–I/O pipelining and asynchronous I/O, al-
lowing computation and disk access to overlap effectively.
As a result, a large fraction of execution time overlaps be-
tween compute and I/O (i.e., 73% for Starling and 68% for
Terminus, respectively), leaving negligible time (i.e., 2%)
spent waiting on blocked I/O. The overhead introduced by
early termination in Terminus is also minimal, contributing
no more than 2% of total query latency. It arises from track-
ing rank-level changes in the search queue between I/Os
and computing per-I/O utility scores using the rank-weight
function. This additional overhead depends on the sliding
window size X and the search queue size L, both of which
are typically very small, and therefore remains negligible

compared to the overall query time.

Overall, these results demonstrate the robustness of Termi-
nus and the tunability of ε in balancing search efficiency
and end-to-end accuracy.

6.3 The Overall Trade-Off

We now evaluate the end-to-end performance–accuracy
trade-off of early termination on retrieval-augmented gen-
eration (RAG) workloads. For each termination scheme,
we sweep both the search queue size and its tunable pa-
rameters, reporting the best-performing data points. Fig-
ures 10(a) and 10(b) present the results for Pythia-1B and
LLaMA-2-7B, respectively. Since VBASE maintains very
high retrieval quality, it also provides high application accu-
racy but at the cost of substantially lower throughput. Even
under these high-accuracy targets, Terminus can deliver
notable throughput gains. For instance, it achieves 1.6×
higher throughput than VBASE at an accuracy of 0.33 on
LLaMA-2-7B. Furthermore, Terminus consistently outper-
forms IO-Budget due to its rank-aware termination. It stops
earlier on easier queries and allocates more search effort
to harder ones. Consequently, it improves the discovery of
higher-ranked results that contribute more to downstream
task accuracy while consuming the same amount of I/O. For
instance, at a moderate accuracy level of 0.16 on Pythia-
1B, Terminus achieves 1.4× higher QPS than IO-Budget.
Although their performance gap narrows on LLaMA-2-7B,
Terminus still provides measurable gains, such as 1.16x
higher QPS at a high accuracy of 0.31. Overall, Terminus
achieves higher ANN search throughput at the same appli-
cation accuracy, providing a better balance between vector
search efficiency and application utility than existing early
termination methods.

Figure 10(c) shows the correlation between retrieval quality
and model accuracy. The y-axis shows the task accuracy
of using RAG prompts constructed from our ANN search.
The x-axis represents Ranked Recall, which places greater
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Figure 10. Throughput–accuracy trade-off of Terminus versus other early-termination methods under (a) Pythia-1B and (b) LLaMA-2-7B.
(c) The correlation between retrieval quality and application accuracy across different language models.
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Figure 11. Throughput–accuracy trade-off of Terminus versus Star-
ling, the baseline without early termination, under (a) Pythia-1B
and (b) LLaMA-2-7B.

emphasis on top-ranked results. We can see that, despite
differences in model size and training style, both Pythia-1B
and LLaMA-2-7B exhibit a strong, monotonic relationship
between Ranked Recall@20 and end-to-end task accuracy.
As Ranked Recall improves, downstream RAG accuracy in-
creases almost linearly. Furthermore, it shows that achieving
very high task accuracy requires disproportionately better
top-ranked retrieval results, emphasizing the importance of
rank awareness in vector search.

Finally, we compare Terminus with Starling, the baseline
system without early termination, using a default k = 20.
We also evaluate Starling using a smaller retrieval size
k = 10, which retrieves fewer documents and runs faster.
For each system, we sweep the search queue size (L) for
Starling and both L and ε for Terminus, reporting the best-
performing configurations in Figure 11. Under the same
k, Terminus consistently achieves higher throughput than
the baseline at the same accuracy target. For instance, in
Pythia-1B, Terminus attains up to 1.2× higher QPS. More-
over, Terminus also outperforms the baseline that uses a
smaller k = 10. Specifically, Terminus achieves up to 2×
higher QPS in Pythia-1B and 3.2× higher QPS in LLaMA-
2-7B, respectively. We believe there are two key reasons
why Terminus significantly outperforms the baseline with
a smaller k. First, a larger k expands the search space
and increases the likelihood of retrieving the most relevant,
top-ranked results—those that have the greatest impact on

downstream task accuracy, especially for larger models such
as LLaMA-2-7B. Second, although lower-ranked results are
less contextually relevant, they still contain useful infor-
mation that can complement the higher-ranked results and
improve answer completeness. In contrast, the baseline
with a smaller k sacrifices this broader contextual cover-
age, increasing the risk of missing critical or supporting
information. By retaining more relevant results while opti-
mizing I/O efficiency, Terminus achieves both higher search
throughput and better end-to-end application accuracy.

7 DISCUSSION

In this section, we discuss the practical considerations for de-
ploying Terminus in real-world retrieval and RAG pipelines.

Matching rank sensitivity to downstream applications.
The design of Terminus is generic and does not depend
on a specific weighting curve. Its rank-weight function is
fully configurable and can support alternative forms such as
Reciprocal Rank (Voorhees, 1999), DCG-style logarithmic
decay (Järvelin & Kekäläinen, 2002), and piecewise func-
tions. The effectiveness of Terminus depends primarily on
aligning its rank-weight function with the rank-dependent
impact of retrieved results on downstream task accuracy.
This application-specific rank sensitivity can be estimated
empirically by analyzing the relationship between retrieval
rank and downstream task accuracy, as illustrated in Fig-
ure 3, or specified by practitioners based on prior knowledge
of their applications.

Configuring the rank-weight function. We adopt an ex-
ponential decay function because it can be flexibly tuned to
match the rank sensitivity of different downstream models.
The hyperparameters τ and β are chosen empirically. For
instance, we set τ = 1.8 and β = 0.5 to match the emprical
decay of RAG accuracy observed on the Natural Questions
task (Figure 3). We believe it generalizes well to RAG work-
loads, where the contribution of retrieved contexts typically
decreases rapidly with rank.
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Workloads best suited for Terminus. Terminus is most
effective in the medium-to-high accuracy regime, where
modest reductions in retrieval quality can significantly im-
prove vector search throughput without noticeably degrad-
ing application-level accuracy. This makes Terminus par-
ticularly well suited for workloads such as RAG and other
probabilistic generation pipelines, where the downstream
model can tolerate slight imperfections in the retrieved in-
formation. However, due to the long-tail I/O behavior of
graph-based ANN search (Figure 2(c)), achieving extremely
high retrieval quality requires substantially more I/Os to
explore deeper regions of the graph index. As a result, for
applications requiring near-perfect retrieval quality, it is
recommended to disable early termination or adopt more
conservative termination thresholds.

Factors beyond the retrieval system. We note that the
effectiveness of Terminus can also depend on factors outside
the retrieval system. As discussed in Section 6.2, embed-
ding models used to generate vector representations may
not perfectly capture semantic similarity, introducing noise
between similarity scores and true relevance. In addition,
different language models may interpret retrieved contexts,
including potentially misleading ones, differently (Wu et al.,
2024; Cho et al., 2024). Together, these factors can lead to
the behavior that RAG accuracy does not follow a strictly
monotonic relationship with retrieval quality (Figure 9(a)).
While such effects are outside the control of similarity-based
ANN search systems, Terminus helps mitigate them by al-
lowing users to configure the rank-weight function based on
empirical observations, enabling early termination decisions
to better align with downstream application behavior rather
than relying solely on similarity.

8 RELATED WORK

Optimizations in graph-based ANN search systems. A
rich body of work improves the efficiency of graph-based
approximate nearest neighbor (ANN) search through graph-
structure and system-level optimizations. HNSW (Malkov
& Yashunin, 2020) builds a hierarchical small-world graph
that progressively refines search across multiple layers,
achieving sublinear query time, while NSG (Fu et al.,
2019) prunes redundant edges while preserving navigabil-
ity to shorten traversal paths. Recent efforts exploit hard-
ware–software co-design to further accelerate graph search.
CXL-ANNS (Jang et al., 2023) disaggregates DRAM using
CXL, caches hot graph nodes in local memory and par-
allelizes distance computation and traversal through hard-
ware endpoints to FusionANNS (Tian et al., 2025) uses a
CPU/GPU collaborative multi-tier index with re-ranking
and I/O deduplication to reduce query I/O and improve
throughput. In contrast, our work is orthogonal to these
structural and hardware optimizations and focuses on dy-

namic, utility-driven termination during search.

Early termination in vector indices. Prior work has ex-
plored early termination mechanisms to reduce search over-
head in graph-based ANN systems. Li et al. (2020) train
a decision tree model to predict when to stop the search at
runtime while maintaining a target recall. VBASE (Zhang
et al., 2023) introduces a heuristic that monitors the “drift”
in vector similarity during traversal and halts exploration
when new candidates are unlikely to outperform those al-
ready in the search queue. Teofili & Lin (2025) propose a
threshold-based strategy that terminates search once the set
of top candidates no longer improves over several iterations.
These approaches are either coarse-grained or rank-agnostic
and do not consider the impact of early termination on down-
stream application utility.

Rank-sensitive retrieval metrics. The information re-
trieval (IR) literature has long studied rank-sensitive eval-
uation metrics that account for the positional importance
of retrieved results. Mean Average Precision (MAP) (Man-
ning et al., 2008) measures ranking quality by averaging the
precision at the positions where relevant documents appear.
Reciprocal Rank (RR) and its aggregate form Mean Recip-
rocal Rank (MRR) (Voorhees, 1999) focus on how early
the first relevant document appears. Discounted Cumulative
Gain (DCG) and its normalized variant NDCG (Järvelin
& Kekäläinen, 2002) evaluate ranking quality using log-
arithmic rank discounting and rely on graded relevance
signals. In traditional web search scenarios, such signals
(e.g., click-through rates) are readily available. However,
in vector search workloads, relevance labels are typically
obtained through human annotation for benchmarks and
are unavailable for many popular vector datasets, includ-
ing SIFT (Lowe, 2004), GIST (Oliva & Torralba, 2001),
and SPACEV1B (Chen et al., 2021). Moreover, it is un-
clear whether such benchmark relevance labels correlate
well with downstream task accuracy. In contrast, Ranked
Recall does not rely on graded relevance and serves as a
more appropriate proxy metric for assessing retrieval quality
in terms of downstream task utility.

9 SUMMARY

In summary, Terminus is a rank-aware early termination
mechanism for graph-based vector search that intelligently
aligns I/O spending with application utility. It stops early
once the most important (i.e., higher-ranked) results are
found, saving I/O and achieving a better trade-off between
search efficiency and downstream accuracy.
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