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Data discretization, the conversion of numeric attributes into categorical bins, underpins many data-driven

tasks, from visualization and causal analysis to symbolic learning. Interpretable partitions make results easier

to communicate and act upon. Yet, a fundamental tension underlies this discretization process: partitions that

are interpretable to humans often differ from those that maximize utility performance (e.g., causal analysis).

Despite the abundance of discretization techniques, reconciling this utility-semantics trade-off remains an

open challenge.

In this work, we formally define the interpretable attribute discretization problem and introduce a reinforcement-

learning-based framework that jointly optimizes utility and semantic fidelity. Our approach learns a partition
selection policy that can navigate a vast space of candidates and accurately estimate the optimal partitions by

strategically sampling only 200 candidates out of millions.

We measure success by the average Hausdorff distance between the estimated and true Pareto frontier
of the utility–semantics trade-off. On seven datasets across four tasks (visualization, modeling, imputation,

causal analysis) and multiple semantic measures, our method achieves the lowest overall error, typically

2–4× smaller than strong alternatives, yielding a more accurate Pareto frontier that reveals the complete

utility–semantics trade-off.
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1 Introduction

Data discretization maps numeric attributes to categorical bins, turning raw values into intervals.

For example, a continuous Age attribute can be grouped by decades (e.g., “0-10”, “10-20”) or life

stages, such as “Young adult”, “Adult”, or “Middle-aged”. This transformation underpins many

data-driven tasks, such as data visualization, causal inference, and symbolic learning [17], as it

reduces noise and highlights structural patterns in the data.
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(a) Age by equal-frequency. (b) Age by life stages.

Fig. 1. (a) user’s attempt; (b) our output in Ex.3.

Crucially, discretization serves two complementary yet often competing goals. (i) Utility: the dis-

cretized data support strong quality in downstream statistical or learning tasks. (ii) Interpretability:

the resulting bins match human intuition and are semantically meaningful. For example, an au-

tomated splitter (e.g., ChiMerge) picks Age cuts at (20, 24, 30, 33, 42, 43, 47, 48, 54, 61), yielding top
validation accuracy for diabetes risk. Yet these jagged intervals resist interpretable justification,

and small cut shifts change categories—hard to explain or defend to clinicians. Whereas, using

guideline-aligned bins, e.g., [19, 35), [35, 45), [45, 65), slightly trails the best accuracy, but produces

stable, policy-relevant groups [34] that support clear triage rules, reporting, and interventions.

Interpretable discretization thus acts as a bridge between raw numerical values and human-

readable patterns.

Data-sharing efforts in science and governance further underscore the need for meaningful

discretization. In a broad class of application domains, discretization is not merely preferred—

it is required for policy design, communication, and auditing. Regulated settings, operational

decision-making pipelines, and symbolic or explainable ML systems rely on threshold-based or

category-based rules rather than raw numeric inputs. A concrete example is the U.S. National

Cancer Institute’s breast-cancer risk tables, which report risk using decade-based age bins (30, 40,

50, 60, 70), with statements such as “1 in 204 women at age 30-40” or “1 in 28 at age 60-70” [40];

raw numeric age is never presented to clinicians or patients, even though it is more precise. Similar

discretization requirements arise in guidelines and protocols across many fields [9, 14, 33, 34, 53],

all of which mandate interpretable categorical thresholds.

Meanwhile, standard databases often reflect untargeted design choices and must be adapted

to specific analytical goals [17]. Poor discretization can lead to low utility or limited inter-

pretability: bins that miss key patterns degrade utility, while semantically unclear bins hinder

communication of insights. The following examples illustrate these challenges.

Example 1. Alex, an analyst in a research team, examines a diabetes dataset to understand the

percentage of diabetes diagnoses w.r.t age for people between 21 and 60. She hopes to find an inter-

pretable partition that reveals interesting trends in the data. Here, the utility of the visualization task

is measured by the correlation between age and the probability of having diabetes. Alex starts with

a standard equal-frequency method (quartiles) [17] to bin Age as (21, 29], (29, 33], (33, 38], (38, 60]
(Figure 1a). The resulting bar chart exhibits an increase followed by a decrease and then another

increase in diabetes prevalence across adjacent bins. She sees no clearly interpretable trend and

finds it difficult to meaningfully label the bins. Alex knows there are countless ways to bin Age
and wonders if at least one is satisfactory. Verifying her work without extensive trial and error is

impossible. □

Example 2. In a separate task, Alex is now training a tree-based model for diabetes diagnosis,

with the partitioned Age, BMI, and Glucose attributes, in the hope of finding interpretable and

useful patterns in the data to guide diabetes diagnosis, as required by the clinical reporting and
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decision rules used in this setting. She starts with an automated machine learning package and finds

that the partition (20, 24, 30, 33, 42, 43, 47, 48, 54, 61) for Age by ChiMerge [25] achieves the highest

accuracy of 86%. After consulting with a diabetes expert, Alex realizes that this high-accuracy

partition does not make much sense in medical contexts. She wonders if she can quickly find other

partitions that maintain accuracy while improving the interpretability of the model and results. □

Together, these examples highlight a core dilemma: statistical discretization methods often fall

short when both utility and interpretability matter. In Example 1, equal-width binning produces

semantically uninformative bins that obscure trends. In Example 2, a high-accuracy ChiMerge

partition yields clinically meaningless intervals. Despite the abundance of discretization tech-

niques [17], existing methods offer limited help in situations like Alex’s, where both goals are

critical for downstream analysis and decision-making.

Broadly, existing approaches fall into two categories. (i) Statistical methods, such as equal-width

or ChiMerge, optimize task metrics but often ignore domain knowledge, leading to bins that may

be high-utility but uninterpretable. (ii) Domain-specific methods rely on handcrafted cutoffs, such as

life-stage for age, which match human intuition but can degrade downstream utility. Reconciling

this utility–semantics trade-off remains open.

Our Approach.We present an interpretable attribute discretization approach that bridges the gap

by offering an automatic framework to discover useful and interpretable discretization strategies

(referred to as partitions). In our framework, the user inputs: (1) a dataset with the numerical

attributes to be discretized, (2) a downstream task with a corresponding utility measure (e.g., model

accuracy for tree-based modeling, or interestingness measure for visualization). Our framework

outputs a set of attribute-partition pairs (defining how to bin each attribute) that jointly optimize

utility and interpretability. We revisit Example 1 and 2 to illustrate. Consider what happens when

Alex uses our interpretable-discretization system:

Example 3. Alex configures the system to measure utility using the Spearman correlation [20] be-

tween the percentage of diabetes diagnoses and Age. By default, the interpretable-discretization sys-

tem constructs a candidate space using a mix of statistical discretizers (e.g., equal-width, ChiMerge)

and domain-informed proposals (e.g., life-stage bins surfaced via curated heuristics/LLM). From

this pool, the system selects a life-stage partition (19, 35, 45, 65) with labels (“Young adult,” “Adult,”

“Middle-aged”) (Figure 1b), commonly used in medical literature [34]. Alex quickly notices a sharp

jump from young adult to adult, with a milder increase to middle-aged, yielding a visualization

that is both interesting and interpretable. □

Example 4. Alex again trains a tree-based model with partitioned Age, BMI, Glucose. She
configures the system to measure utility using model accuracy. The system then returns a set

of attribute-partition pairs that balances both goals: Age (19, 35, 45, 65) ("Young adult," "Adult,"

"Middle-aged"); BMI (18.5, 25, 30, 68) ("Healthy," "Overweight," "Obese"); and Glucose (0, 140, 200)
("Normal," "Impaired"). The resulting model attains 70% accuracy, which meets Alex’s accuracy

tolerance while substantially improving interpretability. Here, BMI has only one medical-aware

partition, and the system finds it even though Alex is unaware of this domain-specific. Figure 2

illustrates the accuracy-semantics trade-offs for this scenario. □

The scenarios above suggest a naïve solution: exhaustively enumerate partitions per attribute and

score every candidate by utility and interpretability. This brute-force approach is computationally

infeasible even at moderate scales, as the number of candidates grows exponentially with the

attribute domains and with the number of attributes. Moreover, jointly maximizing utility and
interpretability is often ill-posed—improving one can degrade the other—so a single optimum

may not exist (as illustrated in Figure 2). Instead, our goal is to efficiently approximate the Pareto
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Fig. 2. Utility–semantics trade-off for Example 4. Each marker represents an optimal partition set from a brute-

force search over 313,820 candidates for Age, BMI, and Glucose. Trade-offs vary slightly across interpretability
measures (left: LLM-based; right: distance-based), highlighting the need for a framework robust to different

semantic metrics.

frontier [36] of partition sets that best trade off utility and interpretability. To obtain such a system,

we identify several challenges: (C1) being task-agnostic via a general, modular framework (applicable

across data-driven tasks includingmodeling, causal inference, etc.); (C2) defining a robust, pluggable

semantic interpretability measure for partitions; and (C3) navigating the exponentially large search

space to discover partitions that balance both objectives.

To address (C1), we provide a modular framework that treats utility as a pluggable component.

Users instantiate it per task (e.g., accuracy or AUC for predictive modeling, correlation strength for

exploration, or variance reduction for causal inference), without changing the overall architecture.

To address (C2), we design a configurable semantic module that can use any semantic similarity

function; in this paper, we demonstrate two instantiations: (i) distance-based metrics (e.g., KL

divergence) and (ii) LLM-based judgments that capture domain knowledge (e.g., common age

brackets in healthcare).While our implementation focuses on these two, our framework is extensible

to other choices (e.g., ontology- or feedback-driven scores).

To address (C3), we propose a reinforcement-learning-based (RL-based) search algorithm for

navigating the vast search space. Evaluating the utility of a partition w.r.t a downstream task can

be expensive. For example, predictive modeling requires training a model. Therefore, our goal is to

assess the utility of as few partitions as possible. To this end, our framework first curates a diverse

candidate pool by combining statistical discretization techniques [17] with semantically grounded

suggestions from LLMs [41]. These candidates are then represented as distributions and grouped

using density-based clustering with Earth Mover’s Distance, to reduce the search space. Finally,

we cast partition search as a Markov Decision Process (MDP) over clusters. The key observation

is that evaluating a partition from one cluster provides evidence about others in that cluster. We

adopt the Monte Carlo Control (MCC) algorithm and provide conditions under which the approach

exhibits a provable quality guarantee. Our framework balances exploration of new clusters with

exploitation of promising ones, allowing us to efficiently discover Pareto-optimal partition sets.

A demonstration of our system usability and its suitability for end-to-end employment was

recently published, which provides only a high-level description of the system, whereas the present

paper provides the theoretical foundations and algorithms underlying the demonstrated system, as

well as the experimental study.

Contributions. Our main contributions are as follows:

• We formalize the interpretable attribute discretization task as a multi-objective optimization over

utility and semantic fidelity, and evaluate success by the average Hausdorff distance [49] between

the estimated and ground-truth Pareto frontiers.

• We present an RL-based framework that learns a selection policy over clustered candidate parti-

tions. By clustering partitions and sharing evidence within clusters, Quill explores the space

efficiently while preserving interpretability. We provide conditions under which the approach

exhibits a provable quality guarantee.
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• We instantiate scalable components, including distribution- and value-based clustering with

auto-tuned hyperparameters, and budgeted exploration to control evaluation cost.

• On 7 real-world datasets across 4 tasks and multiple semantic measures, our system achieves

the lowest overall error, typically 2–4× smaller than strong baselines [41, 60], by strategically

sampling only 200 candidates out of millions. The resulting Pareto frontiers expose the full

utility–semantics trade-off, enabling users to select partitions that match task-specific preferences.

2 Related Work

Data discretization. There are numerous statistical data discretization methods. [17] evaluates

the effect of 30 discretizers across 40 datasets on the accuracy of machine learning models. These

methods range from the widely used (e.g., equal-width, ChiMerge [25]) to more sophisticated

ones (e.g., distance-based discretizers [11], dependency-preserving approaches [37], correlation-

preserving discretizers [35]). In this work, we consider existing discretization methods as a search
space, from which we identify partitions that are interpretable and useful for downstream tasks.

We experiment with the commonly used 11 discretizers [17] along with partitions suggested by

LLMs (Section 6.1).

Interpretable AI. A large body of work studies interpretable models and when interpretability

matters. Survey [13] articulates formal definitions of interpretability, evaluation taxonomies, and

when interpretability matters in practice. Approaches such as TreeFARMS [60], which explores sets

of sparse decision trees within the “Rashomon set” of near-optimal models, provide transparency

by enumerating multiple high-performing models rather than relying on a single opaque one.

Other works like [61] and Bayesian Rule Lists [29] offer sparse, human-readable logic; post hoc

explanation methods like LIME [43] and SHAP [31] provide human-understandable rationales.

However, evenwhen themodel class is interpretable, the input features (e.g., discretized attributes)

can lack semantic meaning. Many existing methods (including TreeFARMS [60]) require post-
processing of continuous features or handcrafted discretization to improve interpretability. Our

framework differs by producing semantically meaningful partitions before modeling, enabling

end-to-end interpretability of both features and models (Section 6).

Automated data visualization (AutoViz) and automated machine learning (AutoML).

AutoViz systems assist users in generating effective visualizationswithminimalmanual intervention.

Systems like SeeDB [56] automatically recommend visualizations that maximize deviation between

subsets, while others like Voyager [59] andDraco [38] guide chart generation using formal grammars

and perceptual principles. A persistent challenge in AutoViz is the transformation of numerical

attributes into human-understandable categories. Oscar [52] addresses this by learning semantic

binning strategies from past visualizations, but its reliance on historical patterns limits applicability

to unseen attributes.

AutoML frameworks automate the design of machine learning pipelines, including feature pre-

processing and model selection [16]. While many pipelines include discretization as a preprocessing

step, these methods—such as ChiMerge [25] or MDLP-based binning [15]—optimize purely for

predictive accuracy. Recent systems like DeepLine [21] and GAMA [18] offer end-to-end automa-

tion but treat discretization as a low-level operation with limited interpretability. Some efforts in

interpretable ML attempt to recover meaningful bins post hoc [27].

In this work, we demonstrate that our generic framework can efficiently identify interpretable and

utility-preserving partitions for various downstream tasks, while letting users adjust the trade-off

between utility and interpretability.

Discretization for causal inference. In causal inference, discretization plays a crucial role

in defining treatment groups, confounder strata, or covariate balance [22, 24]. Many causal esti-

mators—such as matching or stratification—rely on grouped versions of continuous covariates to
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approximate conditional independence or reduce variance. However, inappropriate binning can

introduce residual confounding, increase bias, or distort identification assumptions [23, 44]. Our

framework identifies partitions that are both useful for causality tasks (e.g., estimating treatment

effects) and meaningful to domain experts, enabling transparent analysis and communication.

3 Problem Formulation

The goal of the Interpretable Attribute Discretization Optimal Partition Sets problem is to identify

meaningful discretizations of numerical attributes that balance two objectives: maximizing the

utility of a given downstream task and ensuring semantic interpretability of the resulting partitions.

We begin by introducing the notations and formal problem definition.

3.1 Partitions

LetA denote the schema of a dataset (i.e., table)𝐷 , where each attribute𝐴 ∈ A has an active domain

adom(𝐴, 𝐷). A dataset instance 𝐷 consists of a set of tuples of the form 𝑡 = (𝑎1, . . . , 𝑎𝑛) where
𝑎𝑖 ∈ adom(𝐴𝑖 , 𝐷). Let Anum ⊆ A denote the set of numerical attributes to be discretized. Namely,

each attribute 𝐴 ∈ Anum must be transformed into a categorical attribute via a valid partition.
The system allows flexibility in that a user may choose to exclude certain numerical attributes

from partitioning if discretization is deemed unnecessary or undesirable for their analysis. However,

for simplicity of presentation, we assume that all numerical attributes Anum are to be partitioned.

In practice, the search space may include a “no-op” (non-discretized) discretizer, producing a

single candidate partition for that attribute. Such a candidate naturally attains minimal semantic

interpretability but may still achieve high task utility, and therefore can appear as an extreme point

on the utility–semantics Pareto frontier.

We define a partition 𝐵 for a numerical attribute 𝐴 as an ordered list of cut points 𝐵 =

(𝑏1, . . . , 𝑏𝑚−1), where each 𝑏𝑖 ∈ adom(𝐴, 𝐷) and 𝑏1 < · · · < 𝑏𝑚−1. These cut points induce 𝑚

contiguous bins
1
:

(−∞, 𝑏1), [𝑏1, 𝑏2), . . . , [𝑏𝑚−2, 𝑏𝑚−1), [𝑏𝑚−1,∞).

Applying a partition 𝐵 to the attribute 𝐴 yields the discretized version 𝐵(𝐴). We denote by

B = {𝐵𝑖 | 𝐴𝑖 ∈ Anum} a set of partitions applied across numerical attributes Anum.

Example 5. Consider the Age attribute from Example 3, where

adom(𝐴Age, 𝐷) = [59, 59, 27, 27, 33, 50, . . . , 35, 21, 46, 46] .

Let us examine three candidate partitions:

𝐵1 = (20, 40, 60) defines 4 bins (−∞, 20), [20, 40), [40, 60), [60,∞);
𝐵2 = (19, 35, 45, 60) defines 5 bins (−∞, 19), [19, 35), [35, 45), [45, 60), [60,∞);
𝐵3 = (15, 30, 45, 60) defines 5 bins (−∞, 15), [15, 30), [30, 45), [45, 60), [60,∞). □

In this work, we adopt the commonly used 11 discretizers [17], ranging from the widely used

(e.g., equal-width, ChiMerge [25]) to more sophisticated (e.g., distance-based [11]). We demonstrate

that our framework is agnostic to discretization methods, allowing any (subsets) of them to be

considered. The choice of discretization methods therefore defines only the candidate pool and

does not restrict the applicability or correctness of the subsequent optimization procedure (details

of candidates in Section 4.1).

1
For simplicity, we adopt left-closed, right-open bins [𝑏𝑖 , 𝑏𝑖+1 ) . An equivalent right-closed convention (𝑏𝑖 , 𝑏𝑖+1 ] could be

used without affecting our algorithms or metrics.
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3.2 Problem Statement

We formalize the Interpretable Attribute Discretization (IAD) problem with two quality measures:

a task-specific utility over discretized data (e.g., accuracy for modeling, correlation for data vi-

sualization) and a semantic score that captures interpretability. The goal is to balance these two

objectives by finding a set of partitions that maximizes a weighted combination of both. We treat

both functions abstractly here and instantiate them per task in Section 5.

The user provides (1) a dataset 𝐷 with input attributes Anum and (2) a downstream task together

with a utility function𝑀util (B, 𝐷) that evaluates performance on a discretized view of 𝐷 . When an

outcome or label attribute is present (e.g., for prediction),𝑀util incorporates it internally; in settings

without an outcome,𝑀util is defined without the outcome attribute. We now state the problem.

Definition 1. [Interpretable Attribute Discretization] Given a dataset 𝐷 over schema A, a set
of numerical attributes Anum ⊆ A, and a downstream task𝑀util, find valid partitions B = {𝐵𝐴 | 𝐴 ∈
Anum} that maximize:

B∗ = argmax

B
J (B, 𝐷) (1)

with trade-off parameter 𝛼 ∈ [0, 1] and objective

J (B, 𝐷) = 𝛼 ·𝑀sem (B) + (1−𝛼) ·𝑀util

(
B, 𝐷

)
, (2)

where𝑀util evaluates the utility of B after discretizing the input dataset 𝐷 using partition set B.
Note that the semantic score 𝑀sem (B) is a pluggable component that can be defined by the

user, to quantify the interpretability of a candidate partition set B. Higher values indicate more

human-meaningful bins (e.g., alignment with domain conventions), independent of task utility. In

our implementation (Section 4), we assume an LLM-based semantic measure (Section 5) and do not

require the user to specify a semantic measure. □

The utility function𝑀util is treated as a black-box objective that maps a candidate discretization

to a scalar score. Our framework imposes no assumptions on the functional form of𝑀util. As long

as a utility score can be evaluated for a given discretized dataset, a user-defined𝑀util can be directly

plugged into the framework. This abstraction is intentional and reflects practical settings, where

utility is often defined by downstream pipelines (e.g., visualization interestingness or causal analysis)

that are task-specific, expensive, but can be evaluated. While our method makes no assumptions

about the form of the utility or semantic functions themselves, its empirical effectiveness relies on

a smoothness assumption: partitions with similar empirical representations tend to yield similar

objective values (details in Section 4.2).

The scalar 𝛼 determines the relative importance of semantic interpretability and downstream

task utility in the objective. Rather than fix a single 𝛼 , we seek to estimate the entire frontier [36]
of non-dominated solutions—partition sets where no other configuration achieves both a higher

semantic score and a higher task utility (illustrated Figure 2). This provides a faithful picture of the

utility–semantics trade-off.

Definition 2. [Interpretable Attribute Discretization Optimal Partition Sets (OPS)] Let B denote

the set of all partition sets (one partition per numerical attribute). Each B ∈ B induces a point

𝑝 (B) =
(
𝑀sem (B), 𝑀util (B, 𝐷)

)
∈ [0, 1]2, (3)

where the first coordinate is the semantic interpretability score and the second is the task utility. For

points 𝑝, 𝑞 ∈ [0, 1]2, we say 𝑝 dominates 𝑞 (write 𝑝 ≻ 𝑞) if 𝑝 is at least as large in both coordinates

and strictly larger in one.

The Pareto frontier [36] is the set of non-dominated points:

P =
{
𝑝 (B)

�� B ∈ B, � B′ ∈ B s.t. 𝑝 (B′) ≻ 𝑝 (B)
}
. (4)
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Fig. 3. Quill overview.

Optimal partition sets. We call B ∈ B optimal for IAD iff its image lies on the frontier, i.e.,

𝑝 (B) ∈ P. Equivalently, the set of optimal partition sets is

B∗ =
{
B ∈ B

�� � B′ ∈ B s.t. 𝑝 (B′) ≻ 𝑝 (B)
}
.

Moreover, for any scalarized objective J (B, 𝐷) with 𝛼 ∈ [0, 1], every maximizer B∗ lies in B∗. □

Selecting a single partition set from the Pareto frontier is inherently application-dependent: in

general, no single solution simultaneously maximizes both semantic interpretability and task utility.

Accordingly, our framework does not prescribe a unique optimum, but instead exposes the full set

of Pareto-optimal candidates. End users may resolve this trade-off in two complementary ways: (1)

Trade-off parameter 𝛼 . Users may specify a trade-off parameter 𝛼 ∈ [0, 1], which induces a scalarized
objective (Equation 2) and allows the system to automatically select the corresponding solution

from the estimated Pareto frontier. (2) Interactive exploration. We have developed an interactive UI

(described in a separate Demo paper; details omitted for anonymity) that allows users to explore

each point on the Pareto frontier by visualizing each discretized attribute. This helps practitioners

understand the semantic implications of each candidate and then choose a suitable 𝛼 if desired.

Example 6. We revisit Example 5. Assume Anum = {Age} so we have B1 = {(20, 40, 60)},
B2 = {(19, 35, 45, 60)}, B3 = {(15, 30, 45, 60)}. Suppose the downstream task 𝑀util is to train

an interpretable model, say a decision tree classifier, predicting diabetes outcome. Let the mea-

sured utility scores (model accuracy) for these partitions be:𝑀util (𝐷B1 ) = 0.72,𝑀util (𝐷B2 ) = 0.70,

𝑀util (𝐷B3 ) = 0.74. Meanwhile, let the semantic interpretability scores be: 𝑀sem (B1) = 0.75,

𝑀sem (B2) = 1.0,𝑀sem (B3) = 0.75.

The resulting Pareto frontier consists of B2 and B3. Partition B1 is Pareto-dominated by B3, which

achieves both higher utility (0.74 > 0.72) and equal semantic score (0.75). In contrast, B2 and B3 are

non-dominated: B2 offers higher semantic interpretability, while B3 achieves higher task utility.

Given a trade-off parameter 𝛼 = 0.5, scalarization selects a single solution from the Pareto

frontier. The combined objective scores are J (B2, 𝐷) = 0.5 · 1.0 + 0.5 · 0.70 = 0.85 and J (B3, 𝐷) =
0.5 · 0.75 + 0.5 · 0.74 = 0.745. Although B3 yields higher predictive performance, B2 attains a higher

overall objective due to its stronger semantic score, and is therefore selected for this value of 𝛼 . □

The main challenge in solving the optimal partition sets for IAD problem lies in navigating the

vast combinatorial search space of partition sets. If each 𝐴 ∈ Anum admits up to 𝑘 cuts from 𝑣

candidates, the per-attribute count is

∑𝑘
𝑖=1

(
𝑣
𝑖

)
and the joint space over 𝑑 attributes is

(∑𝑘
𝑖=1

(
𝑣
𝑖

) )𝑑
,

exponential in 𝑑 . We address this by combining structure-aware clustering of partitions with

MDP-based search (Section 4).
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4 Quill

4.1 Overview

Our framework architecture is illustrated in Figure 3, which consists of three main components:

(1) a candidate generation step, (2) a partition clustering step to group similar partitions, and (3) a

search step to estimate optimal partition sets.

Candidate generation. We curate a diverse pool of candidate discretization strategies for each

numerical attribute, combining 11 widely used statistical methods (e.g., equal-width, ChiMerge [25])

with interpretable partitions generated by GPT-4o [41] that reflect domain practices (e.g., age brack-

ets in healthcare). This hybrid design ensures coverage of both utility-optimized and semantically

meaningful partitions (details in [19].). Importantly, candidate generation is independent of the

rest of the framework: additional discretization methods can be incorporated by adding new parti-

tion generators without modifying the clustering or search components. We include widely used

methods with publicly available implementations [17] for comparability, but the framework readily

supports larger or domain-specific partitions. In this work, we instantiate each statistical discretizer

with varying bin counts ranging from 2 to 10, yielding a typically dense set of ∼70 unique candidate
partitions per attribute (details in Table 3).

Partition clustering. For each attribute we enumerate candidate partitions, yielding a combi-

natorially large space of partition sets. To shrink this space, we (i) represent each partition as

a distribution vector over the attribute’s domain, and (ii) cluster partitions by similarity in that

representation. This groups near-equivalent candidates and lets the search operate over clusters

rather than raw partitions. The intuition and details explained in Section 4.2.

Optimal partition estimation. We holistically consider partition candidates across all attributes,

defined in the Optimal Partition Sets (OPS) problem (Definition 2). Specifically, after clustering

similar partitions for each attribute, we cast our OPS problem as a Markov Decision Process over

clusters. The high-level intuition is that evaluating a partition from one cluster provides information

about the others in the same cluster (details in Section 4.3). We adopt theMonte Carlo Control (MCC)

algorithm to balance exploration across clusters and exploitation of promising ones (Section 4.4).

Our framework is general and modular. Candidate generation, partition clustering, semantic

scoring, and utility evaluation are independent components that can be swapped or extended,

while still utilizing the same clustering-and-search backbone, which is a salient feature of Quill.

Specifically for utility evaluation, because the search procedure interacts with 𝑀util only through

observed scalar rewards, it remains agnostic to, allowing utility definitions to be swapped without

affecting the algorithmic structure. We note that these components introduce hyperparameters; to

improve robustness,Quill includes an automatic hyperparameter tuner (Section 4.6). The resulting

Pareto frontier can be consumed either programmatically via a user-specified 𝛼 or interactively by

inspecting candidate discretizations.

4.2 Partition Representations

In this section, we will introduce how we represent the entire search space, including candidate

partition sets across all attributes.

Partition distribution vectors.We will start by each candidate partition 𝐵 as a distribution

vector that encodes the distribution of data values of an attribute 𝐴 across its bins, denoted by v(𝐵).

Definition 3. [Partition distribution vector] Let 𝐴 be a numerical attribute with observed

values adom(𝐴, 𝐷) = {𝑥1, . . . , 𝑥𝑁 }, and let 𝐵 = {𝑏1, . . . , 𝑏𝑚−1} be a partition of 𝐴 that induces𝑚

contiguous bins: (−∞, 𝑏1), [𝑏1, 𝑏2), . . . , [𝑏𝑚−1,∞). We define 𝑛 𝑗 (𝐵) as the number of values in
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adom(𝐴, 𝐷) that fall into the 𝑗th bin:

𝑛 𝑗 (𝐵) = |{𝑥 ∈ adom(𝐴, 𝐷) | 𝑥 ∈ bin 𝑗}| , 𝑗 = 1, . . . ,𝑚.

The distribution vector of 𝐵 is then:

v(𝐵) =
(
𝑛1 (𝐵)
𝑁

, . . . ,
𝑛𝑚 (𝐵)
𝑁

)
, where 𝑁 = |adom(𝐴, 𝐷) |.

This vector v(𝐵) represents the empirical distribution of values across bins, enabling comparisons

between partitions 𝐵 using distance metrics over vectors. □

Example 7. Let𝐴 = Age with |adom(𝐴, 𝐷) | = 114 in this example for illustration. Consider three

candidate partitions:

𝐵1 : {[19, 35), [35, 45), [45, 60]}, (𝑛1, 𝑛2, 𝑛3) = (33, 57, 24),
𝐵2 : {[19, 30), [30, 45), [45, 60]}, (𝑛1, 𝑛2, 𝑛3) = (25, 65, 24),
𝐵3 : {[19, 60]}, (𝑛1) = (114).

By Definition 3, the distribution vectors v(𝐵1), v(𝐵2), v(𝐵3) are
v(𝐵1) =

(
33

114
, 57

114
, 24

114

)
≈ (0.289, 0.500, 0.211),

v(𝐵2) =
(
25

114
, 65

114
, 24

114

)
≈ (0.219, 0.570, 0.211), v(𝐵3) =

(
1.0

)
.

□

Partition clusters. We group partitions with similar distribution vectors, using DBSCAN [48]

with Earth Mover’s Distance (EMD) [46], to reduce the search space.

Definition 4. [Partition clusters] For attribute 𝐴𝑖 , let B𝑖 be its candidate partitions, and V𝑖 =
{v(𝐵) | 𝐵 ∈ B𝑖 } the corresponding distribution vectors of the partitions B𝑖 . Let EMD(v, v′) denote
the EarthMover’s Distance [46] between two vectors. We cluster V𝑖 using DBSCANwith parameters

(𝑟𝑎𝑑𝑖𝑢𝑠,minPts), where: (i) a vector v(B) is a core point if it has at least minPts neighbors within

𝑟𝑎𝑑𝑖𝑢𝑠 ; (ii) a cluster 𝐶 is any maximal group of core points and their density-connected neighbors;

(iii) vectors not assigned to any cluster are treated as singleton clusters. We denote the resulting

clusters by C𝑖 = {𝐶1, . . . ,𝐶𝐾𝑖
} ⊆ 2

V𝑖
. □

The clustering is task-agnostic: it depends only on v(𝐵) and the distance measure, not on

downstream utility. We use DBSCAN [48] with EMD [46] because it: (i) makes no parametric

assumptions on cluster shape, (ii) works directly with a precomputed, non-Euclidean distance

(EMD), (iii) automatically detects outliers as noise so they can be identified as their individual

clusters (singletons), instead of forcing them into a cluster with other partitions, (iv) does not

require the number of clusters 𝐾 to be specified, and (v) has a small, interpretable parameter set

(𝑟𝑎𝑑𝑖𝑢𝑠,minPts) that we auto-tune (Section 4.6). Ablations in Section 6 validate this choice of

clustering method and distance metric.

Example 8. We continue with Example 7. Using EMD on the distribution vectors v(𝐵), we
obtain:

EMD(v(𝐵1), v(𝐵2)) ≈ 0.026 and EMD(v(𝐵1), v(𝐵3)) ≈ 0.121,

with the pairs involving 𝐵3 substantially larger than (𝐵1, 𝐵2). With DBSCAN (radius between 0.03

and 0.10, minPts = 2), 𝐵1 and 𝐵2 form a cluster, while 𝐵3 is identified as noise (or a singleton),

illustrating how clustering groups semantically/statistically similar partitions and isolates outliers.

□
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We posit that if two partitions 𝐵, 𝐵′ of an attribute 𝐴 have similar empirical distributions,

formalized as a small EMD between their distribution vectors v(𝐵) and v(𝐵′), then their objective

values are close, i.e., |J (𝐵, 𝐷) − J (𝐵′, 𝐷) | is small. This is well motivated for the utility term:

many task scores (e.g., impurity- or likelihood-based criteria, correlations, simple-model accuracies

on discretized inputs) depend smoothly on bin frequencies, so a small distance induces small

utility changes. For the semantic term, the relationship can be less smooth (e.g., domains with

conventionally “hard” boundaries like BMI), and small boundary shifts may cause larger semantic

deltas; we acknowledge this limitation.

In practice, we adopt this assumption to make search tractable and interactive, and we find it

holds well enough to guide exploration: clustering by EMD lets us evaluate a few representatives and

generalize to nearby partitions, dramatically reducing evaluations while still locating high-utility,

high-semantic solutions. Empirically (Section 6), this design yields strong quality and consistent

gains across datasets and metrics.

4.3 OPS as a Markov Decision Process Problem

Using the partition vectors and partition clusters, we now describe how the OPS problem in

Definition 2 can be solved using a reinforcement learning algorithm we design in this work.

To solve OPS, we must select one partition per input attribute from a combinatorially large space

to maximize the overall objective J (B, 𝐷). This is inherently a multi-step process: the objective

can only be evaluated once all attribute–partition choices are made, and the goal is not a single

optimum but the entire Pareto frontier capturing the utility–semantics trade-off.

To make this search tractable, we first cluster partitions using their distribution vectors (Sec-

tion 4.2), allowing decisions to operate at the cluster level rather than over individual partitions.

Evaluating one representative within a cluster provides informative feedback about others, en-

abling efficient generalization and exploration. These properties make OPS naturally suited to a

reinforcement learning (RL) formulation, where a policy iteratively selects one cluster per attribute

and is rewarded based on the joint quality of the resulting partition set.

We are now ready to cast OPS as a finite-horizon Markov Decision Process (MDP), which cleanly

exposes the choices, constraints, and objectives of our search.

Definition 5. [Optimal Partition Sets as a Markov Decision Process (OPS-MDP)] Let the numer-

ical attributes be Anum = {𝐴1, . . . , 𝐴𝑑 }, and let each attribute 𝐴𝑖 have a set of candidate partitions

B𝑖 = {𝐵1, . . . , 𝐵 𝑗𝑖 , . . . , 𝐵𝑀𝑖
}, where 𝐵 𝑗𝑖 is a candidate partition for 𝐴𝑖 . From these candidates, we

form clusters of similar partitions C𝑖 = {𝐶1, . . . ,𝐶𝑘𝑖 , . . .𝐶𝐾𝑖
}, where each cluster 𝐶𝑘𝑖 ⊆ B𝑖 groups

partitions of 𝐴𝑖 that are semantically and statistically similar (as defined in Section 4.2). The union

of all such clusters across attributes Anum constitutes the reduced search space for OPS.

OPS-MDP is defined as follows:

• States: A state 𝑠𝑡 represents a partial assignment of partitions to attributes, i.e., a set B𝑡 = {𝐵 𝑗𝑖 |
𝑖 ∈ {1, . . . , 𝑑}} where 𝑑 = |Anum |.
• Actions: An action 𝑎 = (𝐴𝑖 ,𝐶𝑘𝑖 ) selects one of the clusters𝐶𝑘𝑖 ∈ C𝑖 for an undiscretized attribute

𝐴𝑖 . A concrete partition (representative) 𝐵 𝑗𝑖 ∼ 𝐶𝑘𝑖 is then sampled from this cluster and applied

to discretize 𝐴𝑖 .

• Transitions: Deterministic, updating the state by adding 𝐴𝑖 and its chosen partition 𝐵 𝑗𝑖 to the

current partial assignment.

• Episodes: Run for 𝑑 = |Anum | steps, terminating when all 𝑑 attributes have been assigned

partitions, resulting in a complete partition set B𝑑 = {(𝐴1, 𝐵 𝑗1 ), . . . , (𝐴𝑑 , 𝐵 𝑗𝑑 )}, where each

𝐵 𝑗𝑖 ∈ B𝑖 is the chosen partition for attribute 𝐴𝑖 .
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• Reward: The agent receives reward 𝑟 = 0 for 𝑡 < 𝑑 , and 𝑟 = J (B𝑑 , 𝐷) once all attributes have
been discretized.

• Policy: A mapping 𝜋 (𝑎 | 𝑠) from partial states 𝑠 to distributions over feasible actions 𝑎, where

each action 𝑎 = (𝐴𝑖 ,𝐶𝑘𝑖 ) selects a cluster 𝐶𝑘𝑖 for an undiscretized attribute 𝐴𝑖 .

This formulation allows us to learn a policy that constructs a high-quality partition set by leveraging

generalization within clusters and delayed reward feedback from the final objective. □

Valid solutions to OPS-MDP.We first show how a valid solution to OPS would look like in

the Markov Decision Process setup, before describing our RL solution.

We discretize a set of input attributes Anum. Since we are applying exactly one partition to each

attribute 𝐴𝑖 , then out of all clusters C𝑖 for 𝐴𝑖 , only exactly one partition should be chosen (as the

representative) 𝐵 𝑗𝑖 ∼ 𝐶𝑘𝑖 from exactly one cluster 𝐶𝑘𝑖 ∈ C𝑖 . The union of such partitions across all

attributes 𝐴𝑖 ∈ Anum is then the overall selected partition set B𝑑 = {(𝐴1, 𝐵 𝑗1 ), . . . , (𝐴𝑑 , 𝐵 𝑗𝑑 )}.

Definition 6. [Valid solutions to OPS-MDP] Given the set of attributes Anum = {𝐴1, . . . , 𝐴𝑑 },
each attribute 𝐴𝑖 has an associated set of partition clusters C𝑖 = {𝐶1, . . . ,𝐶𝐾𝑖

}, where each cluster

𝐶𝑘𝑖 contains candidate partitions 𝐵 𝑗𝑖 ∈ B𝑖 . A valid OPS solution must select exactly one partition

for each attribute. Each valid B𝑑 thus represents a complete discretization—one partition per

attribute—corresponding to an episode in OPS-MDP. □

Given that there exist many valid solutions (exponential in the number of attributes), we resort

to the objective function of OPS to evaluate the relative merits of these solutions as J (Bd, 𝐷).

4.4 Solving OPS-MDP via Monte Carlo Control

We now describe our RL algorithm for OPS-MDP, that can solve OPS-MDP efficiently, with condi-

tional provable quality guarantees.

Monte Carlo Control (MCC) is a classic reinforcement learning algorithm for learning optimal

policies in episodic, model-free settings [55]. It is particularly well-suited to our OPS-MDP for

three reasons: (i) OPS-MDP requires a delayed reward available only after all attribute–partition

selections are complete, which matches MCC’s episodic, return-based updates. (ii) The problem

has a finite horizon and discrete action space—one decision per attribute—making sample-based

value estimation both stable and efficient. (iii) OPS-MDP has deterministic transitions and requires

no transition model, aligning naturally with MCC’s model-free formulation. These properties

make MCC an ideal and principled choice for optimizing policies in OPS-MDP while maintaining

computational tractability.

Q-table setup for OPS-MDP. We model the OPS environment as a finite-horizon Markov

Decision Process (MDP) in which each state represents a partially filled partition set B𝑡 , and each

action corresponds to selecting a partition cluster 𝐶𝑘𝑖 for attribute 𝐴𝑖 .
Let 𝐾𝑖 denote the number of clusters available for attribute 𝐴𝑖 , and define the total number of

clusters across all attributes as

∑𝑑
𝑖=1 𝐾𝑖 . We construct a Q-table with 𝑛 =

∑𝑑
𝑖=1 𝐾𝑖 + 2 total states and

actions, where: one dummy start state 𝑠0 marks the beginning of each episode;

∑𝑑
𝑖=1 𝐾𝑖 intermediate

states correspond to selecting each of the

∑𝑑
𝑖=1 𝐾𝑖 attribute–cluster pairs; one terminal state 𝑠𝑛

signifies completion of the partitioning process. For example, with 3 attributes—Age, BMI, and

Glucose—each having 3 clusters, we have

∑𝑑
𝑖=1 𝐾𝑖 = 3 + 3 + 3 = 9 and 𝑛 = 11, yielding an 11 × 11

Q-table.

Thus, the Q-table is an 𝑛 × 𝑛 matrix, where each entry 𝑄 (𝑠, 𝑎) estimates the expected return

of taking action 𝑎 in state 𝑠 . In OPS-MDP, where the reward is only observed at the end of each

episode, these values are updated retrospectively using the final reward, which is shared by all

state–action pairs visited within that trajectory.
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Algorithm 1: Solve OPS-MDP via Monte Carlo Control

Input: Attributes {𝐴1, . . . , 𝐴𝑑 }, clusters {C1, . . . , C𝑑 }, number of episodes 𝑇

Output: Estimated Pareto-optimal set of partitions B∗
1 Initialize Q-table 𝑄 and returns dictionary returns[(𝑠, 𝑎)] ← [];
2 Initialize policy 𝜋𝜃 for 𝑛 = 1 to 𝑇 do

3 Initialize state 𝑠0, empty partition set Bt, and episode history 𝐻 ← [];
4 while not all attributes covered do

5 Select valid cluster 𝐶𝑘𝑖 from state 𝑠 using 𝜋𝜃 ;

6 Sample 𝐵 𝑗𝑖 ∼ 𝐶𝑘𝑖 , update Bt and transition to next state 𝑠′;

7 Append (𝑠, 𝑎) to 𝐻 ;
8 Set 𝑠 ← 𝑠′;

9 Compute final reward 𝑟 = J (Bd);
10 foreach (𝑠𝑡 , 𝑎𝑡 ) ∈ 𝐻 do

11 Append 𝑟 to returns[(𝑠𝑡 , 𝑎𝑡 )];
12 Update 𝑄 (𝑠𝑡 , 𝑎𝑡 ) ← 1

|returns[ (𝑠𝑡 ,𝑎𝑡 ) ] |
∑
𝑟 ′ ∈ returns[(𝑠𝑡 , 𝑎𝑡 )]𝑟 ′;

13 Update policy 𝜋𝜃 using updated 𝑄 ;

14 Compute the Pareto front
ˆB = compute_pareto({B1, . . . ,B𝑇 });

15 return
ˆB;

Valid actions and Q-table masking. To enforce the one-partition-per-attribute constraint

(Definition 6), we apply a masking strategy that prunes invalid transitions from the Q-table.

Specifically, we initialize invalid actions with a value of −∞, preventing the agent from: (i) selecting

more than one cluster for the same attribute (ii) transitioning back to the start state 𝑠0, (iii) or taking

actions from the terminal state 𝑠𝑛 , after a complete partition set has been formed.

This Q-table masking, detailed in [19], is a critical design choice in our MCC formulation. It

ensures that all episodes represent valid solutions, reduces the effective action space, and accelerates

convergence by guiding exploration. Notably, the masking procedure is generalizes to any number

of attributes and clusters, preserving the modularity and correctness of Quill framework.

Policy for OPS-MDP. At each step in an episode, the agent selects a valid cluster𝐶𝑘𝑖 , samples a

partition 𝐵 𝑗𝑖 ∼ 𝐶𝑘𝑖 , adds 𝐵 𝑗𝑖 to the current partition set B𝑡 , and computes the reward as the change

in J . Let 𝑄 (𝑠, 𝑎) denote the state-action value for state 𝑠 and action 𝑎, and let A𝑠 denote the set of
valid actions in state 𝑠 , after masking out. Then the 𝜖-greedy policy is defined as:

𝜋𝜖 (𝑠) =
{
arg max

𝑎∈A𝑠

𝑄 (𝑠, 𝑎), with probability 1 − 𝜖

Uniform(A𝑠 ), with probability 𝜖
(5)

This formulation ensures that the agent selects among only valid actions at each state, while

balancing exploration and exploitation.

Solving OPS-MDP.With all components described above, we are now ready to introduce our

Algorithm 1, which builds on top of Monte Carlo Control (MCC) [55] to solve OPS-MDP.

Algorithm 1 begins by initializing the Q-table𝑄 and the returns dictionary for tracking observed

returns, along with the policy 𝜋𝜃 using an 𝜖-greedy exploration schedule (lines 1–2). For each of

the𝑇 episodes, the agent starts from an initial state 𝑠0 with an empty partition set B𝑡 and initializes
an episode history 𝐻 to store encountered (state, action) pairs (line 3). The agent then iteratively

selects a valid cluster𝐶𝑘𝑖 from the current state using the policy 𝜋𝜃 , samples a partition 𝐵 𝑗𝑖 from𝐶𝑘𝑖 ,

adds it to B𝑡 , transitions to the next state, and records the (𝑠, 𝑎) pair in the episode history (lines 4–8).
Once all attributes are covered and the episode ends, the final reward 𝑟 is computed as the overall

objective score J (Bd, 𝐷) (line 9). This final reward is then propagated to all (state, action) pairs
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in the episode history: for each pair, the reward is appended to the list of observed returns, and

the corresponding Q-value is updated as the mean of these returns (lines 10–12). The policy 𝜋𝜃 is

then updated using the newly estimated Q-values (line 13). After all episodes are completed, the

algorithm computes the final Pareto-optimal set
ˆB over all evaluated partition sets and returns the

final estimation (lines 14–15).

Our framework offers several compelling advantages. First, it enables coordinated decision-

making across attributes, learning joint discretization strategies rather than treating attributes

independently. This coordination allows the framework to naturally capture cross-attribute inter-

actions, which are critical in many real-world datasets where utility quality depend on attribute

combinations (e.g., causal inference, modeling). Second, it is metric-agnostic: it requires no assump-

tions about the form of the objective J , and can flexibly accommodate any combination of utility

and semantic measures. These properties make it a flexible, general-purpose approach for OPS. We

additionally include an automatic hyperparameter tuner (Section 4.6).

4.5 Special Case: Single-Attribute OPS-MDP

Attribute discretization spans many use cases (Section 5), including both joint discretization across

multiple attributes (e.g., causal analysis) and single-attribute settings (e.g., visualization). While our

OPS-MDP formulation applies to both, formal regret guarantees are only possible in the single-

attribute case. Accordingly, we analyze the 𝑑 = 1 setting here, where the problem admits a reduction

to a classical multi-armed bandit.
With 𝑑=1, the MCC formulation collapses to a single decision: choose one partition for the

attribute. Each episode has exactly one action, after which we observe the final reward via the

joint objective J . This is precisely a multi-armed bandit: each cluster is an arm, and sampling a

partition corresponds to pulling that arm.

Since multi-armed bandits are degenerate MDPs with a single state [55], classical algorithms

such as Upper Confidence Bound (UCB) solve this setting and provide regret guarantees. When

𝑑=1, MCC reduces to UCB and inherits UCB’s regret bounds, giving theoretical grounding for our
framework, only in this case.

Theorem 1. If (i) 𝑑=1 (single attribute, one action per episode) and (ii) MCC uses the UCB index

for action selection and updates, then our Algorithm 1 becomes a UCB-guided MCC variant and

reduces exactly to a stochastic multi-armed bandit with 𝐾 arms (one per cluster) and reward in

[0, 1] given by J , and this equivalence does not extend to the multi-attribute case (𝑑 > 1). Running

Algorithm 1 for 𝑇 episodes yields the regret guarantees, inherited from UCB [10]—gap-free regret

𝑂 (
√︁
𝐾𝑇 log𝑇 ) and gap-dependent regret 𝑂 (∑𝑖

log𝑇

Δ𝑖
), where Δ𝑖 is how far cluster 𝐶𝑖 ’s expected

reward is below the optimal expected reward J = 1.

Proof by induction on the number of episodes 𝑡 . We show that for all episodes 𝑡 ≥ 1, the

behavior of Algorithm 1 under 𝑑 = 1 is equivalent to that of UCB. Their selected arms, maintained

statistics, and update rules are the same across both algorithms.

Base case (𝑡 = 1): At the beginning, all cluster arms are untried. UCB initializes by pulling each

arm once to get an initial reward estimate. In MCC, when 𝑑 = 1, there is only one decision per

episode: selecting one cluster, sampling a partition from it, and observing the reward J (𝐵, 𝐷). We

simplify the partition set notation from B to 𝐵 here, since there is only one partition 𝐵 in the set

when 𝑑 = 1.

Suppose there are 𝐾 clusters (arms) {𝐶1, . . . ,𝐶𝐾 }. Then in the first 𝑘 episodes, MCC samples

each cluster once. These samples populate the initial reward statistics, just like UCB. So after 𝑡 = 𝑘 ,
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both UCB and MCC have exactly one reward value for each arm, and their empirical means match:

𝑟𝑖 = J (𝐵𝑖 , 𝐷) for each arm 𝑖 .

Inductive step: Assume that after (𝑡 −1) episodes, the following invariants hold: (1) Each cluster

𝐶𝑖 has been sampled 𝑛𝑖 times in both MCC and UCB. (2) The empirical mean reward 𝑟𝑖 for each

cluster is the same in both algorithms. (3) The cluster selected in episode 𝑡 − 1 by MCC is the same

as that selected by UCB.

Now consider episode 𝑡 .

• Action selection: Since both use the UCB index for action selection and updates.

𝑎𝑡 = argmax

𝑖

©­«𝑟𝑖 +
√︄

2 log 𝑡

𝑛𝑖

ª®¬
Thus, both algorithms choose the same cluster arm in episode 𝑡 .

• Reward observation and update: MCC samples a partition 𝐵 ∼ 𝐶𝑎𝑡 , observes its reward
J (𝐵, 𝐷), and updates the empirical mean via the incremental update rule:

𝑟𝑎𝑡 ← 𝑟𝑎𝑡 +
J (𝐵, 𝐷) − 𝑟𝑎𝑡

𝑛𝑎𝑡 + 1
.

This is equivalent to recomputing the average over all samples for 𝑎𝑡 , matching UCB’s update

step.

• Statistics consistency: After the update, both algorithms have: 𝑛𝑎𝑡 ← 𝑛𝑎𝑡 + 1, and updated 𝑟𝑎𝑡
with the same formula. Hence, all maintained statistics remain identical between the two.

Conclusion: By induction, we have shown that for all 𝑡 , the arm selected and the statistics

maintained by MCC match exactly those of UCB. Thus, MCC reduces to UCB when 𝑑 = 1. □

This UCB-guided MCC variant is effective in the single-attribute (𝑑 = 1) setting because choices

are independent and the reward is one-step. For 𝑑 > 1, the problem no longer satisfies the core

assumptions of stochastic bandits—independent arms and immediate rewards—making UCB regret

guarantees inapplicable.

Moreover, naïve UCB extensions are suboptimal. Independent UCB runs UCB per attribute, im-

plicitly assuming partition choices can be made separately and ignoring cross-attribute interactions.

Sequential UCB imposes an attribute order and applies UCB step by step, but early choices cannot

be revised, inviting cascading errors. We evaluate both in Section 6.

4.6 Tuning Hyperparameters

Our end-to-end framework includes three key hyperparameters: (𝑟𝑎𝑑𝑖𝑢𝑠,minPts) required to

form a dense region in DBSCAN [48], and the exploration rate 𝜖 in the 𝜖-greedy policy in MCC.

Exhaustive grid search over these parameters would be computationally expensive. Instead, we

employ lightweight, data-driven tuning strategies that adapt hyperparameter values to the specific

input dataset 𝐷 .

The silhouette score [45] measures how well a data point fits into its assigned cluster compared

to other clusters. Higher silhouette scores indicate better cluster separation and cohesion. Our

auto-tuner selects DBSCAN’s 𝑟𝑎𝑑𝑖𝑢𝑠 and minPts from data, using Wasserstein distances between

candidate distributions. For every (𝑟𝑎𝑑𝑖𝑢𝑠,minPts) pair, it runs DBSCAN with the precomputed

distance matrix and scores the result by silhouette. Our framework uses the pair with the highest

score. This way, clustering quality is ensured without using the objective score J , which requires

running the framework end-to-end.
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To tune the exploration rate in MCC, we use an exponential decay schedule rather than fixed 𝜖

values, which shrinks the tuning space and adapts exploration during training. The exploration

rate at episode 𝑛 is defined as:

𝜖𝑛 =max

(
𝜖min, 𝜖0 · 𝑒−𝑘𝑛

)
, where 𝑘 =

log(𝜖0/𝜖min)
𝑇

,

and 𝑇 is the total number of training episodes. This schedule enables a smooth exploration-to-

exploitation transition and requires only two parameters (𝜖0, 𝜖min), while still covering a broad

spectrum of 𝜖 behaviors in a single run. In our experiments we set 𝜖0 = 0.7, 𝜖min = 0.5 as default.

This choice performs strongly across the majority of our 7 datasets and 14 (utility × semantic)

scenarios. We include an ablation study against the set of hand-tuned hyperparameters (fit on 2

datasets), to show the effectiveness of the auto-tuner (Section 6.2.3).

5 Instantiations of Utility and Interpretability

To demonstrate our framework’s general, modular design, we instantiate it with representative

semantic measures and utilities. These cases serve as concrete testbeds to showcase effectiveness

and efficiency, and to empirically verify that the framework is agnostic to both task choice and

semantic metric (Section 6).

5.1 Measuring Interpretability

Our first objective is to quantify the interpretability of a given partition with respect to a numerical

attribute. As no off-the-shelf metric directly addresses this, we propose a few intuitive measures

tailored to this objective.

LLM-based semantic measure.We use corpus attestations as a proxy for semantic meaning-

fulness: partitions that appear frequently in literature or code likely reflect domain expertise and

practical utility. Direct counting references is not trivial (e.g., attributes with different synonym

names, partitions only in source code). We therefore query LLMs to aggregate this knowledge, due

to their comprehensive knowledge base and ability to capture nuances. We investigated two models:

GPT-4o [41] for broad domain knowledge, and Perplexity AI [8] for source-grounded responses.

We use a 1-4 scale for the semantic value of a given partition for an attribute, where 1 represents

poor semantic value (not used at all) and 4 represents excellent semantic value (very commonly

used). The specific prompts used are given in [19].

To validate our approach, we ran a user study with 54 Prolific participants [7]. Each rated 26

items—an attribute description paired with a candidate partition—on a 1–4 semantic scale (matching

our LLM prompts; form in repo). Inter-rater agreement (Krippendorff’s 𝛼 [26]) was 0.20, reflecting

task difficulty yet indicating modest consensus. Human ratings correlated strongly with LLM scores:

Spearman 𝜌 = 0.90 for GPT-4o and 𝜌 = 0.83 for Perplexity (both 𝑝 < .05). We therefore use GPT-4o

for subsequent experiments.

Distance-based semantic measures.When interpretable partitions are known (e.g., binning

Age into (19, 35, 45, 65) with labels ("Young adult", "Adult", "Middle-aged") in life sciences [34]),

users can supply a gold partition 𝐵gold. Our semantic module then scores any candidate 𝐵 by its

distance to the gold.

Note that when distance-based semantic measures are used, the reference (“gold”) partition

is not assumed to be uniquely correct. Rather, such measures are intended for settings where

one or more preferred binning schemes are available, e.g., from established guidelines or expert

conventions, and serve as anchors for measuring deviation. In cases where multiple alternatives

are considered reasonable, users may supply multiple gold partitions, and the semantic score of a

candidate partition can be defined via an aggregation (e.g., maximum distance) over these references.
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Importantly, this choice affects only the semantic scoringmodule; the rest of the framework operates

unchanged. In this work, we consider the following distance-based semantic measures.

L2 norm. L2 norm is a symmetric and intuitive metric, ideal for situations where partitions differ

structurally (e.g., different numbers of cut points), and where bin-wise deviation should be penalized

uniformly. Given a candidate 𝐵 (defined with cut points in Section 3.1) and the gold, we pad the

shorter partition with zeros to equalize their lengths and compute the L2 norm.

Kullback–Leibler (KL) divergence [12]. Viewing v(𝐵) and v(𝐵gold) as discrete probability distribu-

tions, KL

(
v(𝐵) ∥ v(𝐵gold)

)
measures how well 𝐵gold is approximated by 𝐵; it is 0 iff the distributions

match. KL divergence measures the information loss (coding inefficiency) when the candidate

partition is used in place of the gold. It penalizes moving probability mass in ways that contradict

the gold, thereby aligning with domain priorities.

When to use which measure. If domain guidelines exist (e.g., BMI or age cutoffs), distance-

based scores (L2 norm or KL) give transparent alignment to a reference. When such priors are

unavailable or hard to formalize, LLM-basedmeasures offer flexible, knowledge-grounded semantics.

Our framework is agnostic to the choice and performs consistently across these measures (Section 6).

5.2 Measuring Usefulness

Table 1. Downstream tasks and utility definitions used in our benchmark. B(𝐷) denotes the discretized
(binned) data.

Task Attribute setting Description (utility measure)

Visualization (visual) Single-attribute Spearman correlation between the partitioned attribute and the

outcome on B(𝐷) (higher is better).
Interpretable modeling Multi-attribute Predictive accuracy of a tree-based model trained on B(𝐷).
Data imputation Multi-attribute Discretize, apply KNN imputation on B(𝐷), then train a tree-based

model; utility is predictive accuracy.

Causal analysis (known ATE) Multi-attribute Preservation of causal effects measured by exponential ATE devia-

tion decay (closer to 1 is better).

Causal analysis (unknown ATE) Multi-attribute Macro-averaged F1 of preserving high/low Spearman correlations

before vs. after discretization.

Next, we instantiate utilities for common tasks—visualization, interpretable modeling, and causal

analysis. Table 1 summarizes the measures used in our experiments.

Data visualization. Data visualizations (e.g., bar plots) help users spot patterns that raw tables

can obscure. Visualization recommendation systems [51, 56, 58] often score interestingness via
simple statistics (e.g., correlations). In this work, we quantify interestingness (utility) using the

Spearman correlation coefficient [20]. We choose a partition of a single numerical attribute to

maximize the correlation between the partitioned 𝐴𝑖 and the outcome attribute.

Interpretable modeling.Many applied domains (e.g., economics, social science, agriculture)

emphasize transparency and favor inherently interpretable models over post-hoc explanations [47].

Discretizing numeric attributes is especially useful for inherently interpretable models—decision

trees, rule-based classifiers, and scorecards—yielding simpler splits, reduced noise sensitivity, and

closer alignment with domain knowledge. In this use case, we discretize all numerical attributes

in Anum prior to training. We assume a tree-based model, and we measure utility by predictive

accuracy of the outcome model.

Data imputation. Data imputation replaces missing values with estimates (e.g., mean/median,

most-frequent value, or nearest-neighbor) so that analysis andmodeling need not discard incomplete

rows. Discretizing numeric attributes before imputation simplifies this step: a smaller, structured

set of bin labels makes plausible replacements easier and more consistent (e.g., imputing the most

frequent bin within a subgroup). For this task, we select a partition for each 𝐴𝑖 ∈ Anum, discretize
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the data, and apply KNN-imputation [50] on the discretized data. We then train a tree-based model;

utility is the model’s accuracy on the outcome attribute.

Causal analysis. Causal analysis estimates the effect of a treatment on an outcome while adjust-

ing for confounders. We use the Average Treatment Effect (ATE), the expected treated–vs–untreated

outcome difference under proper adjustment [42]. Discretizing numeric confounders simplifies

conditioning on continuous variables, can improve robustness, and reveals heterogeneous effects

across subgroups. Because counterfactuals are unobserved, evaluation requires specialized metrics.

We therefore propose two utility measures for ATE estimation, reflecting different levels of available

knowledge; details appear in [19].

Known ATE. When the true ATE is known, utility is the exponential of the negative absolute error

between the true ATE (on 𝐷) and the ATE computed after discretization (on B(𝐷)):𝑀util (B, 𝐷) =
exp
−|ATE(𝐷 )−ATE(B(𝐷 ) ) |

, where ATE(𝐷) denotes the causal effect evaluated on dataset 𝐷 . Thus,

smaller ATE deviations yield values closer to 1 (better), and larger deviations shrink toward 0.

Confounder adjustment is implicit in ATE(·).
Unknown ATE. When the true ATE is unavailable (typical in observational data), we evaluate

how well discretization preserves dependency structure. We compute pairwise Spearman corre-

lations [54] before and after discretization, label each as high or low using quartile thresholds

(𝜏low = 1

3
, 𝜏high = 2

3
), and score agreement via macro-averaged F1 [32]. This correlation-order

preservation serves as a proxy for causal stability; on synthetic data it aligns with the known-ATE

utility (𝑅2 = 0.7989, 𝑝 < 0.05).

6 Experimental Evaluation

We embody our framework in a prototype system, Quill, which was written in 3,000 lines of

Python source code. Our default implementation supports the 5 utility (from 4 downstream tasks)

and 3 semantic measures in Section 5. Quill allows users to define any measures of their interest.

Our data and code are in [19]. We empirically demonstrate the following claims about our method:

(1) Quill discovers binning partitions that are semantically meaningful while achieving high
downstream utility, tracing the Pareto trade-off explicitly.

(2) Quill treats discretizers, utilities, and semantic metrics as plug-ins (11+ off-the-shelf discretizers

and LLM suggestions; multiple task utilities). Across 14 dataset×utility cases and three

semantic measures, Quill consistently returns partitions on or near the Pareto frontier.

(3) Each component of Quill contributes meaningfully.

(4) Quill is efficient and can scale to large datasets.

6.1 Setup

6.1.1 Evaluation Metrics. We assess (i) accuracy of the estimated Pareto frontier and (ii) end-to-end

efficiency.

Accuracy. Given the true frontier P∗ and the estimated frontier
ˆP, we use a normalized averaged

Hausdorff distance [49]:

Δ( ˆP,P∗) = 1

𝑍
max{GD( ˆP,P∗), IGD( ˆP,P∗)}, (6)

where 𝑍 =
√
2 since utility and semantics are in [0, 1]. GD (Generational Distance) is the mean

distance from each 𝑝 ∈ ˆP to its nearest neighbor in P∗; IGD (Inverted Generational Distance) is the

mean distance from each 𝑝 ∈P∗ to its nearest neighbor in
ˆP. Taking max captures both missing

regions and spurious predictions. Smaller Δ is better; Δ = 0 is perfect.
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Table 2. Dataset statistics.

Dataset Description #Tuples |A| |Anum| Size (MB)

titanic [6] Passenger data 0.9K 10 4 < 1

bank [2] Customer loan status 100K 19 10 18.8

crop [3] Agriculture variables 2.2K 8 7 < 1

lalonde [28] Causal effect of training 0.4k 12 3 < 1

pima [4] Diabetes predictors 0.8K 9 8 < 1

songs [1] Properties of songs 19K 15 13 2.2

taxi [5] Details of taxi trips 8.5M 5 4 265

Efficiency metrics. We report (i) wall-clock runtime and (ii) budget, which is the number of the

candidates evaluated. Runtime captures end-to-end cost but depends on external components

(e.g., model training), whereas percentage explored is a model-agnostic proxy for intrinsic search

efficiency. We present both for fair comparison.

Table 3. Benchmark task–dataset mapping. “time-out” means that the brute-force computation of the true

Pareto frontier exceeded a cap of 1500 hours. “n/a” means that the dataset–task pair excluded due to <3
Pareto points. “–” means that the dataset is not applicable to the task.

Dataset Avg. #𝐵 Total #B Modeling Imputation Causal Visual

titanic [6] 71 339,300 ✓ ✓ ✓ ✓
bank [2] 74 28,392,912 time-out time-out - ✓
crop [3] 73 27,625,536 ✓ ✓ - n/a

lalonde [28] 58 870 - - ✓ -

pima [4] 73 313,820 ✓ ✓ - ✓
songs [1] 67 20,170,080 ✓ - - ✓
taxi [5] 62 217,728 ✓ ✓ - ✓

6.1.2 Benchmark dataset. Table 2 summarizes dataset statistics, while Table 3 maps each dataset to

the downstream tasks on which it is evaluated. Avg. #𝐵 denotes the average number of candidate

partitions per numerical attribute, with bin counts ranging from 2 to 10. Total #B denotes the

total number of candidate partition sets in the search space, computed as the Cartesian product of

per-attribute candidates.

We assess accuracy by comparing each method’s estimated Pareto frontier
ˆP against a brute-

force ground truth P∗. Frontiers with fewer than three Pareto-optimal points provide insufficient

resolution for trade-off evaluation and lead to unstable distance metrics; we therefore exclude any

scenario with fewer than three Pareto points (<3 Pareto points). For the causal analysis task, we
use the canonical lalonde and titanic datasets due to their clear treatment–outcome structure.

Overall, our benchmark comprises 4 visualizations, 5 modeling, 3 imputation, and 2 causal cases,

ensuring that evaluations reflect each method’s ability to recover meaningful and diverse trade-offs

between utility and semantic quality. For each case, we evaluate both LLM-based and distance-based

(L2 and KL) semantic measures, as described in Section 5.1.

6.1.3 Methods Compared. As the OPS problem lacks established baselines, we compare Quill

against naive heuristics, ablations of our framework, related methods, and LLM-based approaches.

• Quill: Our framework with a hyperparameter auto-tuner; for single-attribute cases, we use the

UCB-guided MCC variant.

• UCB-I (Independent UCB) [10]: Applies UCB independently to each attribute to obtain high-

quality per-attribute candidate sets; evaluates joint objective J over the Cartesian product.

• UCB-S (Sequential UCB) [10]: Orders attributes and applies UCB sequentially. After fixing

𝐵𝑖 for 𝐴𝑖 , evaluation for 𝐴𝑖+1 conditions on the current partial selection; J is recomputed as

partitions are added, capturing inter-attribute interactions. We enumerate all attribute orderings

and report the average.
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Table 4. Average error Δ( ˆP,P∗) across datasets (lower is better). “–” means the method is not applicable.

Method

Single-attr. Multi-attr.

Visual Modeling Imputation Causal Overall

LLM-based semantic measure

Quill 0.04 0.10 0.08 0.16 0.11

UCB-I 0.04 0.28 0.17 0.42 0.28

UCB-S 0.04 0.46 0.23 0.39 0.38

Random 0.17 0.44 0.47 0.45 0.45

TF – 0.29 – – n/a

LLM 0.23 0.30 0.32 0.48 0.34

Distance-based semantic measure (L2 norm)

Quill 0.04 0.04 0.17 0.03 0.08

UCB-I 0.04 0.07 0.15 0.09 0.10

UCB-S 0.04 0.09 0.15 0.18 0.13

Random 0.40 0.09 0.07 0.38 0.15

TF – 0.18 – – n/a

LLM 0.40 0.38 0.24 0.45 0.35

Distance-based semantic measure (KL-divergence)

Quill 0.03 0.03 0.02 0.05 0.03

UCB-I 0.03 0.06 0.07 0.08 0.07

UCB-S 0.03 0.07 0.07 0.19 0.09

Random 0.50 0.05 0.06 0.39 0.12

TF – 0.23 – – n/a

LLM 0.27 0.26 0.38 0.35 0.31

• Random: Estimates the Pareto frontier via uniform random sampling from the space of candidate

partition sets.

• TreeFARMS (TF) [60]: Enumerates near-optimal decision trees; applied to modeling tasks and

post-process the resulting tree sets to estimate the Pareto frontier. We cap max runtime to 2

hours.

• LLM. We use GPT-4o [41] with in-context prompting as a transformation baseline, testing prompt

variants (few-shot, chain-of-thought [57], and RAG [30]). For each downstream task, the prompt

specifies the utility and semantic measures; the LLM then proposes a set of partition sets
ˆB it

estimates to lie on the Pareto frontier. This is done without enforcing an evaluation budget.

Budget-time trade-off. UCB-I inherently explores a limited subset of candidates, whileQuill, UCB-

S, and Random are budget-controlled. To ensure comparability, we evaluate under amatched budget
equal to the average number of candidates explored by UCB-I (222 candidates) for multi-attribute

and 30 for single-attribute, unless stated otherwise. We note a trade-off between budget and runtime:

higher budgets can improve accuracy at the cost of longer runtime. We study this trade-off in

Section 6.2.2.

6.2 Experimental Results

6.2.1 Quality Comparison.
We evaluate quality by the average Hausdorff distance to the ground-truth Pareto frontier, Δ( ˆP,P∗)
(lower is better).

Varying semantic scoring. Table 4 shows that Quill is consistently best across semantic measures.

For Visual (single-attribute), the UCB methods match Quill exactly, which empirically aligns with

our single-attribute proof in Section 4.5—when there is only one attribute, UCB andQuill learn

the same policy to select clusters. In multi-attribute settings, however, the methods diverge: Quill
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Fig. 4. Average error by downstream tasks and datasets (LLM-based semantics); UCB variants omitted for

single-attribute.

jointly optimizes partitions for all attributes, whereas UCB variants explore only a limited subset

of combinations.

With the LLM-based semantic measure, Quill achieves the lowest overall error (0.11), reducing

error by 61% vs. UCB-I (0.28), 71% vs. UCB-S (0.38), 76% vs. Random (0.45), and 68% vs. LLM (0.34).

With distance-based measures, since we need to supply a gold partition for each attribute, we take

the top-ranked partitions under the LLM-based semantic measure as the reference (“gold”) and

compute distances to these partitions, to quantify the interpretability of the candidates. We use

this proxy because those high-ranked partitions are most frequently attested in literature or code

and most align with human intuition (Section 5.1), and thus plausibly reflect domain expertise and

practical utility. The pattern still holds: under L2, Quill attains 0.08 overall (20% vs. UCB-I at 0.10;

39% vs. UCB-S at 0.13; 47% vs. Random at 0.15; 77% vs. LLM at 0.35). Under KL, Quill reaches 0.03

overall (57% vs. UCB-I at 0.07; 67% vs. UCB-S at 0.09; 75% vs. Random at 0.12; 90% vs. LLM at 0.31).

We note one exception in Table 4, where the random baseline slightly outperforms Quill on

imputation under L2. Quill relies on a smoothness assumption: partitions with similar empirical

distributions tend to have similar objective values, enabling clustering-based generalization. In this

setting, the objective surface is noisier with respect to distribution vectors, making cluster repre-

sentatives less predictive of other partitions and reducing the benefit of cluster-guided exploration

under a limited budget. As a result, random exploration can occasionally identify a high-scoring

partition earlier. This behavior is empirically rare: across all other datasets, tasks, and semantic

measures, Quill consistently outperforms both random and UCB-based baselines.

Overall, while UCB matchesQuill on single-attribute visualization (as expected), Quill domi-

nates in the multi-attribute regime across metrics at a matched budget, reflecting its ability to more

accurately estimate the Pareto frontier when attribute interactions matter. Note that for LLM, we

extensively experimented with 8 prompting strategies to optimize the prompt for GPT-4o, including

using few-shot vs. zero-shot, using COT [57] vs. no-COT, and the use of RAG [30] vs. no-RAG.

We report the best prompt for LLM, which uses few-shot with COT, where few-shot examples

provide demonstrations, with COT further enhancing structured reasoning. Despite extensive

optimizations, LLM still lags behind. Details of our results with different prompt strategies can be

found in [19].

Varying datasets. Figure 4 breaks results down by task–dataset pairs (LLM-based semantics). In

nearly every panel, Quill is the lowest bar, showing small, stable errors across datasets. In Vi-

sualization, Quill is uniformly best across bank, pima, titanic, and songs; in Causal, it leads

on both lalonde and titanic. Overall, the per-dataset breakdown indicates that Quill’s gains

are systematic (not driven by a few datasets) and that its performance is less sensitive to dataset

idiosyncrasies than the baselines, yielding more reliable Pareto-frontier estimates across tasks.

6.2.2 Scalability Analysis.
We perform a sensitivity analysis to understand how the performance of Quill changes with

different parameters (Figure 5).
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(a) Varying # candidate partitions

(b) Varying # tuples

(c) Varying budget

Fig. 5. Sensitivity analysis (LLM-based semantics).

Fig. 6. Comparison of average latency. The Random baseline is omitted from the plot for clarity, as its runtime

closely overlaps with the UCB variants and Quill under the matched evaluation budget.

Varying numbers of total candidates. Figure 5a shows that, in the single-attribute setting, Quill

remains low and nearly flat as the candidate pool grows, whereas LLM and Random are consistently

higher. In the multi-attribute setting, scaling the total candidates from 10
3
to 10

7
affects baselines

much more thanQuill. This indicates thatQuill’s cluster-based policy generalizes across larger

search spaces without loss in estimation accuracy.

Varying data sizes. With more tuples (Figure 5b), both single- and multi-attribute panels show

Quill achieving the lowest error across the entire range. UCB-I/S are especially sensitive in the
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Table 5. Ablation studies of Quill (budget = 2000).

Full No auto-tuning No DBSCAN

Visual 0.04 0.10 0.08

Modeling 0.06 0.08 0.21

Imputation 0.05 0.07 0.13

Causal 0.12 0.08 0.09

Overall 0.06 0.08 0.14

multi-attribute case as the data scale increases. Overall, Quill is the least sensitive to dataset size,

suggesting robust Pareto-frontier estimation as dataset sizes grow.

Varying budgets. Increasing the evaluation budget monotonically improves quality (Figure 5c),

with Quill clearly maintaining the best performance across the budget range. Baselines either

lack a budget knob (LLM, UCB-I/S) or improve far less with budget (Random), leaving a consistent

gap toQuill. Returns forQuill are diminishing but steady—higher budgets further reduce error,

reflecting effective use of additional exploration.

6.2.3 Ablation Studies.
We ablate two design choices of Quill (Table 5).

No hyperparameter auto-tuner. Replacing the auto-tuned configuration with a fixed, hand-tuned

setting (fit on 2 datasets, detail in Section 4.6) degrades the overall error from 0.06 to 0.08 (+33%). The

drop is visible across Visual, Modeling, and Imputation. The only exception is Causal (0.12→0.08),

suggesting that a single global setting can occasionally align with a specific task, but the auto-tuner

is more reliable across tasks and datasets.

No DBSCAN (hierarchical instead). Substituting DBSCAN with hierarchical clustering [39] sub-

stantially hurts performance (overall 0.14, more than ×2 worse than full Quill). The largest

regression appears in Modeling (0.06→0.21). This indicates that density-based clustering better

captures the structure of the candidate space than purely linkage-based grouping, which is crucial

for forming semantically coherent, utility-relevant clusters, enabling the lowest overall error.

6.2.4 Efficiency Comparison.
We benchmark search latency by bucketizing datasets by size and averaging runtimes per bin

(Figure 6). As input size grows, the wall-clock time per candidate rises (e.g., fitting models on larger

data), amplifying brute-force costs. In contrast, Quill (matched) strategically evaluates only ∼200
candidates, versus millions in the full space (Table 2)—a 10

3
–10

5× reduction (median ≈ 1.7 × 103).
Consequently, for datasets under 100k tuples, Quill (matched) completes in under a minute on

average, whereas brute force exceeds 16 hours even for < 10k tuples, underscoring the efficiency

gains of our RL-based search.

Figure 6 also reports runtimes for all baseline methods under a matched evaluation budget (∼200
candidates). Under this setting, Random, UCB-I, UCB-S, and Quill exhibit very similar wall-clock

runtimes, since all methods perform the same number of expensive utility evaluations. Relative

to Random,Quill incurs a small additional overhead due to the initial clustering step (under one

second on average), while its runtime is effectively identical to the UCB variants, which share the

same clustering stage and differ only in their exploration policies.

6.3 Deeper Dive: Case Analysis

We analyze a representative run on Pima where the goal is to bin Age, BMI, and Glucose for a

tree-based diabetes predictor (recall Example 2). Our framework returns multiple partition sets

on the Pareto frontier, each trading semantic interpretability for predictive utility. For brevity, we

highlight four illustrative partition sets from this run (the full output contains six).
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Table 6. Representative partition sets illustrating the utility–semantics trade-off.

Set Util. Sem. Partitions (BMI | Glucose | Age) Notes

A

(high sem.)

0.70 1.00 BMI: [0, 18.5, 25, 30, 68]

Glucose: [0, 140, 200]

Age: [0, 18, 35, 45, 65, 100]

WHO cutoffs

Clinical thresholds

Life stages

B

(balanced)

0.71 0.83 BMI: [0, 17, 34, 51, 68]

Glucose: [0, 140, 200]

Age: [0, 25, 50, 75, 100]

Coarse equal steps

Clinical thresholds

Broad quartiles/decades

C

(balanced,

coarse)

0.73 0.58 BMI: [0, 35, 68]

Glucose: [0, 140, 200]

Age: [0, 20, 40, 60, 80, 100]

Coarse, WHO-aligned

Clinical thresholds

Broad decades

D

(max utility)

0.81 0.06 BMI: [0, 7.46, 14.91, 22.37, 29.82, 37.28,

44.73, 52.19, 59.64, 67.10]

Glucose: [0, 99, 157, 199]

Age: [0, 29, 60]

Near-uniform slices

Nonstandard

Very coarse

Observations. Table 6 traces a clear Pareto frontier: (A) high semantics—clinically meaningful and

readable with strong utility (0.70/1.00); (B) balanced—still intelligible with slightly improved utility

(0.71/0.83); (C) balanced, coarse—further utility gain with reduced semantic alignment (0.73/0.58);

and (D) max utility—highest accuracy (0.81) at minimal interpretability (0.06). Our framework (i)

recovers domain-relevant partitions when they exist and (ii) surfaces nearby, higher-utility options

so practitioners can select the point that best matches their interpretability–utility preference.

7 Conclusions and Future Work

Observing the need to identify partitions that are both useful and interpretable, we propose and

formalize a new Optimal Partition Sets problem that has been overlooked thus far, design a robust,

modular framework, with RL-based algorithms that jointly optimize both objectives. Our framework

has several limitations that suggest future work. (1) Data cleanliness. We assume clean inputs;

outliers and missingness can skew counts and splits. Robust statistics and integrated imputation

(with uncertainty) would improve reliability. (2) Utility specification. Utility is user-defined and

optimized one metric per run. Many settings are multi-objective (accuracy, fairness, calibration,

cost); extending to vector utilities and constraints is needed. (3) Semantic subjectivity. Interpretability
depends on human and domain norms. We expose a Pareto frontier, but learned, domain-adapted

semantic models (with uncertainty) could raise fidelity. (4) Human-in-the-loop final decision. Users
still pick among Pareto candidates. Added decision support (provenance, counterfactuals, stability

analyses) would further ease selection.

Our future work includes (i) LLM-as-agent exploration, where we replace exploration policies

with an LLM-driven agent that consumes utility/semantic feedback, reasons over candidates, and

adaptively decides what to sample next (active, budget-aware exploration); and (ii) Parallelization
and result sharing to cut latency, especially on large datasets and expensive downstream tasks.

Acknowledgments

This work was supported by the ARPA-H Biomedical Data Fabric project, the DARPA ASKEM

Award HR00112220042, and grants from Liberty Mutual and Jane Street. Additional support was

provided by Amazon, Google, and Intel through the MIT Data Systems and AI Lab (DSAIL) at

MIT. Brit Youngmann was supported by the United States–Israel Binational Science Foundation

(Grant No. 2024101) and the Israel Science Foundation (Grant No. 934/25). Sainyam Galhotra was

supported by the U.S. Army Research Office (ARO) under grant W911NF-25-1-0254, the United

States–Israel Binational Science Foundation (Grant No. 2024101), and a grant from InfoSys.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 198. Publication date: June 2026.



Interpretable Attribute Discretization 198:25

References

[1] [n. d.]. 19000 Spotify Songs Dataset. https://www.kaggle.com/datasets/edalrami/19000-spotify-songs. Accessed:

2025-06-29.

[2] [n. d.]. Credit Train Dataset. https://www.kaggle.com/datasets/zaurbegiev/my-dataset/data?select=credit_train.csv.

Accessed: 2025-06-29.

[3] [n. d.]. Crop Recommendation Dataset. https://www.kaggle.com/datasets/atharvaingle/crop-recommendation-dataset/

data. Accessed: 2025-06-29.

[4] [n. d.]. Pima Indians Diabetes Database. https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database.

Accessed: 2025-06-29.

[5] [n. d.]. Taxi Trip Fare Data 2023. https://www.kaggle.com/datasets/hrish4/taxi-trip-fare-data-2023. Accessed:

2025-06-29.

[6] [n. d.]. Titanic Dataset. https://www.kaggle.com/datasets/yasserh/titanic-dataset. Accessed: 2025-06-29.

[7] 2025. Prolific — Online research participant recruitment platform. https://www.prolific.com/.

[8] Perplexity AI. 2021. https://www.perplexity.ai/. Accessed: January 12, 2025.

[9] American Diabetes Association. 2025. Diabetes Diagnosis & Tests. https://diabetes.org/about-diabetes/diagnosis.

Accessed: 2026-01-15.

[10] P Auer. 2002. Finite-time Analysis of the Multiarmed Bandit Problem.

[11] Jesús Cerquides and Ramon López De Màntaras. 1997. Proposal and Empirical Comparison of a Parallelizable Distance-

Based Discretization Method.. In KDD. 139–142.
[12] I. Csiszar. 1975. 𝐼 -Divergence Geometry of Probability Distributions and Minimization Problems. The Annals of

Probability 3, 1 (1975), 146 – 158. doi:10.1214/aop/1176996454

[13] Finale Doshi-Velez and Been Kim. 2017. Towards a rigorous science of interpretable machine learning. arXiv preprint
arXiv:1702.08608 (2017).

[14] Eurostat and UNESCO Institute for Statistics. 2015. ISCED 2011 Operational Manual Guidelines for Classifying National
Education Programmes and Related Qualifications: Guidelines for Classifying National Education Programmes and Related
Qualifications. OECD publishing.

[15] Usama M Fayyad and Keki B Irani. 1993. Multi-interval discretization of continuous-valued attributes for classification

learning. In Ijcai, Vol. 93. 1022–1029.
[16] Matthias Feurer, Aaron Klein, Katharina Eggensperger, Jost Springenberg, Manuel Blum, and Frank Hutter. 2015.

Efficient and robust automated machine learning. Advances in neural information processing systems 28 (2015).
[17] Salvador Garcia, Julian Luengo, José Antonio Sáez, Victoria Lopez, and Francisco Herrera. 2012. A survey of discretiza-

tion techniques: Taxonomy and empirical analysis in supervised learning. TKDE (2012), 734–750.

[18] Pieter Gijsbers and Joaquin Vanschoren. 2021. GAMA: A General Automated Machine Learning Assistant. Springer
International Publishing, 560–564. doi:10.1007/978-3-030-67670-4_39

[19] GitHub repository. 2025. Quill. https://github.com/ey-l/quill/blob/main/full_technical_report.pdf

[20] Jan Hauke and Tomasz Kossowski. 2011. Comparison of values of Pearson’s and Spearman’s correlation coefficients

on the same sets of data. Quaestiones geographicae (2011), 87–93.
[21] Yuval Heffetz, Roman Vainstein, Gilad Katz, and Lior Rokach. 2019. DeepLine: AutoML Tool for Pipelines Generation

using Deep Reinforcement Learning and Hierarchical Actions Filtering. arXiv:1911.00061 [cs.LG] https://arxiv.org/

abs/1911.00061

[22] Miguel A Hernán and James M Robins. 2020. Causal Inference: What If. Chapman & Hall/CRC. Available at

https://www.hsph.harvard.edu/miguel-hernan/causal-inference-book/.

[23] Kosuke Imai, Gary King, and Elizabeth A Stuart. 2008. Misunderstandings between experimentalists and observa-

tionalists about causal inference. Journal of the Royal Statistical Society Series A: Statistics in Society 171, 2 (2008),

481–502.

[24] GuidoW Imbens andDonald B Rubin. 2015. Causal Inference for Statistics, Social, and Biomedical Sciences: An Introduction.
Cambridge University Press.

[25] Randy Kerber. 1992. Chimerge: Discretization of numeric attributes. In AAAI. 123–128.
[26] Klaus Krippendorff. 2011. Computing Krippendorff’s alpha-reliability. (2011).

[27] Himabindu Lakkaraju, Stephen H Bach, and Jure Leskovec. 2016. Interpretable decision sets: A joint framework for

description and prediction. In Proceedings of the 22nd ACM SIGKDD international conference on knowledge discovery
and data mining. 1675–1684.

[28] Robert J. LaLonde. 1986. Evaluating the econometric evaluations of training programs with experimental data. The
American Economic Review 76, 4 (1986), 604–620.

[29] Benjamin Letham, Cynthia Rudin, Tyler H McCormick, and David Madigan. 2015. Interpretable classifiers using rules

and Bayesian analysis: Building a better stroke prediction model. The Annals of Applied Statistics 9, 3 (2015), 1350–1371.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 198. Publication date: June 2026.

https://www.kaggle.com/datasets/edalrami/19000-spotify-songs
https://www.kaggle.com/datasets/zaurbegiev/my-dataset/data?select=credit_train.csv
https://www.kaggle.com/datasets/atharvaingle/crop-recommendation-dataset/data
https://www.kaggle.com/datasets/atharvaingle/crop-recommendation-dataset/data
https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database
https://www.kaggle.com/datasets/hrish4/taxi-trip-fare-data-2023
https://www.kaggle.com/datasets/yasserh/titanic-dataset
https://www.prolific.com/
https://www.perplexity.ai/
https://diabetes.org/about-diabetes/diagnosis
https://doi.org/10.1214/aop/1176996454
https://doi.org/10.1007/978-3-030-67670-4_39
https://github.com/ey-l/quill/blob/main/full_technical_report.pdf
https://arxiv.org/abs/1911.00061
https://arxiv.org/abs/1911.00061
https://arxiv.org/abs/1911.00061


198:26 Eugenie Lai et al.

[30] Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, Naman Goyal, Heinrich Küttler,

Mike Lewis, Wen-tau Yih, Tim Rocktäschel, et al. 2020. Retrieval-augmented generation for knowledge-intensive nlp

tasks. Advances in neural information processing systems 33 (2020), 9459–9474.
[31] Scott M Lundberg and Su-In Lee. 2017. A unified approach to interpreting model predictions. Advances in Neural

Information Processing Systems 30 (2017).
[32] Christopher D Manning, Prabhakar Raghavan, and Hinrich Schütze. 2008. Introduction to Information Retrieval.

Cambridge University Press.

[33] Cian P McCarthy, Kazem Rahimi, and John W McEvoy. 2024. Age-stratified risk categories for cardiovascular disease

prevention therapies. JAMA cardiology 9, 12 (2024), 1069–1070.

[34] Morris L Medley. 1980. Life satisfaction across four stages of adult life. The International Journal of Aging and Human
Development (1980), 193–209.

[35] S. Mehta, S. Parthasarathy, and Hui Yang. 2005. Toward unsupervised correlation preserving discretization. IEEE
Transactions on Knowledge and Data Engineering 17, 9 (2005), 1174–1185. doi:10.1109/TKDE.2005.153

[36] Kaisa Miettinen. 1999. Nonlinear multiobjective optimization. Vol. 12. Springer Science & Business Media.

[37] Stefano Monti and Gregory F Cooper. 1999. A latent variable model for multivariate discretization.. In AISTATS.
[38] Dominik Moritz, Chenglong Wang, Greg L Nelson, Halden Lin, Adam M Smith, Bill Howe, and Jeffrey Heer. 2018.

Formalizing visualization design knowledge as constraints: Actionable and extensible models in draco. IEEE transactions
on visualization and computer graphics 25, 1 (2018), 438–448.

[39] Daniel Müllner. 2011. Modern hierarchical, agglomerative clustering algorithms. arXiv:1109.2378 [stat.ML] https:

//arxiv.org/abs/1109.2378

[40] National Cancer Institute. 2020. Breast Cancer Risk in American Women. https://www.cancer.gov/types/breast/risk-

fact-sheet SEER-based, data from 2015–2017, posted April 2020.

[41] OpenAI. 2024. GPT-4o. arXiv:2410.21276 [cs.CL] https://arxiv.org/abs/2410.21276

[42] Judea Pearl. 2009. Causal inference in statistics: An overview. (2009).

[43] Marco Tulio Ribeiro, Sameer Singh, and Carlos Guestrin. 2016. “Why should I trust you?” Explaining the predictions

of any classifier. In Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining. ACM, 1135–1144.

[44] Paul R Rosenbaum and Donald B Rubin. 1984. Reducing bias in observational studies using subclassification on the

propensity score. J. Amer. Statist. Assoc. 79, 387 (1984), 516–524.
[45] Peter J Rousseeuw. 1987. Silhouettes: a graphical aid to the interpretation and validation of cluster analysis. J. Comput.

Appl. Math. 20 (1987), 53–65.
[46] Yossi Rubner, Carlo Tomasi, and Leonidas J Guibas. 2000. The earth mover’s distance as a metric for image retrieval.

International journal of computer vision 40 (2000), 99–121.

[47] Cynthia Rudin. 2019. Stop explaining black box machine learning models for high stakes decisions and use interpretable

models instead. Nature Machine Intelligence 1, 5 (2019), 206–215. doi:10.1038/s42256-019-0048-x
[48] Erich Schubert, Jörg Sander, Martin Ester, Hans Peter Kriegel, and Xiaowei Xu. 2017. DBSCAN revisited, revisited:

why and how you should (still) use DBSCAN. ACM Transactions on Database Systems (TODS) 42, 3 (2017), 1–21.
[49] Oliver Schütze, Xavier Esquivel, Adriana Lara, and Carlos A. Coello Coello. 2012. Using the Averaged Hausdorff

Distance as a Performance Measure in Evolutionary Multiobjective Optimization. IEEE Trans. Evol. Comput. 16, 4
(2012), 504–522. https://doi.org/10.1109/TEVC.2011.2161872

[50] scikit-learn developers. 2025. sklearn.impute.KNNImputer. scikit-learn. https://scikit-learn.org/stable/modules/

generated/sklearn.impute.KNNImputer.html Version 1.7.1.

[51] Jinwook Seo and Ben Shneiderman. 2005. A rank-by-feature framework for interactive exploration of multidimensional

data. Information visualization 4, 2 (2005), 96–113.

[52] Vidya Setlur, Michael Correll, and Sarah Battersby. 2022. Oscar: A semantic-based data binning approach. In IEEE VIS.
IEEE, 100–104.

[53] Fact sheet No. 2011. 3-Water in the atmosphere. https://web.archive.org/web/20120114162401/http://www.metoffice.

gov.uk/media/pdf/4/1/No._03_-_Water_in_the_Atmosphere.pdf. National Meteorological Library and Archive, Met
Office, UK. (2011).

[54] Charles Spearman. 1961. The proof and measurement of association between two things. (1961).

[55] Richard S Sutton, Andrew G Barto, et al. 1998. Reinforcement learning: An introduction. Vol. 1. MIT press Cambridge.

[56] Manasi Vartak, Sajjadur Rahman, Samuel Madden, Aditya Parameswaran, and Neoklis Polyzotis. 2015. Seedb: Efficient

data-driven visualization recommendations to support visual analytics. In PVLDB. NIH Public Access.

[57] Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, et al. 2022.

Chain-of-thought prompting elicits reasoning in large language models. Advances in Neural Information Processing
Systems 35 (2022), 24824–24837.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 198. Publication date: June 2026.

https://doi.org/10.1109/TKDE.2005.153
https://arxiv.org/abs/1109.2378
https://arxiv.org/abs/1109.2378
https://arxiv.org/abs/1109.2378
https://www.cancer.gov/types/breast/risk-fact-sheet
https://www.cancer.gov/types/breast/risk-fact-sheet
https://arxiv.org/abs/2410.21276
https://arxiv.org/abs/2410.21276
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1109/TEVC.2011.2161872
https://scikit-learn.org/stable/modules/generated/sklearn.impute.KNNImputer.html
https://scikit-learn.org/stable/modules/generated/sklearn.impute.KNNImputer.html
https://web.archive.org/web/20120114162401/http://www.metoffice.gov.uk/media/pdf/4/1/No._03_-_Water_in_the_Atmosphere.pdf
https://web.archive.org/web/20120114162401/http://www.metoffice.gov.uk/media/pdf/4/1/No._03_-_Water_in_the_Atmosphere.pdf


Interpretable Attribute Discretization 198:27

[58] Graham Wills and Leland Wilkinson. 2010. Autovis: automatic visualization. Information Visualization 9, 1 (2010),

47–69.

[59] Kanit Wongsuphasawat, Dominik Moritz, Anushka Anand, Jock Mackinlay, Bill Howe, and Jeffrey Heer. 2015. Voyager:

Exploratory analysis via faceted browsing of visualization recommendations. IEEE transactions on visualization and
computer graphics 22, 1 (2015), 649–658.

[60] Rui Xin, Chudi Zhong, Zhi Chen, Takuya Takagi, Margo Seltzer, and Cynthia Rudin. 2022. Exploring the whole

rashomon set of sparse decision trees. Advances in neural information processing systems 35 (2022), 14071–14084.
[61] Hongyu Yang, Cynthia Rudin, and Margo Seltzer. 2017. Scalable Bayesian rule lists. In International conference on

machine learning. PMLR, 3921–3930.

Received October 2025; revised January 2026; accepted February 2026

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 198. Publication date: June 2026.


	3807458-acm-masthead-cover
	3807458-V4-N3-June26-Contents
	3802001
	Abstract

	3802002
	Abstract
	1 Introduction
	2 Related Works
	3 A Case for Lightweight Proxy Model For Efficient AI Query Engine
	4 Lightweight Proxy Approximation
	4.1 Online and Offline Proxy Model Training
	4.2 Imbalanced Label Training
	4.3 Automatic Proxy Model Evaluation
	4.4 Adaptive Proxy Model Selection

	5 Detailed Analysis of Proxy Approximation
	5.1 Evaluation Setup
	5.2 Fast Semantic Filtering
	5.3 Fast Semantic Ranking
	5.4 Impact of Sampling Strategy
	5.5 Imbalanced Data Label Challenge
	5.6 Role of Embedding Quality
	5.7 Online VS. Offline Training and Model Selection
	5.8 Proxy Model Robustness Across Relational Filter Predicates

	6 Discussion and Lessons for Future Research
	6.1 Optimize Using Diverse Array of Models
	6.2 Proxies for other AI Query Operators

	7 Conclusion & Future Work
	Acknowledgments
	References

	3802003
	Abstract
	1 Introduction
	2 Background: Probabilistic Programming
	2.1 Probabilistic Graphical Models
	2.2 Probabilistic Programming Languages

	3 Modeling AQP with Discrete Distributions
	3.1 Supported Queries
	3.2 Problem Formulation

	4 System Overview
	4.1 System Architecture
	4.2 SQL to BTL++
	4.3 BTL++ to Tensor Algebra

	5 Compiler Optimizations
	6 Experiments
	6.1 Setup
	6.2 Cardinality Estimation
	6.3 Performance of AQP
	6.4 Optimizations in Compilation Phases
	6.5 Scalability with Group-By Complexity
	6.6 Offline Training
	6.7 Compilation Overhead

	7 Future Directions
	8 Related Work
	9 Conclusions
	Acknowledgments
	References

	3802004
	Abstract
	1 Introduction
	2 Query Syntax and Semantics
	3 Use Cases
	4 Background
	4.1 Sampling
	4.2 Embedding-based Blocking

	5 Efficient JoinML Algorithms with Guarantees
	5.1 Weighted Wander Join
	5.2 Blocking-augmented Sampling
	5.3 BaS with Adaptive Allocation
	5.4 BaS for Selection Queries
	5.5 Practical Guidelines

	6 Theoretical Analysis of BaS
	6.1 BaS Converges to the Optimal Allocation
	6.2 BaS Outperforms or Matches WWJ

	7 Evaluation
	7.1 Experiment Settings
	7.2 Statistical Guarantees
	7.3 End-to-end Performance
	7.4 Application of Approximate COUNT: Join Order Optimization
	7.5 Ablation Study
	7.6 Sensitivity Analysis

	8 Related Work
	9 Conclusion
	10 Acknowledgements
	References

	3802005
	Abstract
	1 Introduction
	2 State-of-the-art Solutions
	2.1 McSplit Algorithm
	2.2 RRSplit Algorithm
	2.3 Discussion

	3 Dual-Symmetry Breaking Framework
	3.1 Modular Symmetry
	3.2 Variable Symmetry Breaking
	3.3 Value Symmetry Breaking
	3.4 Compatibility
	3.5 Algorithm Description
	3.6 Variants
	3.7 Complexity Analysis

	4 Experiments
	4.1 Performance Comparison
	4.2 Further Analysis
	4.3 Ablation Study

	5 Related Work
	6 Conclusion
	7 Limitation and Future Work
	Acknowledgments
	References

	3802006
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Notations
	3.2 Graph Pattern Counting
	3.3 Differential Privacy on Graphs
	3.4 Local Differential Privacy
	3.5 Useful Concentration Bounds

	4 LDP Walk Counting
	4.1 Overview of the RR-Based Method
	4.2 Our Approach: Multi-Round Aggregation
	4.3 Optimization in Efficiency

	5 LDP Path Counting
	5.1 Random Marking: Transforming Path Counting into Walk Counting 
	5.2 Integrating DP and Efficiency Optimization

	6 LDP Acyclic Pattern Counting
	6.1 Ordering Vertices in Acyclic Patterns
	6.2 Non-Private Acyclic Pattern Counting
	6.3 Integrating DP and Efficiency Optimization

	7 Experiment
	7.1 Setup
	7.2 Experiment Results
	7.3 Sampling Error vs. DP Noise

	8 Future Work
	References

	3802007
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Related Work
	2.2 Problem Statement

	3 The KNode-based Framework
	3.1 Inspiration from the kNN based Algorithms
	3.2 The Concept of k-Node

	4 Support RPA-OD Under Data Streams
	4.1 Maintenance of (NNl)
	4.2 e(lk+, t, f, S) Guided Outlier Evaluation
	4.3 Outlier Retrieval
	4.4 Adjusting Distance Threshold r
	4.5 Cost Analysis

	5 Performance Evaluation
	5.1 Experimental Settings
	5.2 Comparisons Under Fixed Parameters
	5.3 Comparisons Under Dynamic Parameters

	6 Conclusion
	Acknowledgments
	References

	3802008
	Abstract
	1 Introduction
	2 Typical Queries and Related Work
	2.1 Typical Scholarly Queries
	2.2 Related Systems

	3 Knowledge Representation Layer: From Multi-Modal Structure to Hierarchical Research Taxonomies
	3.1 Reference-enhanced Taxonomy Construction

	4 LLM-Centric Hybrid Planning Layer: From Natural-Language Queries to Executable Plans
	4.1 LLM-Driven Query Decomposition
	4.2 Predefined Plan Selection
	4.3 Dynamic Plan Generation with Self-correction

	5 Unified Execution Layer: Operator Orchestration and Execution
	5.1 Operator Library
	5.2 Unified Query Execution Engine

	6 Experimental Study
	6.1 Evaluation of Retrieval
	6.2 Information Extraction and Synthesis
	6.3 Knowledge Discovery and Generation
	6.4 Case Study on Learning-based Query Optimization
	6.5 Validating Architectural Design

	7 Lessons Learned and Future Work
	8 Conclusion
	Acknowledgments
	References

	3802009
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 LLM Inference
	2.2 A Deep Insight into the Decode
	2.3 The Bottleneck of Tokens with Long Prefix
	2.4 Exploration of Prefix-aware Batching

	3 AlignedServe
	3.1 Challenges and Design Philosophy
	3.2 The Overall Architecture
	3.3 The Prefix-aware Batching Policy
	3.4 The Batch-level Scheduling Policy
	3.5 Details of Implementation

	4 Performance Evaluation
	4.1 Experimental Setup
	4.2 Decoding Throughput
	4.3 Decoding Latency
	4.4 Ablation Study

	5 Related Works
	6 Conclusion
	Acknowledgments
	References

	3802010
	Abstract
	1 Introduction
	1.1 Contributions
	1.2 Related Work
	1.3 Organization

	2 Preliminaries
	2.1 Notation and Computational Model
	2.2 Uniform Graphlet Sampling
	2.3 Concentration Inequalities

	3 Improved Algorithms to Compute the Degree-Dominating Order
	3.1 A Simple Approach Using O(logn) Passes
	3.2 From O(logn) to O(1/c) Passes

	4 Approximating the k-Graphlet Distribution
	4.1 Sampling with Counters
	4.2 Counters vs. Rejection: a Variance View
	4.3 The Complete Algorithm

	5 Experiments
	5.1 Datasets
	5.2 Computing the DD Order
	5.3 Computing the Graphlet Distribution

	6 Conclusion
	Acknowledgments
	References

	3802011
	Abstract
	1 Introduction
	2 Background on Filtered Vector Search
	2.1 Execution Strategies for FVS Queries
	2.2 Inline Filter-Agnostic Approaches
	2.3 Filter-Agnostic FVS Algorithms

	3 FVS Algorithms in PostgreSQL Database
	3.1 Graph-based Filter-First Methods
	3.2 Graph-based Traversal-First Methods
	3.3 Filtered ScaNN
	3.4 Steps in a Search Algorithm in a System

	4 Filtered Vector Workload Generator
	4.1 The need for exhaustive correlation studies
	4.2 Implementation

	5 Experimental Setup
	6 Evaluations and Analysis
	6.1 Performance Results
	6.2 Where Does the Time Go?
	6.3 Sensitivity to Result Size (LIMIT k)
	6.4 Non-Monotonic Performance
	6.5 Correlation Effects
	6.6 Sources of System Overhead

	7 Observations and Insights
	8 Related Work
	9 Future Work and Conclusions
	Acknowledgments
	References

	3802012
	Abstract
	1 Introduction
	2 Preliminary and Related Work
	2.1 Anomaly Detection and Attack Investigation
	2.2 Log Text and Provenance Graph
	2.3 Research Status
	2.4 Knowledge Graph-Augmented LLM
	2.5 Threat Model
	2.6 Problem Definition

	3 Overview of System Design
	4 Details of ANTEATER
	4.1 Anomaly Log Detection Model
	4.2 Attack Investigation Module

	5 Evaluation
	5.1 Experiment Setup
	5.2 Effectiveness of Anomaly Detection Module
	5.3 Effectiveness of Attack Investigation
	5.4 Overhead Analysis
	5.5 Decoupling Test
	5.6 Case study and mechanism analysis
	5.7 Robustness Analysis
	5.8 Hyperparameter Analysis

	6 Discussion and Limitations
	6.1 Application and Integration of LLMs
	6.2 Dependency on Logging System

	7 Conclusion
	Acknowledgments
	References

	3802013
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 DBSCAN
	3.2 Kernel Density Estimation

	4 Approximate Method for DBSCAN Clustering
	4.1 MCDS Formulation for DBSCAN Clustering
	4.2 Approximation Algorithm LDBS-KDE
	4.3 Time Complexity
	4.4 Accuracy Analysis

	5 Experiment
	5.1 Setup
	5.2 Results

	6 Conclusion
	Acknowledgments
	References

	3802014
	Abstract
	1 Introduction
	2 Workload Drift in Learned Database Systems
	2.1 Problem Definition
	2.2 Quantifying the Degree of Workload Drift
	2.3 JOB-light-drift and STATS-drift

	3 Evaluation Methodology
	3.1 Selected Database Components
	3.2 Evaluation Setup

	4 Cardinality Estimation
	4.1 Analysis of Performance
	4.2 Key Findings and Insights.

	5 Cost Estimation
	5.1 Performance Analysis
	5.2 Key Findings and Insights

	6 Query Optimization
	6.1 Analysis of Performance
	6.2 Key Findings and Insights

	7 Related Work
	8 Conclusions and Future Directions
	8.1 Conclusions and Key Takeaways
	8.2 Future Directions

	Acknowledgments
	References

	3802015
	Abstract
	1 Introduction
	2 Background
	2.1 Adaptive Radix Trees (ART)
	2.2 Multiversion Data Structures (VERLIB)
	2.3 Integrating VERLIB with ART
	2.4 Non-Volatile Memory (NVM)
	2.5 Durable Linearizability

	3 Design of PermART
	3.1 Ensuring Durable Linearizability
	3.2 Optimizing Copy-on-Write

	4 Experimental Evaluation
	4.1 Point Operation Performance
	4.2 Range Query Performance
	4.3 MVCC Cost Breakdown
	4.4 In-Node Logging Benefits
	4.5 Durability Cost Breakdown

	5 Related Work
	5.1 Multiversioning
	5.2 Persistent Indexes

	6 Conclusion
	Acknowledgments
	References

	3802016
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Shapley-like Values
	3.2 The Monte Carlo Method

	4 STATIC STRATIFIED SAMPLING
	5 Adaptive Stratified Sampling
	5.1 Proper Sample Allocation for Stratification
	5.2 Stratification after Sampling (ASSS-A)
	5.3 Stratification before Sampling (ASSS-B)
	5.4 Theoretical Analysis

	6 Experiments
	6.1 Experiment Setup
	6.2 Effectiveness
	6.3 Efficiency
	6.4 Scalability
	6.5 Robustness
	6.6 Summary and Guidelines

	7 Conclusions
	References

	3802017
	Abstract
	1 Introduction
	2 Background
	3 Argus Overview
	4 Constrained Abstract Query
	5 Test Oracle Discovery
	5.1 Database Seeding
	5.2 CAQ Pairs Generation
	5.3 Equivalence Checking

	6 Test Cases Instantiation
	6.1 Corpus Synthesis
	6.2 Query Instantiation
	6.3 Database Instantiation and Bug Reporting

	7 Evaluation
	7.1 New Bugs and Oracles
	7.2 Code Coverage
	7.3 Effect of Test Oracles
	7.4 Effect of SQL Equivalence Prover
	7.5 Cost and Efficiency Analysis
	7.6 Component-wise Analysis

	8 Discussion
	9 Related Work
	10 Conclusion
	11 Ackowledgements
	References

	3802018
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Database Native Functions
	2.2 Database Native Function Code Synthesis
	2.3 Pilot Study

	3 DBCooker Overview
	4 Function Characterization
	4.1 Function Declaration Collection
	4.2 Distinctive Function Unit Identification
	4.3 Cross-Unit Reference Analysis

	5 Function Code Synthesis Operations
	5.1 Pseudo-based Coding Plan Generation
	5.2 Progressive Code Synthesis
	5.3 Three-Stage Code Validation

	6 From Static Function Synthesis to Adaptive Tool Orchestration
	6.1 Operation-as-Tool Abstraction
	6.2 Tool-based Stepwise Function Synthesis

	7 Experiments
	7.1 Experiment Settings
	7.2 Overall Performance
	7.3 Fine-Grained Analysis
	7.4 Ablation Study
	7.5 New Native Function Synthesis

	8 Related Work
	9 Conclusion and Future Work
	Acknowledgments
	References

	3802019
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Foundational Metrics and Notation
	2.2 Global Coverage and Local Fidelity
	2.3 Problem Formulation

	3 Motivation and Challenges
	3.1 Theoretical Motivation for Local Fidelity
	3.2 Key Challenges

	4 Methods
	4.1 LASS-Lite: a simple and robust baseline
	4.2 LASS-NA: neighbor-aware cohort selection as budgeted concave coverage
	4.3 Algorithmic Analysis

	5 Experiments
	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802020
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Statement
	2.2 Supported Transformation Operators
	2.3 Monte Carlo Tree Search

	3 Our Framework
	3.1 DP Action Sandbox
	3.2 Fundamental Pipeline Generator
	3.3 Execution-aware Pipeline Optimizer

	4 Experiments
	4.1 Main Results
	4.2 Ablation Study
	4.3 Further Analysis

	5 Related Work
	6 Conclusions
	Acknowledgments
	References

	3802021
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries and Problem Definition
	3.1 Notations and Blocking
	3.2 Entity Matching
	3.3 Problem Definition

	4 Budget-Aware Entity Matching Across Domains
	4.1 Basic Models
	4.2 Distribution-Aware Models
	4.3 BEACON

	5 Experimental Setup
	5.1 Datasets
	5.2 Implementation Details
	5.3 Baselines

	6 Results and Analysis
	6.1 Main Results
	6.2 Ablation Study
	6.3 Performance of Individual Domains
	6.4 Unbudgeted Analysis

	7 Conclusion
	Acknowledgments
	References

	3802022
	Abstract
	1 Introduction
	1.1 Limitations of Existing Methods
	1.2 Our Approach and Contributions

	2 Preliminary
	3 Filter with Shared Signature
	3.1 Signature
	3.2 Hierarchical Signature
	3.3 Filter with Signature

	4 Visit-Only-Once Backtracking
	4.1 Visit-Only-Once for Shared Candidates
	4.2 Order Optimization with Shared Candidates

	5 Shared Block Reuse
	6 Experimental Evaluation
	6.1 Experimental Setting
	6.2 Overall Performance
	6.3 Evaluation of Parameter Sensitivity
	6.4 Evaluation of Scalability
	6.5 Ablation Study

	7 Related work
	7.1 Subgraph Matching
	7.2 Multi-Subgraph Query Optimization 

	8 Conclusion
	Acknowledgments
	References

	3802023
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Definitions
	2.2 Maxflow Problem

	3 Related Work
	4 Novel Density Bounds
	4.1 Lower Bounds
	4.2 Upper Bounds

	5 Our System Design
	5.1 Overview and Challenges
	5.2 GPU-Aware Data Structures

	6 Algorithm Design
	6.1 Host Algorithm
	6.2 Clique Enumeration
	6.3 Clique Core Decomposition
	6.4 Component Decomposition
	6.5 Dynamic Exact Algorithm

	7 Experiments
	7.1 Setup
	7.2 Overall Performance
	7.3 Effect of Max Height
	7.4 Bound Comparison
	7.5 Effect of Structure Aware Global Relabeling
	7.6 Effect of Clique Enumeration Design
	7.7 Load Imbalance Analysis

	8 Conclusion
	References

	3802024
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Problem Definition
	2.2 Related Work

	3 The Framework of SemStats
	4 Semantic Data Catalog
	4.1 Semantic Data Catalog in SemStats
	4.2 Semantic Data Catalog Construction

	5 Index of Semantic Data Distribution
	5.1 Efficient Index Construction
	5.2 Train A Small Model for Online Judgment

	6 Semantic Cardinality Estimation
	6.1 Relevant Data Location
	6.2 Stratified Importance Sampling
	6.3 Supporting Semantic Joins

	7 Experiments
	7.1 Experimental Settings
	7.2 Overall Evaluation
	7.3 Evaluation of Index Construction
	7.4 Evaluation of Real-World Queries
	7.5 Evaluation of Sampling Method
	7.6 Evaluation of Data Update
	7.7 Scalability Evaluation
	7.8 Evaluation of Hyperparameters

	8 Conclusion
	Acknowledgments
	References

	3802025
	Abstract
	1 Introduction
	2 Background
	3 Bw-Graph Overview
	4 Topology-Aware Tree
	4.1 Storage Layout
	4.2 Hierarchical Organization
	4.3 Complexity Analysis

	5 SMO in Bw-Graph
	5.1 Delta Pages
	5.2 Topology-Aware Consolidation

	6 Version Control Protocol
	6.1 Multi-Version Vertex Index
	6.2 MVCC in Bw-Graph

	7 Evaluation
	7.1 Experimental Setup
	7.2 Transactional Processing
	7.3 Analytical Processing
	7.4 Hybrid Workload
	7.5 Storage Footprint
	7.6 Graph Sampling
	7.7 Design Validation

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802026
	Abstract
	1 Introduction
	1.1 Challenge: Impact of the Data Distribution on Skyline Discovery Performance
	1.2 Our Contributions: Causally-Informed Selective Data De-Correlation

	2 Related Works
	3 Preliminaries
	3.1 Causal Graphs and Skylines
	3.2 Conditioning and De-Correlation

	4 Causal Search for Skylines (CSS) with Selective De-Correlation
	4.1 Problem Formulation
	4.2 Baseline Algorithm - Algorithm #0: Data Driven Conditioning Set Selection

	5 Algorithm #1: Gain-based Negative Path Blocking
	6 Algorithm #2: Leaky Negative Path Blocking
	6.1 Issue #1: Leaky Blocking
	6.2 Issue #2: Noisy Causal Information Passing
	6.3 Leaky Negative Path Blocking
	6.4 Complexity Analysis
	6.5  Computation of the Scaling Parameters

	7 Experiments and Analysis
	7.1 Experiment Setup
	7.2 Experiment Results

	8 Conclusions
	Acknowledgments
	References

	3802027
	Abstract
	1 Introduction
	2 Background
	2.1 Graph-based Index for ANNS
	2.2 GPU Architecture

	3 Motivation and Challenges
	3.1 Characteristics of Graph Index Construction
	3.2 Challenges

	4 Framework Overview
	5 CMANNS's System Design
	5.1 Tensor Core-Accelerated Computation
	5.2 Hot-Set–Aware Dynamic Locality
	5.3 Out-of-GPU-Memory Streaming Pipelining

	6 Implementation and Cost Model
	6.1 Persistent Kernel Execution
	6.2 Cost Model and Shard Size Selection

	7 Evaluation
	7.1 Experimental Setup
	7.2 Overall Performance
	7.3 Adaptation to Other Indices
	7.4 Vector Search Quality
	7.5 Comparison with SOTA CPU Baseline
	7.6 Comparison with SOTA GPU Baseline
	7.7 Out-of-GPU-Memory Evaluation
	7.8 End-to-End Performance: Build & Search
	7.9 Efficiency of Different Optimizations
	7.10 Microbenchmark

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802028
	Abstract
	1 Introduction
	2 Background
	2.1 LLM Inference
	2.2 Attention Mechanism
	2.3 GPU Architecture
	2.4 FlashAttention and FlashDecoding
	2.5 Prefix-sharing

	3 Overview
	3.1 Requirement
	3.2 System Architecture

	4 GPU Kernel Design
	4.1 KV Cache Management
	4.2 Intra-Block Kernel Primitive
	4.3 Inter-Block Launching and Tree-Reduction

	5 Workload Balance
	5.1 Task Division and Scheduling
	5.2 Cost Estimation

	6 Implementation
	7 Evaluation
	7.1 Experimental Setup
	7.2 Comparison with SOTA
	7.3 Ablation Studies
	7.4 Impact of Division Granularity
	7.5 Overhead of Task Division
	7.6 Performance in Varying GPU Cards
	7.7 Performance in Varying Models

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802029
	Abstract
	1 Introduction
	2 Related Work
	3 The Value Linking Problem
	4 Value Linking Taxonomy
	4.1 Input
	4.2 Input Pre-Processing
	4.3 Value Reference Detection
	4.4 Value Mapping
	4.5 Index Creation
	4.6 Filtering
	4.7 Usage of Value Links
	4.8 Random Value Sampling

	5 Overview of Systems
	6 The VLD Benchmark
	7 Evaluation
	7.1 Experimental Setup
	7.2 Evaluation of Value Linking Component
	7.3 Evaluation of the Text-to-SQL Task
	7.4 Ideal Value Links and Noise
	7.5 Performance Impact of Detection and Mapping Methods
	7.6 Generalization to Unseen Schemas
	7.7 Scalability Analysis

	8 Implications for Real-World Deployment
	8.1 The ``Data Blindness'' Bottleneck
	8.2 Lessons Learned and Key Takeaways

	9 Conclusion
	Acknowledgments
	References

	3802030
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Tree Structures
	2.2 Path Copy
	2.3 Related Works

	3 The ConTree Library
	3.1 The State Machine Model
	3.2 Convert Recursive Process to State Machine

	4 The ConTree Implementation
	4.1 Dependency Resolution
	4.2 Reduce Synchronisation Overhead
	4.3 Enable Global Operations via Checkpoints

	5 Tree Structures based on ConTree
	5.1 Adaptive Equalised Radix Tree
	5.2 B-Elastic Tree

	6 Experiment
	7 Conclusion
	Acknowledgments
	References

	3802031
	Abstract
	1 Introduction
	2 Problem Definition
	3 Our Proposed Algorithm
	3.1 Spanning Graph Construction
	3.2 Constrained Shortest Path Finding on Terrain Surfaces (CPTS) Algorithm
	3.3 Theoretical Analysis

	4 Related Work and Baselines
	4.1 Related Work
	4.2 Baseline Algorithms
	4.3 Comparison with Our Algorithm

	5 Experiment
	5.1 Experimental Setting
	5.2 Experimental Results
	5.3 Case Study

	6 Conclusion
	Acknowledgments
	References

	3802032
	Abstract
	1 Introduction
	2 Preliminaries
	3 The CoShap Framework
	3.1 Overview
	3.2 Layer-wise Coalition Growth
	3.3 Feature-wise Variance-Aware Allocation
	3.4 Dynamic Budget Allocation

	4 Theoretical Analysis
	4.1 Unbiasedness Analysis
	4.2 Convergence Analysis
	4.3 Complexity Analysis

	5 Experiments
	5.1 Experimental Setup
	5.2 Accuracy and Efficiency
	5.3 Convergence, Scalability & Interpretability
	5.4 Sensitivity Study
	5.5 Case Study
	5.6 Ablation Study

	6 Related Work
	7 Conclusions
	8 Acknowledgments
	References

	3802033
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Definition
	2.2 Processing RPQs
	2.3 WavePlan
	2.4 Labeled Grid Format

	3 Challenges of GPU-Based CRPQ Processing
	4 GPU-Based Hop-Limited Level-Wise DFS
	4.1 Base Phase
	4.2 Expansion Phase

	5 GPU-Based On-Demand Segment Pooling
	5.1 Visited Segment
	5.2 Checkpoint Segment
	5.3 Bridge Segment

	6 Concurrent Exploration-Materialization
	6.1 Batch-Incremental Materialization
	6.2 Processing CRPQs with Execution Plans

	7 Architecture of cuRPQ
	8 Performance Evaluation
	8.1 Experimental Setup
	8.2 Comparison of RPQ Performance
	8.3 Comparison of CRPQ Performance
	8.4 GPU Performance and Parallelism Analysis
	8.5 Ablation Study on cuRPQ

	9 Related Work
	10 Conclusion and Discussion
	Acknowledgments
	References

	3802034
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Formulation
	2.2 Scope and Assumptions

	3 The DBugScribe Framework
	3.1 Design Philosophy
	3.2 System Architecture
	3.3 DBugScribe DSL: DBMS Bug Scenarios
	3.4 LLM-Driven Synthesis Pipeline
	3.5 Execution and Validation Engine

	4 Experimental Evaluation
	4.1 Dataset Construction and Curation
	4.2 Reproduction Effectiveness Analysis
	4.3 Fine-Grained Performance Analysis
	4.4 Extended Applications and Discoveries

	5 Discussion
	6 Related Work
	7 Conclusion
	References

	3802035
	Abstract
	1 Introduction
	2 DeepEye-SQL Overview
	3 The Design Details of DeepEye-SQL
	3.1 Semantic Value Retrieval
	3.2 Robust Schema Linking
	3.3 N-version Programming for SQL Generation
	3.4 SQL Unit Testing and Revision via Tool-Chain
	3.5 Confidence-aware SQL Selection
	3.6 Workflow Optimization

	4 Experiments
	4.1 Experimental Setup
	4.2 Overall Performance
	4.3 Robust Schema Linking Analysis
	4.4 Analysis on N-Version Programming for SQL Generation
	4.5 Confidence-aware SQL Selection Analysis
	4.6 Ablation Study
	4.7 Efficiency Analysis
	4.8 Error Analysis

	5 Related Work
	6 Conclusion
	Acknowledgments
	References

	3802036
	Abstract
	1 Introduction
	2 Background
	3 Join Implication Reasoning
	3.1 Overview
	3.2 Implication Reasoning Rules
	3.3 Proofs
	3.4 Properties

	4 Implementation
	5 Evaluation
	5.1 Experimental Setup
	5.2 Bug Finding Effectiveness
	5.3 Diversity of Join Optimization Bugs
	5.4 Representative Bugs and Root Causes
	5.5 Comparative Study of Test Oracles

	6 Discussion
	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802037
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 MLLM Architecture
	2.2 Scaling Visual Inputs in Modern MLLMs
	2.3 Motivation

	3 DFLOP
	3.1 Overview
	3.2 Profiling Engine
	3.3 Data-aware 3D Parallelism Optimizer
	3.4 Online Microbatch Scheduler

	4 Implementation
	5 Evaluation
	5.1 Experimental Setup
	5.2 Macro Experiments
	5.3 Micro Experiments

	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802038
	Abstract
	1 Introduction
	2 Background and Motivation
	3 Illustrative Example
	4 SQLFlex
	4.1 Clause-level Segmentation
	4.2 Expression-level Segmentation
	4.3 Validation and Repair
	4.4 Rewriter and Pretty-Printer

	5 Implementation and Experimental Setup
	6 Use Cases
	6.1 SQL Linting
	6.2 Test-Case Reduction

	7 Standalone Evaluation
	7.1 Q1: Effectivness and Reliability
	7.2 Q2: Ablation Study
	7.3 Q3: Efficiency
	7.4 Q4: Parsing DDLs

	8 Discussion and Limitation
	9 Related Work
	10 Conclusion
	Acknowledgments
	References

	3802039
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Multi-way Joins
	2.2 Formulation of Obliviousness

	3 Framework of DO Join
	3.1 Framework
	3.2 Solutions for Problem 2
	3.3 How Problem 1 Matters for DO Join

	4 Relaxed-residual Sensitivity (RRS)
	4.1 Insights from Evaluating Join-max Query
	4.2 Dropping Boundary Attributes
	4.3 Incorporating Degree Information
	4.4 New Smooth UB on Maximum Boundary

	5 RRS-based DO Join
	5.1 Algorithm
	5.2 Theoretical Analysis of Time Complexity
	5.3 Discussions

	6 Experiments
	6.1 Setup
	6.2 Sensitivity
	6.3 DO Join Evaluation
	6.4 Privacy Budget
	6.5 Scalability
	6.6 Access Pattern Instrumentation

	7 Related Work
	8 Conclusion
	References

	3802040
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Trajectory Data
	2.2 Trajectory Simplification
	2.3 Trajectory Reconstruction

	3 Motivation
	4 Our Trajectory Compression Method
	4.1 NoWeaver Baseline
	4.2 Overview of DimWeaver's core optimizations
	4.3 DimWeaver
	4.4 Kinematic Grouping
	4.5 Binary Representation of Output
	4.6 Decompression Algorithm
	4.7 Long-running Trajectories and Updates
	4.8 Extensions to the basic algorithm

	5 Experimental Evaluation
	5.1 Experimental Setup and Data
	5.2 Compression Ratio Comparison
	5.3 Trajectory Compression Time
	5.4 Trajectory Decompression Time
	5.5 Quality of Reconstructed Trajectories
	5.6 Compression of 3D trajectories
	5.7 Comparison with Query-Driven Approaches
	5.8 Online Extension of Simplified Trajectories

	6 Related Work
	7 Conclusions
	References

	3802041
	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Denial Constraints
	2.2 Field Programmable Gate Array (FPGA)

	3 The DCArray Processing Unit
	3.1 Overview
	3.2 Predicate Space Construction
	3.3 DC Enumeration
	3.4 Data Movement

	4 Experimental Evaluation
	4.1 Setup
	4.2 Performance Comparison
	4.3 Varying Dataset Size and Number of Attributes
	4.4 Cost Efficiency Comparison

	5 Conclusion
	Acknowledgments
	References

	3802042
	Abstract
	1 Introduction
	2 Background
	2.1 Differential Privacy
	2.2 SJA Queries with User-Level DP
	2.3 Existing Solutions

	3 DP-S4S for Scalar Queries
	3.1 Sample and Truncate
	3.2 Truncation Threshold Selection
	3.3 Utility Analysis
	3.4 DP-S4S for Approximate DP

	4 DP-S4S for Vector Queries
	4.1 Smooth Sensitivity Mechanism for Rényi DP
	4.2 DP-S4S for Vector Queries

	5 Experiments
	5.1 Setup
	5.2 Comparison on Scalar Queries
	5.3 Comparison on Vector Queries
	5.4 Parameter Study

	6 Conclusion
	Acknowledgments
	References

	3802043
	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Basic Structures
	2.2 Dynamic Filters

	3 Problem Statement and Design Goals
	3.1 Problem Statement
	3.2 Our Goal

	4 The Dynamic Flat Filter Framework
	4.1 Main Idea
	4.2 Architecture and Workflow
	4.3 Framework Compatibility Interface
	4.4 Design Features of Lookup Table
	4.5 Fingerprint Growth Strategy
	4.6 Filter Operations
	4.7 Scaling Mechanism

	5 Performance Analysis
	5.1 Memory Footprint
	5.2 False Positive Rate
	5.3 Time Cost

	6 Performance evaluation
	6.1 Experimental Settings
	6.2 Parameter Evaluation
	6.3 Operation Performance
	6.4 Maximum Operation Blocking Duration
	6.5 Operation Time Breakdown
	6.6 Execution Time Under Mixed Operations
	6.7 False Positive Rate (FPR)
	6.8 Memory Footprint
	6.9 Fingerprint Length Sensitivity
	6.10 Throughput on Skewed Datasets

	7 Discussion
	8 Conclusion
	Acknowledgments
	References

	3802044
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem definition
	2.2 The QP formulation of the ADS problem
	2.3 The first-order optimization problem

	3 Analysis of SOTA Algorithms
	3.1 Review of the state-of-the-art methods
	3.2 In-depth analysis of the SOTAs

	4 PGD-based ADS algorithm
	4.1 A new QP formulation for the ADS problem
	4.2 Our PGD-based algorithm

	5 Our graph reduction technique
	5.1 A k-rcore-based graph reduction technique
	5.2 Efficiently estimating the lower bound of R*

	6 Our PASTA and PASTA-Exact algorithms
	7 Experiments
	7.1 Setup
	7.2 Efficiency results
	7.3 Effectiveness results
	7.4 Sensitivity analysis
	7.5 Memory usage and scalability

	8 Related works
	9 Conclusions
	Acknowledgments
	References

	3802045
	Abstract
	1 Introduction
	2 Preliminaries and Analysis
	2.1 Existing On-disk Graph-based Indexes
	2.2 Roofline Model Analysis

	3 Index Layout of Laser
	3.1 Technical Challenges
	3.2 SIMD-friendly Layout of Laser
	3.3 Node Caching Scheme in Laser

	4 Search Strategy in Laser
	4.1 Cluster-based Entry Point Selection
	4.2 Adaptive Beam Expansion Strategy
	4.3 Early Dispatch Mechanism

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance Evaluation
	5.3 Effectiveness Study

	6 Related Work
	7 Conclusion
	References

	3802046
	Abstract
	1 Introduction
	2 Background and Motivation
	3 System Overview
	4 Query Optimizer Design
	5 Query Processor Design
	6 Implementation
	7 Evaluation
	7.1 Microbenchmarks
	7.2 End-to-End Benchmark
	7.3 Ablation Study
	7.4 Sensitivity Analysis
	7.5 Overhead Analysis
	7.6 Case Study

	8 Related Work
	9 Limitations and Future Work
	10 Conclusion
	References

	3802047
	Abstract
	1 Introduction
	2 Preliminary and problem formulation
	2.1 Problem formulation

	3 Warm-up: search space, pre-prunings and baselines
	3.1 Search space and pre-pruning
	3.2 Schema level order fixed approach
	3.3 Sparsity aware data level ordering
	3.4 Discussion

	4 Jigsaw based approach
	4.1 Jigsaw baseline: filtering by incident edges
	4.2 Jigsaw: filtering by bags of subgraphs
	4.3 Strategy for creating optimal bags: stars
	4.4 Last piece of the Jigsaw

	5 Experimental studies
	6 Related works
	7 Conclusion
	Acknowledgments
	References

	3802048
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Background
	2.2 Motivation

	3 Sibling-centric elimination
	3.1 Homogeneous Sibling Nodes
	3.2 Merging-based Subtree Collapse

	4 Ancestor-centric Elimination
	4.1 Implicative Ancestor Nodes
	4.2 Sliding-based Subtree Recombination

	5 Random Forest Predicate
	6 System Implementation
	7 Experimental Studies
	7.1 Experimental Setting
	7.2 Efficiency of Sibling-Centric Elimination
	7.3 Efficiency of Ancestor-Centric Elimination
	7.4 Accuracy of Random Forest Predicate
	7.5 Discussion

	8 Limitations and Future Work
	9 Related Work
	10 Conclusion
	Acknowledgments
	References

	3802049
	Abstract
	1 Introduction
	2 Preliminaries
	3 CONE Model
	3.1 Encoder
	3.2 Embeddings for Numerical Values
	3.3 Composite Embedding Structure

	4 Datasets
	5 Analysis of Distance
	5.1 Analytic Distance Metrics
	5.2 CONE Embedding Components

	6 Experimental Evaluations
	6.1 Experimental Setup
	6.2 Numerical Reasoning
	6.3 Column and Tuple Matching
	6.4 Ablation Study
	6.5 Challenging Cases

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802050
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Background
	2.2 Motivation

	3 Join-based Encoder Translation 
	3.1 Translation for Single Encoder
	3.2 Translation for Cross-chain Encoders

	4 Translation Plan Selection
	4.1 Translation Plan Selection Problem
	4.2 Dynamic Programming-based Selection
	4.3 Priority-based Plan Selection

	5 EncoderForge Architecture
	6 Experimental Evaluation
	6.1 Experimental Setting
	6.2 Effectiveness of Join-based Translation
	6.3 Efficiency of Translation Plan Selection
	6.4 Discussion

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802051
	Abstract
	1 Introduction
	2 Related Work
	2.1 LSH-based methods
	2.2 Graph-based methods
	2.3 Other Methods

	3 Preliminaries
	3.1 Problem Definition
	3.2 Locality Sensitive Hashing based Methods

	4 Motivation
	4.1 Norm Domination
	4.2 Norm Domination in Real Datasets
	4.3 The Effect of Norm Domination on APG

	5 The Norm-Adaptive Partitioning Framework
	5.1 Norm-Adaptive Partitioning Scheme
	5.2 Practical NAP Implementation

	6 NAP-based AMIPS Query
	6.1 A NAP-based Hybrid Index: HT-NSW
	6.2 NAP-based AMIPS Query Algorithm

	7 Complexity Analysis
	8 Experiments
	8.1 Experimental Settings
	8.2 Self Evaluation of NAP
	8.3 Self Evaluation of HT-NSW on AMIPS
	8.4 The Complexity of HT-NSW and HNSW
	8.5 Comparison of HT-NSW with Baselines

	9 Conclusion
	Acknowledgments
	References

	3802052
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Challenges in Multi-leader Replication
	2.2 Toward Unified Protocols
	2.3 Asynchronous Consensus

	3 Minerva's Design
	3.1 System Architecture and Assumptions
	3.2 Optimistic Local Execution
	3.3 Asynchronous Replication
	3.4 Global Epoch Commit
	3.5 Validation and Deterministic Re-execution
	3.6 Detecting Conflicting Transactions
	3.7 Correctness

	4 Implementation
	5 Evaluation
	5.1 Experimental Setup
	5.2 Benchmarks and Metrics
	5.3 Effects of Cross-replica Network Latency
	5.4 Scalability
	5.5 Contention Analysis
	5.6 Fault Tolerance
	5.7 Performance Breakdown
	5.8 Epoch Time
	5.9 Observations and Discussion

	6 Related Work
	7 Conclusions
	Acknowledgments
	References

	3802053
	Abstract
	1 Introduction
	2 Background
	3 Approach
	3.1 Approach Overview
	3.2 Statement Generation
	3.3 Error Validation
	3.4 Result Comparison

	4 Evaluation
	4.1 Effectiveness
	4.2 Selected Bugs
	4.3 Compared with Other Approaches
	4.4 Ablation Study

	5 Discussion
	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802054
	Abstract
	1 Introduction
	2 Background and Related Work
	3 Motivation
	3.1 Linear Algebra based Execution Model
	3.2 Deficiency of Monolithic Function Architecture
	3.3 Implication for System Design

	4 FaaSBoard Overview
	5 Graph Loading and Communication
	5.1 Image-based Graph Loading
	5.2 Proxy-based Collective Communication

	6 Graph Processing and Partitioning
	6.1 2D Balanced Graph Partitioning
	6.2 Proactive Terminate-and-Respawn

	7 Implementation
	8 Evaluation
	8.1 Setup
	8.2 Overall Comparison
	8.3 Detailed Evaluation
	8.4 Trace Analysis
	8.5 Performance under Different Graph Orderings

	9 Conclusion and Future Work
	Acknowledgments
	References

	3802055
	Abstract
	1 Introduction
	1.1 Existing Vectorized Approaches
	1.2 Contributions

	2 Background
	2.1 Vectorized Execution
	2.2 Factorized Query Processing
	2.3 Semantic LLM Operators

	3 System Overview
	4 Packed Factorized Vectors
	4.1 Vector Representation

	5 Query Execution
	5.1 Join Evaluation
	5.2 Cascade Update

	6 Factorized Semantic Processing
	6.1 Semantic Operator Model
	6.2 Windowing Over Factorized Intermediates
	6.3 Structure-Aware Prompt Serialization

	7 Evaluation
	7.1 Setup
	7.2 Factorization and Vectorization Benefits
	7.3 End-to-End Join Benchmark Evaluation
	7.4 Multi-core Scalability
	7.5 Evaluation of Factorized Semantic Processing

	8 Conclusion
	Acknowledgments
	References

	3802056
	Abstract
	1 Introduction
	1.1 Motivation
	1.2 Applications
	1.3 Technical Contributions

	2 Preliminary
	2.1 Data Model
	2.2 Count-Min Sketch
	2.3 Fairness: Equal Expected Approximation Factor
	2.4 Problem Formulation
	2.5 Solution Overview

	3 Fair-Count-Min using Group-Aware Semi-Uniform Hashing
	3.1 d=1
	3.2 General Value of d
	3.3 Negative Result: Row Partitioning Baseline
	3.4 Generalization to Multiple Arbitrary Groups
	3.5 Estimating Group Sizes

	4 Computing The Column Widths
	5 Price of Fairness Analysis
	5.1 d=1
	5.2 General Value of d

	6 Experiments
	6.1 Evaluation Plan
	6.2 Datasets
	6.3 Baselines
	6.4 Experiments Settings
	6.5 Validation: Unfairness Evaluation
	6.6 Price of Fairness Evaluation
	6.7 Efficiency Evaluation
	6.8 Validating Group Columns Allocation

	7 Related Work
	8 Discussions
	8.1 Detecting Heavy Hitters
	8.2 Intersectional Fairness
	8.3 Dynamic Settings

	9 Conclusion
	References

	3802057
	Abstract
	1 Introduction
	1.1 Fair Data Pre-Processing in the Wild
	1.2 Contributions

	2 Preliminaries
	2.1 Causal DAGs
	2.2 Justifiable Fairness
	2.3 Latent Model and Identifiability
	2.4 Information Measures

	3 Problem Statement
	4 LatentPre
	4.1 Latent-Augmented Fairness Policy
	4.2 DAG Refinement
	4.3 The Complete Framework

	5 Algorithmic Design and Analysis
	5.1 Identifiability Analysis
	5.2 Identification of Ic
	5.3 Partition of Ic
	5.4 Parameter Estimation

	6 Experiments
	6.1 Setup
	6.2 End-to-End Performance Evaluation
	6.3 Missing Relationship Recovery
	6.4 Verifying Latent–Sensitive Independence
	6.5 Parameter Analysis
	6.6 Runtime Evaluation

	7 Related Work
	8 Conclusion
	References

	3802058
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Notations
	2.2 Graph Related Concepts
	2.3 Problem Definition
	2.4 Existing Algorithms

	3 New formulation for BD
	4 A Backward Push Algorithm
	4.1 High-level Ideas
	4.2 The BackPush Algorithm
	4.3 Theoretical Analysis

	5 Algorithm via Random Walks
	5.1 Novel Interpretations
	5.2 The FastWalk Algorithm and Analysis

	6 Algorithm via Spanning trees
	6.1 A Tree-based Estimator
	6.2 Optimizations
	6.3 The FastTree Algorithm and Analysis

	7 Experiments
	7.1 Experimental Setting
	7.2 Results on Real-world Networks
	7.3 Results on Model Networks
	7.4 Parameter Sensitivity Analysis

	8 Related Work
	9 Conclusion
	References

	3802059
	Abstract
	1 Introduction
	2 Related Work
	2.1 GNAS Algorithms
	2.2 Parallel GNAS Frameworks
	2.3 Other Parallel Frameworks

	3 Preliminaries
	4 Hybrid Parallelism and Batch Scheduling
	4.1 System Overview
	4.2 Hybrid Parallel Framework with Ring-Based Model Migration
	4.3 Probabilistic Batch Sharing Optimization

	5 Fine-Grained Partitioning-Based Load Balancing Strategy
	5.1 Workload Estimation for GNN Architectures
	5.2 Load-Aware Task Scheduling
	5.3 Exploratory Task Generation

	6 Theoretical Analysis
	7 Experiments
	7.1 Experimental Setup
	7.2 Overall Comparison of Architecture Search
	7.3 Speedup Comparison and Time Breakdown
	7.4 Memory Utilization and Search Time
	7.5 Ablation Study and Scalability Test
	7.6 Analysis on Load Estimator

	8 Conclusion
	Acknowledgments
	References

	3802060
	Abstract
	1 INTRODUCTION
	2 PRELIMINARY AND BACKGROUND
	2.1 Definition
	2.2 Hierarchical Navigable Small World (HNSW)
	2.3 Variants for filtered ANNS

	3 FAVOR
	3.1 Key idea
	3.2 Design of FAVOR

	4 SELECTIVITY-DRIVEN SEARCH SELECTOR
	4.1 Selector Design by Selectivity
	4.2 Selectivity Estimation

	5 FAVOR SEARCH ALGORITHM
	5.1 Basic Idea
	5.2 Search Workflow
	5.3 Exclusion Distance Determination
	5.4 Termination Condition Optimization

	6 EVALUATION
	6.1 Experimental Setup
	6.2 Performance Evaluation
	6.3 Index Construction
	6.4 Ablation Study
	6.5 Verification Test

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802061
	Abstract
	1 Introduction
	2 Background
	3 Design of SCor
	3.1 Representative Short-Circuit Patterns
	3.2 Skeleton Construction and Transformation
	3.3 Query Generation and Mutation
	3.4 Performance Checking

	4 Implementation
	5 Evaluation
	5.1 Testing Setup
	5.2 Detection Capability
	5.3 Pattern Analysis
	5.4 Comparative Evaluation

	6 Discussion
	7 Related Work
	8 Conclusion
	References

	3802062
	Abstract
	1 Introduction
	1.1 Motivation
	1.2 Contribution

	2 Preliminaries
	2.1 Problem Definition
	2.2 Interval Tree

	3 FIRAS for Static Interval Data
	3.1 Data Structures
	3.2 Independent Range Sampling
	3.3 Range Search
	3.4 Seamless Property
	3.5 Generalization

	4 FIRAS for Evolving Interval Data
	4.1 Data Structures
	4.2 EDIT: Evolving Domain Interval Tree
	4.3 Independent Range Sampling
	4.4 Range Search
	4.5 General Update Support

	5 Experimental Evaluation
	5.1 Setup
	5.2 Static Data Case
	5.3 Evolving Interval Data Case

	6 Related Work
	6.1 Interval Search
	6.2 Independent Range Sampling

	7 Conclusion
	Acknowledgments
	References

	3802063
	Abstract
	1 Introduction
	1.1 Motivation
	1.2 Challenge
	1.3 Intuition
	1.4 Contribution

	2 Related Work
	2.1 Lossless Compression for Time Series
	2.2 Frequency-based Lossy Compression

	3 Preliminaries
	3.1 Discrete Fourier Transform (DFT)
	3.2 Uniform Quantization

	4 The FLEA Methodology
	4.1 FLEA Overview
	4.2 Encoding the Frequency Component
	4.3 Encoding the Residual Component
	4.4 FLEA Encoding

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance Comparison
	5.3 Automatic Parameter Determination
	5.4 Ablation Studies
	5.5 Periodicity Stress Tests
	5.6 Coefficient Order Analysis

	6 Deployment in Apache TsFile
	6.1 Native Encoder Integration
	6.2 End-to-End Throughput Evaluation

	7 Conclusion
	Acknowledgments
	References

	3802064
	Abstract
	1 Introduction
	2 Related Work
	3 Problem Definition
	4 Algorithmic challenges
	5 Problem Analysis
	6 Geld
	7 Experimental Evaluation
	7.1 Runtime
	7.2 Memory Consumption
	7.3 Application Studies

	8 Conclusion
	Acknowledgments
	References

	3802065
	Abstract
	1 Introduction
	2 Related Work
	2.1 Single-Vector ANN Search
	2.2 Multi-Vector ANN Search

	3 Preliminary
	3.1 Problem Definition
	3.2 A Baseline Solution

	4 GEM
	4.1 Set-Level Clustering
	4.2 Metric Decoupling and Quantization
	4.3 Graph Construction
	4.4 Graph Enhancement 
	4.5 Query Processing
	4.6 Index Maintenance

	5 Experiments
	5.1 Experimental Settings
	5.2 Performance Analysis
	5.3 Ablation Study
	5.4 Further Analysis

	6 Conclusion
	Acknowledgments
	References

	3802066
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Statement
	2.2 Existing Solutions

	3 Solution
	3.1 Overview
	3.2 Structure- and Content-Aware Blocking
	3.3 Adaptive Connector
	3.4 Hierarchical Reasoning Matching

	4 Experiments
	4.1 Experimental Setup
	4.2 End-to-End Matching Effectiveness
	4.3 Efficiency Analysis
	4.4 Blocking Module Evaluation
	4.5 Adaptive Matching and Connector Analysis
	4.6 Hierarchical Reasoning Matching Analysis
	4.7 Backbone Model Analysis

	5 Related Work
	6 Conclusion
	Acknowledgments
	References

	3802067
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Basic Concepts
	2.2 Problem Formulation

	3 Framework Overview
	4 Hierarchical Clustering
	4.1 Trajectory Feature Extraction
	4.2 Cluster Tree Index Construction

	5 MCTS-based Trajectory Selection
	5.1 Cluster Node Traversal Policy Modeling
	5.2 MCTS-based Policy Learning

	6 Weighted Learning
	7 Experiment
	7.1 Experimental Setup
	7.2 Effectiveness Evaluation
	7.3 Ablation Study
	7.4 Efficiency Evaluation
	7.5 Evaluation on Hyperparameters
	7.6 Impact of Trajectory Characteristics

	8 Related Work
	9 Conclusions and Discussions
	Acknowledgments
	References

	3802068
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Assumptions and Notations
	2.2 Privacy Notions
	2.3 Gaussian Mechanism
	2.4 Gaussian Pancake Distribution

	3 Problem Setup
	3.1 Threat Model
	3.2 Undetectability of Backdoor

	4 Analysis on the Statistical Privacy Leakage to the BPA
	4.1 Lower Bound
	4.2 Upper Bound

	5 Distinguishing Attacks
	6 Mitigations
	6.1 Random Rotation
	6.2 Verifiable DP

	7 Experiments
	7.1 Experiments on Distinguishing Attacks
	7.2 Additional Experiments

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802069
	Abstract
	1 Introduction
	2 Background for Disk-based ANNS
	3 Observations and Insights
	3.1 Accuracy of the Compressed Vectors
	3.2 Demand for the Exact Vectors
	3.3 Contents of the Memory Cache
	3.4 Format of the Disk Block

	4 The GPS System
	4.1 Graph-vector Decoupled Storage Layout
	4.2 Two-stage Search Algorithm
	4.3 Asynchronous Block Prefetch

	5 Experimental Evaluation
	5.1 Experiment Settings
	5.2 Main Results
	5.3 Micro Experiments

	6 Related Work
	7 Conclusion
	References

	3802070
	Abstract
	1 Introduction
	2 Background
	2.1 Ray Tracing
	2.2 Graph Analytics

	3 Related Work
	3.1 Graph Analytics
	3.2 Hardware-accelerated Ray Tracing

	4 Unified Graph Model for Ray Tracing
	4.1 Model Decisions
	4.2 From Graph to Geometric Primitives
	4.3 BVH Construction
	4.4 Queries as Rays
	4.5 RT Pipeline
	4.6 Updates

	5 GraphRTX: RT-Accelerated Graph Analytics
	5.1 Memory Management & Multi-GPU
	5.2 Cooperative Execution

	6 Evaluation & Discussion
	6.1 Model
	6.2 Analytics
	6.3 Updates
	6.4 Efficiency & Limitations

	7 Conclusion
	References

	3802071
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Large Language Models (LLMs)
	2.2 Pipeline of RAG
	2.3 Problem definition
	2.4 Analysis of HPO-based RAG Tuning

	3 Our HAMMER Approach
	4 Query selection
	4.1 The query selection problem
	4.2 Our query selection algorithm

	5 Hierarchical MEMORY-GUIDED MONTE CARLO TREE SEARCH
	5.1 MCTS for RAG tuning
	5.2 The Hierarchical Graph Memory
	5.3 The MG-MCTS Algorithm

	6 Experiments
	6.1 Setup
	6.2 Comparison with the existing methods
	6.3 Detailed analysis of HAMMER

	7 Related works
	8 Conclusions
	Acknowledgments
	References

	3802072
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Statement
	2.2 Privacy Definitions
	2.3 PrivSyn

	3 HeteroFedSyn
	3.1 Overview
	3.2 Workflow of HeteroFedSyn

	4 Building Blocks
	4.1 Marginal Sharing
	4.2 Dependency Measurement
	4.3 Marginal Selection & Data Synthesis
	4.4 Privacy Budget Allocation

	5 Complexity Analysis
	6 Evaluation
	6.1 Setup
	6.2 Analysis of Experimental Results

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802073
	Abstract
	1 Introduction
	2 Background
	2.1 Affinity Scheduling In Cloud Databases
	2.2 Consistent Hashing for Affinity Scheduling
	2.3 HotHash Objectives

	3 HotHash Overview
	3.1 Query Scheduling with HotHash
	3.2 Design Considerations

	4 The HotHash Techniques
	4.1 The Overall Process of HotHash
	4.2 Range Hashing
	4.3 Virtual Hash Ring
	4.4 Handling Node Removals and Additions

	5 Theoretical Analysis
	5.1 Notation
	5.2 Bound on Workload Imbalance and Cache Hit rate
	5.3 HotHash Is Better In Theory

	6 Experiments
	6.1 Experiment Setup
	6.2 Evaluation With Varying Workloads
	6.3 Evaluation With Dynamic Workloads
	6.4 HotHash Overhead
	6.5 Ablation Study
	6.6 Varying Parameters

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802074
	Abstract
	1 Introduction
	2 Preliminaries and Related Work
	2.1 Preliminaries
	2.2 Related Work

	3 Motivation and Problem Formulation
	3.1 Normalization: A Holy Grail Problem
	3.2 A Hierarchical TSAD Approach

	4 HYDRA: Proposed Approach
	4.1 Overview
	4.2 Group Building
	4.3 Representative Selection
	4.4 Per-level Score Computation
	4.5 Score Aggregation
	4.6 HYDRA at Scale: An Approximate Solution
	4.7 HYDRA for Multivariate Time Series

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Overall Accuracy Evaluation
	5.3 Evaluation Across Domains
	5.4 Normalization Impact
	5.5 Ablation Study
	5.6 Scalability Evaluation
	5.7 Limitations and Future Work
	5.8 Key Takeaways

	6 Conclusion
	References

	3802075
	Abstract
	1 Introduction
	2 Related Work
	3 Problem Formulation
	3.1 Partitions
	3.2 Problem Statement

	4 Quill
	4.1 Overview
	4.2 Partition Representations
	4.3 OPS as a Markov Decision Process Problem
	4.4 Solving OPS-MDP via Monte Carlo Control
	4.5 Special Case: Single-Attribute OPS-MDP
	4.6 Tuning Hyperparameters

	5 Instantiations of Utility and Interpretability
	5.1 Measuring Interpretability
	5.2 Measuring Usefulness

	6 Experimental Evaluation
	6.1 Setup
	6.2 Experimental Results
	6.3 Deeper Dive: Case Analysis

	7 Conclusions and Future Work
	Acknowledgments
	References

	3802076
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 IEEE 754 Floating-Point Format
	2.2 Definitions

	3 Kangaroo
	3.1 Overview
	3.2 Cost Model of Reference
	3.3 Pruning-Based Encoding

	4 Dynamic Reference Search
	5 Bit-Flip-Based Erasure
	6 Experiments
	6.1 Datasets and Experimental Settings
	6.2 Compression Ratio
	6.3 [De]compression Speed
	6.4 Ablation Study of Core Modules
	6.5 Cross-Algorithm Evaluation of Kangaroo Components
	6.6 Impact of Batch Size on Performance

	7 Related Work
	7.1 General Compression Algorithms
	7.2 Floating-Point Specialized Compression Algorithms

	8 Conclusion and Future Work
	Acknowledgments
	References

	3802077
	Abstract
	1 Introduction
	2 Background & Related Work
	2.1 KV Cache Basics
	2.2 Sparse Attention
	2.3 KV Cache Offloading

	3 Motivation
	4 System Overview
	5 Attention-Based Cache Management
	5.1 Sliding Window w/ Lookahead Eviction
	5.2 2D Window Scaling

	6 Elastic Pipeline Scheduling
	6.1 SFC Disaggregation
	6.2 Pipeline Optimization
	6.3 Performance Analysis via Roofline Model

	7 Coordinated Multi-Tier KV Storage
	7.1 Importance-Guided Warm-Up
	7.2 SSD-Aware Layout Planning
	7.3 Parallel Sparse Synchronization

	8 Implementation
	9 Experiment
	9.1 Experimental Setup
	9.2 Overall Improvement
	9.3 Micro Benchmark

	10 Conclusion
	11 Future Work
	Acknowledgments
	References

	3802078
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 GPU-Centric Analytics and Its Demands
	2.2 Learned Compression and The Conflict with Legacy Formats
	2.3 Design Challenges

	3 The L3 Format
	3.1 Overview
	3.2 L3 SLAP Layout
	3.3 L3 Format Reading: Warp-Cooperative Learned Decompression
	3.4 L3 Format Writing: GPU-Native Learned Compression Pipeline

	4 Implementation
	5 Evaluation
	5.1 Experimental Setup
	5.2 End-to-End Performance Analysis
	5.3 End-to-End System Evaluation on SSB
	5.4 Format Trade-off Analysis

	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802079
	Abstract
	1 Introduction
	2 Background and Objectives
	2.1 Inverted Index Compression
	2.2 Learned Inverted List Compression
	2.3 Design Objectives

	3 LICO Workflow
	4 Data-Aware Error Bound Configuration
	4.1 Estimation of Required Segment Count
	4.2 Optimal Error Bound Configuration
	4.3 Data-Aware List Partitioning

	5 LICO Compression Workflow
	5.1 Error Scaling and Block Merging
	5.2 Segment Fitting and Encoding
	5.3 Residuals Encoding
	5.4 Discussion of LICO's Extension

	6 LICO Query Processing
	6.1 Memory Re-layout
	6.2 List Operator Implementation

	7 Evaluation and Discussions
	7.1 Experimental Setups
	7.2 Validation of Theoretical Results (Q1)
	7.3 Partition Algorithm Evaluation (Q2)
	7.4 Overall Performance Evaluation (Q3)
	7.5 Query Processing Evaluation (Q4)
	7.6 SIMD Effectiveness Evaluation (Q5)
	7.7 Sensitivity Evaluation (Q6)
	7.8 Summary of Results

	8 Related Work
	9 Conclusion
	10 Acknowledgments
	References

	3802080
	Abstract
	1 Introduction
	2 Challenges and Related Work
	3 LINE Overview
	4 Group-Enhanced Leaf Nodes
	4.1 Leaf Node with Variable-Sized Groups
	4.2 Leaf Index Operations without SMOs
	4.3 Leaf SMOs with Group-Wise Migration

	5 Cache-Optimized Inner Tree
	5.1 Cache-Aware Error Bound Selection
	5.2 Skew-Tolerant Root Node
	5.3 Index Operations in Inner Tree

	6 Cost Analysis
	7 Performance Evaluation
	7.1 Experimental Setup
	7.2 Overall Performance
	7.3 Benefits of Individual Techniques

	8 Conclusion and Discussion
	Acknowledgments
	References

	3802081
	Abstract
	1 Introduction
	2 Problem Formulation
	2.1 Refinements
	2.2 Local Stability
	2.3 -Local Stability

	3 Computing Local Stability
	4 Optimizations
	4.1 Reducing the Set of Reasonable Changes
	4.2 Reduce Re-ranking Cost
	4.3 Reduce Sampling for Bounded 

	5 Detecting Dense Regions
	6 Experiments
	6.1 Experimental Setup
	6.2 Case Studies
	6.3 Effect of Parameters
	6.4 Dense Region Detection
	6.5 Scalability & Optimizations
	6.6 Local vs. Global Ranking Stability

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802082
	Abstract
	1 Introduction
	1.1 Motivation
	1.2 Our Contributions
	1.3 Related Work

	2 Preliminaries
	3 System Overview
	3.1 System Architecture
	3.2 Loom API and Workflow

	4 Security Properties of Loom
	4.1 Post-Compromise Security
	4.2 Formal Security Definition

	5 Details of Loom
	5.1 Design Principles and Core Mechanisms
	5.2 Data Indexing and Query Processing
	5.3 Security Analysis

	6 Supporting Dynamic Group Scenario
	7 Implementations and Evaluations
	7.1 Implementation
	7.2 Performance Evaluation

	8 Discussion
	Acknowledgments
	References

	3802083
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Definition
	2.2 Jaccard Similarity Estimation via Min-Hash
	2.3 Locality‐Sensitive Hashing (LSH) Framework for Jaccard Similarity

	3 The Framework
	4 Tight Interval Generation
	4.1 Single Hash Function
	4.2 Multiple Hash Functions

	5 Partitioning by Tight Intervals
	6 The LSHAlign Algorithm
	7 Experiment
	7.1 Evaluating Partition Generation Time
	7.2 Sensitivity Study
	7.3 Comparing with the State-of-the-Art
	7.4 Scalability

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802084
	Abstract
	1 Introduction
	2 Preliminary
	3 Baseline Solutions
	3.1 Online Computation
	3.2 The HDT Algorithm
	3.3 Other Related Work

	4 Our Approaches
	4.1 Index Foundations
	4.2 Our Index Structure

	5 Index Maintenance
	5.1 Edge Deletion
	5.2 Edge Insertion

	6 Performance Studies
	6.1 Update Efficiency
	6.2 Query Processing
	6.3 Index Size

	7 Conclusion
	Acknowledgments
	References

	3802085
	Abstract
	1 Introduction
	2 Related Work
	2.1 Learned Indexes
	2.2 Attacks on a Learned Index

	3 Problem Statement and Existing Attacks
	3.1 Problem Statement
	3.2 Existing Attacks

	4 Optimality of Single-Point Poisoning Attack
	5 Multi-Point Poisoning Attack
	5.1 Structure of Optimal Multi-Point Attacks
	5.2 Upper Bound on Impact of Optimal Multi-Point Poisoning Attacks
	5.3 Segment + Endpoint Attack

	6 Experimental Evaluation
	6.1 Experimental Setup
	6.2 Upper Bound vs Greedy Poisoning
	6.3 Greedy Poisoning vs Seg+E
	6.4 Running time Evaluation
	6.5 Ablation Study of n and R
	6.6 Detailed Analysis in Small-Scale Settings
	6.7 Impact of Poisoning on Lookup Time

	7 Discussion
	8 Limitations and Future Work
	9 Conclusion
	Acknowledgments
	References

	3802086
	Abstract
	1 Introduction
	2 Problem and Preliminaries
	3 The Branch-and-Bound Algorithms
	3.1 Overview of the Branch-and-bound Algorithms
	3.2 A Partition-based Framework: ParBB
	3.3 Implementation Details and Analysis

	4 Efficiency Boosting Techniques
	5 Experiments
	5.1 Experimental setup
	5.2 Experimental results

	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802087
	Abstract
	1 Introduction
	2 Related Work
	3 Background Knowledge
	4 Problem Definition and Notations
	5 Design of Meep Hashing
	5.1 Core framework
	5.2 Meep collision types
	5.3 Type 1: local collisions
	5.4 Type 2: remote collisions
	5.5 Type 3: overflow collisions
	5.6 Resolving collision types 1, 2, 3
	5.7 Type 4: empty collisions
	5.8 Meep ultrafast lookup

	6 Optimizations and design choices
	6.1 Number of alternative buckets nb
	6.2 Number of slots in a bucket ns
	6.3 Digest length ld
	6.4 Probing size p
	6.5 Meep best practice

	7 Evaluations and Case Study
	7.1 Evaluation on MPH and MHT algorithms
	7.2 Evaluation on Meep configurations
	7.3 Evaluation on real-world datasets
	7.4 Case study

	8 Conclusion
	Acknowledgments
	References

	3802088
	Abstract
	1 Introduction
	2 Concurrency Control Design Space
	2.1 Conflict Detection
	2.2 Conflict Resolution
	2.3 State-of-the-Art Concurrency Control Algorithms

	3 NeurCC Overview
	3.1 Concurrency Control As a Learnable Function
	3.2 NeurCC Workflow
	3.3 Discussion

	4 NeurCC Execution
	4.1 State Collection and Selection
	4.2 Action Function
	4.3 Transaction Execution

	5 Learning Function and Feature Selector
	5.1 Learning Function Via Surrogate Model
	5.2 Pipeline-Wait Action Optimization via Learned Conflict Graph
	5.3 Function Optimization Pipeline
	5.4 Feature Selector Optimization

	6 Performance Evaluation
	6.1 Experimental Setup
	6.2 Stored Procedure Mode
	6.3 Interactive Transaction Mode
	6.4 Examples of Learned Actions

	7 Related Work
	8 Conclusions
	Acknowledgments
	References

	3802089
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Semi-Structured Document
	2.2 Semi-Structured Document Analysis
	2.3 Limitations of Existing Methods

	3 System Overview
	4 Document Preprocessing
	4.1 Local-Alignment Element Aggregation
	4.2 Format-Aware Hierarchy Relation Detection
	4.3 Template-Based Information Enrichment

	5 Tree-Based Document Modeling
	5.1 Component Correlation Tree
	5.2 Two-Stage Tree Construction
	5.3 Bottom-up Metadata Summarization.

	6 Tree-Based Document Analysis
	7 Micro Benchmark Preparation
	8 Experiments
	8.1 Experimental Setup
	8.2 Performance Comparison
	8.3 Fine-Grained Result Analysis
	8.4 API-Based LLM Cost Analysis
	8.5 Ablation Study
	8.6 Case Study

	9 Conclusion
	Acknowledgments
	References

	3802090
	Abstract
	1 Introduction
	2 Preliminaries & Related Work
	2.1 Background
	2.2 k-Shape Algorithm
	2.3 MTS Distance Measures
	2.4 MTS Clustering Algorithms

	3 Proposed UTS Clustering Method: FASA
	4 Proposed MUFASA Clustering Algorithms
	4.1 Multivariate SBD Extensions
	4.2 Multivariate FASA Centroid Update
	4.3 MUFASA Clustering Algorithm

	5 EXPERIMENTAL SETTINGS
	6 EXPERIMENTAL RESULTS
	6.1 Evaluation of Multivariate SBD
	6.2 MUFASA vs. Scalable Methods
	6.3 MUFASA vs. Non-Scalable Methods
	6.4 MUFASA vs. DNNs & Foundation Models
	6.5 Runtime Analysis of MUFASA
	6.6 Evaluation of FASA

	7 Conclusion
	References

	3802091
	Abstract
	1 Introduction
	2 Background
	2.1 Data and Workload Drift
	2.2 Diffusion Model

	3 Overview of NeurBench
	3.1 Drift Factor Modeling
	3.2 System Overview

	4 Controllable Drift Synthesis Framework
	4.1 Mapping Data and Workload Drift to Distribution Drift
	4.2 Theoretical Analysis
	4.3 Diffuser and Drifter Training
	4.4 Drift-aware Data and Workload Generation

	5 Implementation
	6 Experimental Setup
	6.1 Datasets and Workloads
	6.2 Evaluated Data Generators
	6.3 Evaluated Learned Components
	6.4 Evaluation Metrics
	6.5 Default Configuration

	7 Experimental Results
	7.1 Experiments on Drift Generator
	7.2 Experiments on Learned Query Optimizers under Synthetic Data Drift
	7.3 Experiments on Updatable Learned Indexes under Synthetic Data Drift
	7.4 Experiments under Workload Drift

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802092
	Abstract
	1 Introduction
	2 Preliminaries
	3 The Counting-Based Framework
	3.1 Overview
	3.2 Succinct Clique Tree
	3.3 Clique Path Index

	4 Updating the Clique Path Index
	4.1 Our General Update for r-Cliques
	4.2 Case r=2
	4.3 Case r=1
	4.4 Complexity.

	5 Hierarchy Construction
	6 Experimental Evaluation
	7 Related Work
	8 Conclusion and future work
	9 Acknowledgements
	References

	3802093
	Abstract
	1 Introduction
	2 Background
	2.1 LSM-based Key-Value Stores
	2.2 Disaggregated LSM-based Key-Value Stores
	2.3 Opportunities with Disaggregated Memory: A New Tier for Memtables

	3 Motivations and Challenges
	3.1 A Naive Solution
	3.2 Issues and Challenges

	4 O3-LSM
	4.1 Architecture Overview
	4.2 DM-Optimized MemTable
	4.3 Collaborative Flush offloading
	4.4 Shard-Level Optimizations
	4.5 Cache-Enhanced Read Delegation
	4.6 Fault Tolerance

	5 Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance Evaluation
	5.3 Performance Breakdown Analysis
	5.4 Analysis of Real-World Application
	5.5 Scalability

	6 Related Work
	7 Conclusion
	References

	3802094
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Hypergraph Pattern Mining Preliminaries
	2.2 UPMEM PIM Architecture
	2.3 Characterizing Hypergraph Pattern Mining
	2.4 Opportunities and Challenges

	3 Overview of Octopus
	4 Inter-DPU Coordination Framework
	4.1 Schedule-Based Compact Data Partitioning
	4.2 Load-Aware Balanced Task Assignment

	5 Intra-DPU Mining Engine
	5.1 Hyperedge-Level Candidate Generation
	5.2 Asynchronous Dataflow Execution Model

	6 Implementation
	7 Evaluation
	7.1 Experimental Setup
	7.2 Overall Performance
	7.3 Effectiveness of Optimizations in Octopus
	7.4 End-to-End Execution Time Breakdown
	7.5 Memory Overhead Analysis
	7.6 Scalability

	8 Related Work
	9 Conclusion
	Acknowledgments
	References

	3802095
	Abstract
	1 Introduction
	2 Problem Setting
	2.1 Problem Formulation

	3 OctoSelector: Pre-Processing 
	3.1  From Queries to Clusters
	3.2 Output Model Learner
	3.3 Profiling and Cluster Metric Table (CMT)

	4 OctoSelector: Inference with Batching Strategy
	4.1 Applicable Applications for Batching
	4.2 Batch Definition and Creation
	4.3 Batch based Metrics 
	4.4 LLM Assignment Problem

	5 Evaluation
	5.1 Experimental Setup
	5.2 Feasibility Regions
	5.3 Evaluation Results 
	5.4 Results of Model Selection
	5.5 Impact of Pre-processing Data Size
	5.6 Additional Analysis in Appendix

	6 Conclusion
	References

	3802096
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Learned Index
	2.2 Existing Learned Indexes
	2.3 Problem Definition
	2.4 Deep Reinforcement Learning

	3 Overview
	4 Design of SELIX
	4.1 Index Template and Design Space
	4.2 Learnable Function Formulation
	4.3 Function Training
	4.4 Online Execution
	4.5 Theoretical Analysis

	5 Implementation
	6 Evaluation
	6.1 Experimental Setup
	6.2 Overall Performance
	6.3 Micro Benchmarks
	6.4 End-to-end Performance of SELIX

	7 Conclusion
	Acknowledgments
	References

	3802097
	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Background
	2.2 Preliminaries
	2.3 Problem Statement

	3 Design and Implementation
	3.1 Data Structure for Index Construction
	3.2 Index Update for IOPE Queries

	4 Query Optimizations
	4.1 blackPrioritized Bucket Construction
	4.2 Adaptive Active Bucket Sizing

	5 Experiments
	5.1 Experimental Setup
	5.2 Efficiency
	5.3 Effectiveness

	6 Related Work
	7 Conclusion and Future Work
	Acknowledgments
	References

	3802098
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Filtered ANN Search and Related Methods
	2.2 Characteristics of Filtered ANN Search
	2.3 Drawbacks of Existing Methods
	2.4 Measurement on Vector Database Systems

	3 PathSeer Overview
	3.1 Challenges and Solutions
	3.2 PathSeer Workflow

	4 Key Techniques
	4.1 Fusion Vector Indexing Scheme
	4.2 Dynamic Neighbor Traversal Strategy
	4.3 Heuristic Parameter Tuning Method

	5 Performance Evaluation
	5.1 Experimental Setup
	5.2 Overall Performance
	5.3 Effects of Individual Techniques
	5.4 Adaptivity to Workload Characteristics
	5.5 Index Overheads
	5.6 Sensitivity Analysis

	6 Related Work
	7 Conclusion
	Acknowledgments
	References

	3802099
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Problem Definition
	3.2 Baseline

	4 Time-Deletion-Based Algorithms
	4.1 Basic TD Algorithm
	4.2 Index-based Optimization

	5 Vertex-Deletion-Based Algorithms
	5.1 Basic VD Algorithm
	5.2 Optimizations

	6 Experimental Evaluation
	6.1 Experimental Settings
	6.2 Effectiveness Evaluation
	6.3 Efficiency Evaluation
	6.4 Case Study

	7 Conclusion
	Acknowledgments
	References

	3802100
	Abstract
	1 Introduction
	1.1 Motivation and Contributions

	2 Background
	2.1 Existing Works
	2.2 Preliminaries

	3 Methodology
	3.1 PJsim: Direct Closed-Form Approach
	3.2 PJsim: Neumann Series Approximation
	3.3 PJsim: Closed Form Solution via Eigenvalue Decomposition
	3.4 PJsim: Closed Form Solution via Bartels-Stewart Algorithm

	4 Implementation and Evaluation
	4.1 Platform
	4.2 Dataset
	4.3 Experimental Results
	4.4 Case Study
	4.5 Discussion

	5 Conclusion
	References

	3802101
	Abstract
	1 Introduction
	2 Problem Statement
	3 Solution Overview
	4 Shredded Random-Access Indexing
	4.1 Chained Shredding
	4.2 Unchained Shredding

	5 Position sampling
	6 Experimental Evaluation
	6.1 Uniform Sampling
	6.2 Poisson Sampling
	6.3 Chained vs. unchained

	7 Related Work
	8 Conclusions
	Acknowledgments
	References

	3802102
	Abstract
	1 Introduction
	2 Preliminaries
	3 Problem and Solution Overview
	3.1 Problem Statement
	3.2 Solution Overview

	4 Model Fine-Tuning and Data Synthesis
	5 Knowledge Transfer via Tuple Distillation
	5.1 Overview of Tuple Distillation
	5.2 Token Pruning with Tries
	5.3 Data Dependent DP Mechanism
	5.4 Probabilistic Sampling with Threshold Filtering

	6 Data Privacy Analysis
	6.1 Sensitivity Bounds
	6.2 Per-round and Composed RDP Analysis
	6.3 End-to-End Privacy Guarantee

	7 Evaluation
	7.1 Evaluation Setup
	7.2 Evaluation

	8 Related Work
	9 Conclusion
	References

	3802103
	Abstract
	1 Introduction
	2 Preliminaries
	3 Our Unified Index-based Framework
	3.1 A Unified Query Formulation
	3.2 Our Index-based Solution: AF-3DT
	3.3 An Advanced Index-based Solution: AF-BTAS
	3.4 Summary and His-CSM Query Instances

	4 Experiments
	4.1 Experiments for Historical-CC Queries
	4.2 Experiments for Historical-Core Queries

	5 Related Work
	6 Conclusion
	Acknowledgments
	References

	3802104
	Abstract
	1 Introduction
	2 Background & Related Work
	3 Tiered Storage Systems & Challenges
	4 A Primer on RL for Tiered Storage
	5 ReStore Tiered Storage Management
	5.1 States, Actions, and Rewards
	5.2 Value Function Representation
	5.3 Mapping the Page Migration problem
	5.4 Updating Value Function
	5.5 Temperature Model

	6 Experimental Evaluation
	6.1 Experimental Methodology
	6.2 Experimental Analysis

	7 Conclusion
	Acknowledgments
	References

	3802105
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Text-to-SQL
	2.2 Common Table Expressions (CTEs)
	2.3 Design of CoCTE
	2.4 Rewards in Reinforcement Learning

	3 Overview of Reward-SQL
	4 Cold Start for CoCTE Policy Model
	5 Process Reward Design
	5.1 Motivation and Formulation
	5.2 Trajectory Score Model
	5.3 Inverse Entropy Weight
	5.4 Summary and Example
	5.5 Decomposition Quality Analysis

	6 Process-Supervised RL and Inference
	6.1 Process-Supervised RL Training
	6.2 Process-guided Inference

	7 Experiments
	7.1 Experimental Setup
	7.2 Main Results: Comparison with Text-to-SQL Baselines
	7.3 Generalization Study
	7.4 Training Stability Analysis
	7.5 Ablation Studies
	7.6 Computational Cost Analysis
	7.7 Error Analysis

	8 Related Work
	9 Conclusions
	Acknowledgments
	References

	3802106
	Abstract
	1 Introduction
	2 System Overview
	2.1 Workload Specification
	2.2 System Architecture
	2.3 Core Challenges

	3 Query-Aware Model Training
	3.1 Desirable Distribution on Decision Scores
	3.2 A Contrastive Learning-based Approach

	4 Model Cascade
	4.1 Problem Formulation
	4.2 Ad-hoc Calibration
	4.3 Threshold Selection
	4.4 Theoretical Guarantee for Accuracy

	5 Implementation Details
	6 Evaluation
	6.1 Experimental Setup
	6.2 End-to-End Performance
	6.3 Accuracy Analysis
	6.4 Ablation for Proxy Model Training
	6.5 Validation of the Cascade Mechanism
	6.6 Latency Analysis of the Data Skewness
	6.7 Stress-Testing on Complex Queries
	6.8 Impact of Hyperparameters

	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802107
	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 LLM Serving Basics
	2.2 Existing Systems for Hybrid LLM Serving Loads
	2.3 Interference between LS and BE Services
	2.4 Hybrid Serving: Opportunities and Challenges

	3 OmniServe System
	3.1 Overview of OmniServe
	3.2 Attention Piggybacking
	3.3 Online Scheduling for Hybrid Loads

	4 System Implementation
	5 Experimental Evaluation
	5.1 Experiment Setup
	5.2 End-to-end Performance
	5.3 Effectiveness of Attention Piggybacking
	5.4 Ablation Study

	6 Discussion
	7 Related Work
	8 Conclusion
	Acknowledgments
	References

	3802108
	Abstract
	1 Introduction
	2 Problem Formulation
	3 Casting SALTO to Maximum Common Subhypergraph
	3.1 Table-to-Hypergraph Formulation
	3.2 A New Problem: Maximum Common Subhypergraph
	3.3 Establishing Problem Equivalence

	4 Hardness Analysis
	5 HyperSplit: Solving Maximum Common Subhypergraph
	5.1 Background: McSplit and Its Limitations
	5.2 Overview of HyperSplit
	5.3 Candidate Node Pair Selection
	5.4 Hypergraph-Aware Label Class
	5.5 Upper Bound Computation and Pruning
	5.6 Heuristics
	5.7 Hypergraph-Specific Components
	5.8 Tolerance-Based Pruning

	6 Experiments
	6.1 Experimental Setup
	6.2 Effectiveness Analysis
	6.3 Case Studies
	6.4 Efficiency Analysis
	6.5 Scalability Analysis
	6.6 Parameter Study

	7 Related Work
	8 Conclusion and Future Work
	Acknowledgments
	References

	3802109
	Abstract
	1 Introduction
	2 Background and Related Work
	3 The PII Protection Problem
	4 SHIELD: System Overview
	5 PII Identification Methods
	5.1 PII Extraction Rules (PERs)
	5.2 Re-identification Risk Graph Construction

	6 PII Anonymization
	6.1 Anonymization Actions over Risk Graph
	6.2 Greedy Text Anonymization

	7 Experimental Study
	8 Conclusion
	References

	3802110
	Abstract
	1 Introduction
	1.1 Our Solution
	1.2 Related Work

	2 Preliminaries
	2.1 The Streaming-3PC Model
	2.2 3PC Primitives

	3 Secure Linear Sketches
	3.1 The S3 Framework
	3.2 The Count-Min Sketch under S3
	3.3  The HyperLogLog Sketch under S3

	4 Secure Count-Based Sketches
	4.1 The Secure SpaceSaving Sketch
	4.2 The Secure Greenwald-Khanna Sketch

	5 Extensions
	5.1 General Streaming Setting
	5.2 Private Query Release
	5.3 More Applications

	6 Experiments
	6.1 Implementation and Optimization
	6.2 Experiment Setup
	6.3 Experimental Results

	7 Conclusions
	Acknowledgments
	References

	3802111
	Abstract
	1 Introduction
	2 Preliminary and Definition
	3 Methodology
	3.1 Framework Overview
	3.2 Query Decomposition
	3.3 Skyline Retrieval
	3.4 Set Cover Chunk Merging
	3.5 Discussion and Scope

	4 Experiments
	4.1 Experimental Settings
	4.2 Overall Comparison (RQ1)
	4.3 Ablation Study (RQ2)
	4.4 Analysis of Skyline Retrieval (RQ3)
	4.5 Latency Evaluation (RQ4)
	4.6 Tokens Comparison (RQ5)
	4.7 Backbone Influences (RQ6)

	5 Related Work
	5.1 Long-context Frontier Closed-source LLMs
	5.2 RAG and its Optimizations

	6 Conclusions
	Acknowledgments
	References

	3802112
	Abstract
	1 Introduction
	2 Interactive Operators and Plans
	2.1 Inception Point and Completion Point
	2.2 Inception Point and Completion Point of Different Operators

	3 Generating Interactive Plans
	3.1 Rules for Creating Interactive Plan

	4 SmartRabbit Implementation
	4.1 Localized Sorting for Interactive Execution
	4.2 Fulcrum-Informed Flushing
	4.3 Communicating Between Executions
	4.4 Handover Filter
	4.5 Challenges for Parallel Execution

	5 Evaluation
	5.1 Metrics
	5.2 Experimental Setup
	5.3 Experimental Results
	5.4 Single Node Databases
	5.5 Concurrency Study

	6 Related Work
	7 Conclusion and Future Work
	8 Acknowledgements
	References

	3802113
	Abstract
	1 Introduction
	2 Related Work
	3 Preliminaries
	3.1 Dense-Dense Matrix Multiplication (GEMM)
	3.2 Sparse-Sparse Multiplication (SpGEMM)

	4 Matrix Multiplication in SPALM
	4.1 Grouping Non-empty Subrows into Slices
	4.2 Sparsity-Sensitive Dense Multiplication
	4.3 Sparsity-Sensitive Sparse Multiplication
	4.4 Determining Tiling Parameters
	4.5 Determining Algorithm Thresholds
	4.6 Output Format

	5 DuckDB Integration
	6 Experimental Evaluation
	6.1 Baselines
	6.2 Execution Time on Synthetic Datasets
	6.3 Execution Time on Real-World Datasets
	6.4 revcolPreprocessing Overheads
	6.5 revthreecolMemory Usage
	6.6 Execution Time with DuckDB

	7 Conclusions
	Acknowledgments
	References

	3802114
	Abstract
	1 Introduction
	2 De Finetti Logic
	2.1 Pólya dice
	2.2 DFL Theories
	2.3 Posterior Inference

	3 Mean Field Variational Inference
	3.1 Stochastic Variational Inference

	4 From Propositional Constraints to Datalog Constraints
	5 Implementation
	6 Experiments
	7 Related Work
	8 Conclusions
	References

	3802115
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Graph and subgraph matching
	2.2 Subgraph coverage
	2.3 Related Work

	3 Motivation and Problem Definition
	4 Our Framework
	4.1 Labeling Strategies
	4.2 Featurizer
	4.3 Model Training

	5 EXPERIMENTS
	5.1 Setup
	5.2 Comparison with baselines
	5.3 Evaluation on OOD datasets
	5.4 Effect of training query set
	5.5 Effect of OOD query size
	5.6 Effect of training data size
	5.7 blackEffect of ML model
	5.8 Effect of features
	5.9 Cost of training and advance preparation
	5.10 blackTime-to-k measure
	5.11 Experiments on subgraph coverage
	5.12 blackDiscussion

	6 Conclusion & Future work
	Acknowledgments
	References

	3802116
	Abstract
	1 Introduction
	2 Background
	3 Problem Analysis
	3.1 Challenge 1: Skew
	3.2 Challenge 2: Unbounded Growth

	4 Sublime
	4.1 Accommodating Skew
	4.2 Accommodating Unbounded Growth
	4.3 Applying Sublime to Count Sketch

	5 Memory Analysis
	6 Evaluation
	7 Conclusion
	Acknowledgments
	References

	3802117
	Abstract
	1 Introduction
	1.1 Our Contributions

	2 Preliminaries
	2.1 Conjunctive Queries and Hypergraphs
	2.2 Acyclicity and Join Trees
	2.3 Query Plans and Join Ordering

	3 Widths of Query Plans and Width-1 Query Plans
	4 Meta-Decompositions
	4.1 Constructing Meta-Decompositions
	4.2 Join Tree Enumeration

	5 Cost-Based Optimization from Meta-Decompositions
	5.1 Re-Branching
	5.2 The Overall Algorithm
	5.3 Optimizing the Local Join with Neighbors
	5.4 Case Study: Optimizing Relation-Dominated Queries with Meta-Decompositions

	6 Experimental Evaluation and Analysis
	6.1 Experimental Setup
	6.2 Results

	7 Conclusions and Future Work
	Acknowledgments
	References

	3802118
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Definition
	2.2 Subspace Collision Framework
	2.3 SC-Linear and SuCo Methods

	3 Data-adaptive Subspace Collision
	3.1 Problem Analysis
	3.2 Subspace-oriented Data Transformation via Entropy Averaging
	3.3 SC-score Distribution after Transformation

	4 The TaCo Method
	4.1 Index Construction
	4.2 Collision Counting
	4.3 Candidate Selection
	4.4 k-ANNS Query

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Self-evaluation of TaCo
	5.3 TaCo vs. Subspace Collision Methods
	5.4 TaCo vs. Non-Subspace Collision methods

	6 Related Work
	7 Conclusions
	Acknowledgments
	References

	3802119
	Abstract
	1 INTRODUCTION
	2 PROBLEM STATEMENT
	3 RELATED WORK
	4 EXPERIMENTAL SETUP
	4.1 Algorithms
	4.2 Flavors
	4.3 Datasets
	4.4 Implementation Details

	5 EXPERIMENTAL RESULTS AND ANALYSIS
	5.1 Overall Effectiveness
	5.2 Runtime Analysis
	5.3 Robustness Analysis
	5.4 Case Requirements and Complexity
	5.5  A Multifaceted Real-World Case Study 

	6 DISCUSSION AND FUTURE WORK
	7 CONCLUSION
	Acknowledgments
	References

	3802120
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Graph-based Greedy Search
	2.2 The Outlier Query Phenomenon
	2.3 The Hubness Phenomenon

	3 Theoretical Analysis of Hubness on Graph Traversal
	3.1 Proximity Graphs in Idealized Low-Dimensional Settings
	3.2 Topological Distortion
	3.3 Hubness-Induced Search Failure

	4 Revisiting Graph-based Algorithms through the Lens of Hubness
	4.1 Topological Diversification
	4.2 Parameterized Pruning
	4.3 Data-Driven Adaptivity
	4.4 Summary

	5 Experimental Evaluation
	5.1 Experimental Setup
	5.2 Intrinsic Data Properties
	5.3 Impact of Hubness on Search Performance
	5.4 Topological Analysis of Graph Indexes
	5.5 Parameter Sensitivity Analysis
	5.6 Hubness-Aware Pruning Optimization

	6 Discussion
	6.1 Key Insights
	6.2 Future Directions

	7 Conclusion
	Acknowledgments
	References

	3802121
	Abstract
	1 Introduction
	2 Background
	2.1 Filters
	2.2 Adaptivity
	2.3 Design of adaptive filters
	2.4 Ski Rental Problem

	3 The AdaptiveQF
	3.1 Filter design
	3.2 Adaptivity
	3.3 Reverse map

	4 Adaptivity as a Ski Rental Problem
	5 Implementation
	5.1 SkiQF
	5.2 HybridSkiQF

	6 Experiments
	6.1 Experimental setup
	6.2 Robustness across workloads distributions
	6.3 Adversarial workload
	6.4 Shifting workload distributions
	6.5 Varying external-memory costs
	6.6 Microbenchmarks

	7 Discussion and conclusion
	8 Acknowledgments
	References

	3802122
	Abstract
	1 Introduction
	2 Informative Alternative Plans for Education
	2.1 Categorizing Alternative Query Plans
	2.2 Learner-centered Characterization of Informative AQPs
	2.3 Informative & Uninformative Plan Categories

	3 Informative Plan Selection (TIPS) Problem
	3.1 Relational Query Plans
	3.2 Problem Definition

	4 Quantifying Plan Informativeness
	4.1 Lessons from Characterization of AQPs
	4.2 Plan Differences
	4.3 Relevance of an Alternative Plan
	4.4 Plan Informativeness

	5 TIPS Algorithms
	5.1 Candidate Plan Set Retrieval
	5.2 Group Forest-based Pruning (GFP)
	5.3 Importance-based Plan Sampling (IPS)
	5.4 I-TIPS Algorithm
	5.5 B-TIPS Algorithm

	6 Performance Study
	6.1 Experimental Setup
	6.2 Experimental Results

	7 TIPS for Database Education
	7.1 User Study
	7.2 Academic Outcomes
	7.3 Beyond Database Education

	8 Related Work
	9 Conclusions and Future Work
	References

	3802123
	Abstract
	1 INTRODUCTION
	2 BACKGROUND AND MOTIVATION
	2.1 The Golden Rule of Buffer Management
	2.2 The Isolation–Freshness Tradeoff in Cross-Engine HTAP
	2.3 Time to Rethink the Buffer Manager

	3 Vista ARCHITECTURE
	3.1 Segment Memory Management
	3.2 OLTP: Generational Buffer Management
	3.3 OS-assisted Segment Remapping
	3.4 OLAP: Hybrid Data Access

	4 DATABASE INTEGRATION
	4.1 Cross-Engine Snapshot Isolation
	4.2 Format Interoperability
	4.3 Implementation Details

	5 EVALUATION
	5.1 Experimental Setup
	5.2 Isolation–Freshness Tradeoff
	5.3 Performance Isolation
	5.4 Dynamic Workloads
	5.5 In-depth Analysis of the Vista Runtime

	6 CONCLUSION
	Acknowledgments
	References

	3802124
	Abstract
	1 Introduction
	2 Background and Problem Formulation
	2.1 Architecture of Federated Learning
	2.2 Centralized Learning as a Baseline
	2.3 Data Noise in Federated Learning

	3 DataNoiseGenerator: A Toolkit for Injecting Data Noise
	3.1 Workflow and Usage
	3.2 Supported Types of Data Noise

	4 Methodology
	4.1 Experimental Pipeline and Setup
	4.2 Datasets, Tasks, and Metrics
	4.3 FL Emulation

	5 Evaluation Results
	5.1 A Deep Dive into Results from Image Data
	5.2 The Vulnerability of FL Across Modalities
	5.3 Heterogeneous Noise
	5.4 Real-world Data Noise

	6 Analysis of FL's Vulnerability to Data Noise
	6.1 Divergence of Local Model Updates
	6.2 Unstable Gradients and Training

	7 Impact of FL Configurations
	7.1 Data Heterogeneity (Non-IID vs. IID)
	7.2 Data Volume Skew
	7.3 Number of FL Clients
	7.4 Client Sampling Rate

	8 Takeaways and Future Work
	8.1 Key Findings
	8.2 Future Directions

	9 Related Work
	10 Conclusion
	Acknowledgments
	References

	3802125
	Abstract
	1 Introduction
	2 Preliminary
	2.1 Definitions
	2.2 Vector Storage and Indexes
	2.3 Filtered Search Strategies
	2.4 CRUD Mechanisms
	2.5 Concurrent Query Processing

	3 Benchmark Details
	3.1 Overview
	3.2 Data Synthesizer
	3.3 Filtered Query Generator
	3.4 Workload Executor

	4 Experiments
	4.1 Overall Performance
	4.2 Evaluation of Filtered Search Strategies
	4.3 Ablation Study of VecBench
	4.4 Comparison with Existing Benchmarks

	5 Related Work
	6 Takeaways
	7 Conclusion
	Acknowledgments
	References

	3802126
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem definition
	2.2 Overview

	3 Exact Algorithms
	4 Approximation Algorithms
	4.1 Polynomial 2-approximation algorithm
	4.2 Fast (2 + ε)-approximation

	5 Evaluation
	5.1 Experiment Plan
	5.2 Experiment Setting
	5.3 Implementation
	5.4 Results
	5.5 Case Study: An Adversarial Instance

	6 Related Work
	7 Conclusion
	References

	3802127
	Abstract
	1 INTRODUCTION
	2 PRELIMINARIES
	2.1 Benefits and Challenges of Clustering
	2.2 Related Work

	3 Boundary Micro-Partitions
	3.1 The Reclustering Workflow
	3.2 Micro-Partitions on the Query Boundaries
	3.3 Greedy Algorithm Extensions

	4 WORKLOAD-AWARE RECLUSTERING
	4.1 Micro-Partition Utilization
	4.2 Cost-based Trade-off
	4.3 Cost Model Extensions
	4.4 Hybrid Layout

	5 RECLUSTERING AS A SERVICE
	5.1 Service Framework
	5.2 Implementation Details
	5.3 Pruning Opportunities

	6 EVALUATION
	6.1 Workload Generator
	6.2 Workloads
	6.3 Experimental Setup
	6.4 End-to-End Results
	6.5 TPC-H
	6.6 DSB
	6.7 Mirrors
	6.8 Selectivity Analysis
	6.9 Ablation Study and Optimality Gap

	7 CONCLUSION
	Acknowledgments
	References

	3802128
	Abstract
	1 Introduction
	2 Background
	2.1 Rank-and-Select Quotient Filter (RSQF)
	2.2 InfiniFilter
	2.3 Aleph Filter

	3 Problem Analysis
	4 Zeno Filter
	4.1 Stretching
	4.2 In-Place Expansion
	4.3 Void Entry Encoding
	4.4 Concurrency

	5 Evaluation
	6 Conclusion
	References

	3802129
	Abstract
	1 Introduction
	2 Preliminaries
	2.1 Problem Statement
	2.2 Limitations of Existing Approaches
	2.3 Our Solution

	3 Theoretical Foundations of (, , )-Cluster
	4 SGL Index
	4.1 Bi-Component Division
	4.2 The Structure of SGL
	4.3 Dual-Driven Spatial Optimization
	4.4 SGL-based Bi-Community Search

	5 SGL Construction
	5.1 The Overview of SGL Construction
	5.2 Decomposition of (,)-Components
	5.3 Dominance-based Pruning of SEdges

	6 SGL Maintenance
	7 Experiments
	7.1 Experimental Setup
	7.2 Overall Performance of Indexes
	7.3 Performance for Bi-Community Search
	7.4 Performance for Bi-Core Search
	7.5 Index Maintenance
	7.6 Performance for Other Model.

	8 Related Work
	9 Conclusion
	Acknowledgments
	References


