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Predicates are foundational components in data analysis systems. However, modern workloads increasingly
involve unstructured documents, which demands semantic understanding, beyond traditional value-based
predicates. Given enormous documents and ad hoc queries, while Large Language Models (LLMs) demonstrate
powerful zero-shot capabilities, their high inference cost leads to unacceptable overhead. Therefore, we
introduce ScaleDoc, a novel system that addresses this by decoupling predicate execution into an offline
representation phase and an optimized online phase. In the offline phase, ScaleDoc leverages a LLM to generate
semantic representations for each document. Online, for each query, it adaptively trains a lightweight proxy
model on these representations to filter the majority of documents, forwarding only the ambiguous cases to the
LLM for final decision. Furthermore, ScaleDoc proposes two core innovations to achieve significant efficiency:
(1) a contrastive-learning-based framework that trains the proxy model to generate reliable predicating
decision scores; (2) an adaptive cascade mechanism that determines the effective filtering policy while meeting
specific accuracy targets. Our evaluations across three datasets demonstrate that ScaleDoc achieves over a
2× end-to-end speedup and reduces expensive LLM invocations by up to 85%, making large-scale semantic
analysis practical and efficient.
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1 Introduction
Predicates are essential for selecting relevant data in relational databases, search engines, and
big-data systems. Traditionally, these systems have excelled at value-based predicates (e.g., CITY =
‘New York’). However, modern analytical tasks increasingly require querying enormous corpora of
unstructured documents based on their semantic meaning [16, 33]. For example, medical researchers
might look for all publications that “developed novel psychotropic medications”, or enterprises
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may need to analyze reports where customers are “expressing dissatisfaction with service quality.”
Such queries require a deep contextual understanding that goes beyond simple keyword matching.

Handling these ad hoc semantic queries in large-scale analytics presents a significant challenge.
Conventional machine learning (ML) models are not scalable for this purpose due to the extensive
effort in engineering and data labeling required for each new task. While Large Language Models
(LLMs) offer a zero-shot solutionwith their remarkable general capabilities, their high computational
cost creates a major barrier. The expense of running LLM inference on millions of documents for
every query makes this approach impractical for widespread adoption [2, 15].

Real-world semantic judgments are often ambiguous, making perfect accuracy costly and imprac-
tical. Consequently, many systems prioritize scalable efficiency by aiming for a specific accuracy
target [18, 29, 38, 47]. To achieve this trade-off, some systems, such as NoScope [18] and PPs [29],
use lightweight proxy models to filter easier cases. However, these proxies are designed for tradi-
tional small models and specific tasks. They lack zero-shot flexibility and fail to bridge the vast
capability gap with massive LLMs. More recent LLM-centric solutions, such as FrugalGPT [4]
and LOTUS [34], use smaller LLMs (e.g., GPT-3.5 or LLaMA-8B) as filtering proxies. While more
flexible, these smaller LLMs remain too computationally expensive for truly large-scale applications
involving millions of documents.

A critical inefficiency in LLM-based approaches is the repetitive re-processing of entire documents
for every ad hoc query, incurring substantial and redundant computational costs. A key insight is
to shift these expensive, document-centric LLM computations to a one-time offline phase to reduce
the burden during online processing. We, therefore, propose ScaleDoc, a system designed for
efficient LLM-based predicate execution over enormous document corpora. ScaleDoc decouples
the execution into two phases. The one-time offline representation phase creates a rich semantic
representation of each document using an LLM. Then, when an ad-hoc query arrives, the online
processing phase trains a lightweight, query-specific proxy model that uses these representations to
rapidly filter the documents. The model identifies and forwards only the most ambiguous documents
to the powerful but expensive LLM, achieving significant efficiency gains while maintaining
accuracy.
While this architecture is promising, basic engineering integration is insufficient. Basic ap-

proaches often fail to address the fundamental capacity mismatch, inherent in scaling LLMs for
complex scenarios. Therefore, the effectiveness of ScaleDoc depends on overcoming two key
challenges. First, the lightweight proxy must be trained to provide reliable decision scores. Lacking
the oracle LLM’s deep semantic understanding, standard training methods often yield ambiguous
scores that fail to distinguish positive from negative cases. Under such proxy ambiguity, most
documents would still be forwarded to the expensive oracle. To address this, we propose a new
design principle: query-aware distribution shaping. Guided by this principle, we developed a
framework based on contrastive learning that trains the proxy to capture fine-grained semantics
and produce well-behaved predicating scores.

The second challenge is that the system must determine an effective filtering criterion for each
ad hoc query. Because the relationship between indeed accuracy and decision scores is unknown
for a new query, it is difficult to establish a filtering threshold that meets a user’s accuracy target
while minimizing cost. We tackled this with an adaptive cascade mechanism that performs
online calibration to shape query-specific score distributions, and then uses an optimized algorithm
to determine the ideal filtering thresholds.

We evaluated ScaleDoc across three diverse datasets, where it significantly outperforms existing
baselines. On average, ScaleDoc achieves over 2× end-to-end performance speedup and reduces
costly LLM invocations by up to 85%.

Our paper makes the following contributions:
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Fig. 1. A detailed workflow of ScaleDoc – ScaleDoc adapts pre-calculated semantic embeddings for query-

specific online processing. The online process comprises a query-aware lightweight encoder and a subsequent

cascade workflow.

• We propose ScaleDoc, a novel system that decouples LLM execution into a one-time offline
representation phase and an optimized online query phase.
• We introduce a contrastive learning strategy to train a lightweight, query-aware proxy model
that provides reliable predicating decision scores.
• We design an adaptive online calibration mechanism with an optimized filtering algorithm
to guarantee user-specified accuracy while minimizing calls to the expensive oracle LLM.

2 System Overview
ScaleDoc provides an efficient solution for executing semantic predicates over large-scale docu-
ments. This section defines the target workloads, introduces the system’s architecture, and outlines
the core challenges to overcome.

2.1 Workload Specification
A semantic predicating workload consists of a large document collection 𝐷 , and a set of queries 𝑄 .
Each query, 𝑞 ∈ 𝑄 , is defined by two components: a natural language predicate and a user-specified
accuracy target. Formally, we use an SQL-like syntax to express these queries. For instance, a query
to find all medical papers in PubMed that introduce a new drug would be:
SELECT * FROM PubMed
WHERE "The paper introduces a new drug"
WITH accuracy_target = 0.90

For each such query, the final task is to evaluate the predicate against every document 𝑑 ∈ 𝐷 and
assign a binary label (positive or negative), while meeting the specified accuracy target.

2.2 System Architecture
ScaleDoc adopts an offline-online architecture, enabling efficient execution by decoupling query
processing stages. An overview of the ScaleDoc pipeline is illustrated in Figure 1.
The offline stage is a one-time, compute-intensive process. For each document, we use a small-

scale LLM (e.g. with 7B parameters) to generate a semantic embedding, which is then stored for
online use. This approach offers two main benefits. First, it leverages the expressive power of
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the LLM to produce semantically rich document representations. This provides a high-quality
foundation, allowing lightweight processing in subsequent online stages. Second, it front-loads the
necessary yet expensive computations of LLM. By pre-computing and storing these embeddings,
ScaleDoc can efficiently reuse them across countless ad hoc queries, eliminating the need to
repeatedly run the LLM.

The online stage employs a proxy-cascade architecture to handle ad hoc queries efficiently. Upon
receiving a new query, ScaleDoc will train a query-specific lightweight proxy model. This model
then rapidly evaluates the documents, assigning each a decision score, indicating the likelihood
of the positive predicate. To train this model, we need to first sample a small fraction (e.g. 5%) of
the documents, and obtain ground-truth predicating labels by calling a powerful oracle LLM (e.g.
GPT-4o [32]). After the proxy model, a subsequent cascade filter uses the proxy decision scores to
decide the high-confidence and low-confidence documents. The proxy’s judgment is adopted for
the high-confidence set, whereas the low-confidence set is forwarded to the oracle LLM for a final
judgment. This hierarchical approach strategically minimizes oracle invocations, ensuring scalable
and cost-effective query execution.

2.3 Core Challenges
While this offline-online and proxy-oracle architecture is promising, its effectiveness hinges on
overcoming two critical challenges:

Reliable ProxyModel. The efficiency of the cascade filter depends on the quality of the decision
scores produced by the lightweight proxy model. First, a naive model might fail to capture the
fine-grained semantics between the query and documents, leading to unreliable proxy predictions.
Second, a poorly trained model may generate ambiguous scores that do not clearly distinguish
positive and negative documents. Such an ambiguity would force a large fraction of instances to
be categorized as “uncertain”, leading to excessive invocations of the expensive oracle LLM and
diminishing the system’s performance. Therefore, the first challenge is to develop a well-behaved
proxy model, capable of generating accurate and decisive scores, enabling maximum data reduction.
Ad Hoc Cascade. Given the proxy model’s scores, the cascade filter must determine the

decision thresholds to separate documents into high-confidence (to be filtered) and low-confidence
(to be verified by the oracle) sets. The goal is to meet the user-specified accuracy target while
minimizing the number of oracle calls. However, in an ad hoc setting, neither the query-specific
data distribution nor the ground-truth labels are known beforehand. This lack of prior knowledge
makes it non-trivial to select effective thresholds online. Therefore, the second challenge is to
design an efficient online calibration mechanism that can dynamically determine the effective
thresholds, ensuring the final accuracy target is met with minimal oracle overhead.
To address these two challenges, ScaleDoc introduces a novel contrastive-learning-based ap-

proach to train a robust proxy model (Section 3) and proposes an efficient calibration workflow for
the model cascade (Section 4). Together, these contributions ensure both high data reduction and
robust predicating accuracy.

3 Query-Aware Model Training
The online efficiency of ScaleDoc hinges on a lightweight, query-aware proxy model. For each
ad hoc query, this model is trained to emulate the semantic judgments of the LLM oracle. It takes
precomputed document representations as input and outputs a decision score for each document,
indicating the likelihood of satisfying the semantic predicate. This scoring enables a cascaded
filtering process: high-confidence positive and negative documents are filtered, while only low-
confidence, ambiguous documents are sent to the LLM oracle. Therefore, these decision scores,
used to reduce oracle invocations, are paramount to overall system performance.
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(a) Llama-3.2-3B logprobs (b) ScaleDoc

Fig. 2. Example score distributions of different proxies, with low and high data reduction rate.

However, training an effective lightweight proxy model is non-trivial. Basic approaches, such as
the naive binary classifiers in prior work [29, 47], struggle to capture query-specific semantics. Our
preliminary experiments with a more advanced query-fused regression MLP also yielded unreliable
scores.

To address this, we argue that the training process must be explicitly designed to produce scores
with a well-behaved distribution. We achieve this through a contrastive learning framework. In
Section 3.1, we detail the desirable properties of this score distribution. Section 3.2 then describes
how ScaleDoc leverages our contrastive learning mechanism to generate the scores.

3.1 Desirable Distribution on Decision Scores
The primary goal of the lightweight model is data reduction, filtering more documents based
on their decision scores. For clarity, we assume higher scores indicate a higher confidence in
being positive and lower scores indicate being negative. Therefore, the low-score and high-score
thresholds determine the filtering.

In practice, a high data reduction rate is not always guaranteed. Figure 2a illustrates how a poorly
structured score distribution (logprobs of Llama-3.2-3B [43]’s first response token) can severely
hinder data reduction. Specifically, the real positive class exhibits two peaks, appearing in both
high and low scores. The attempt to set a filter threshold in the low-score region (e.g., the left red
line) wouldmisclassify many positives, violating the accuracy target and forcing a conservative
and ineffective threshold. In contrast, Figure 2b illustrates a desirable distribution with a clear
separation. Only minimal positive items fall below the red line threshold, allowing effective filtering
of the true negatives.

To consistently achieve effective filtering, we propose three essential properties for the decision
scores:

1) Smoothness. The distribution of decision scores should be continuous and smooth, without
abruptions or discontinuities. This ensures the threshold-selection algorithms can operate stably
and consistently. We have observed that this fundamental property fails with some naive proxies
such as Kernel Density Estimation (KDE).

2) Semantic monotonicity. A document that is more semantically satisfying the query should
be assigned a higher decision score, and vice versa. This prevents reward-hacking of deterministic
score ranges, ensuring a meaningful and reliable ranking.
3) Bipolarity. The score distribution must be strongly polarized, with positive and negative

documents clustering distinctly at the high and low ends of the score spectrum. This clear separation
is the primary driver of high data reduction.
Achieving these desirable properties is challenging. While LLM-based embeddings offer rich

semantics, they are static and not optimized for the specific semantic distinctions of an ad-hoc
query. Directly training a lightweight model (e.g., MLP) on these embeddings typically yields
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Fig. 3. Illustration of the objectives adopted in training ScaleDoc’s Query-Aware Encoder.

inconsistent score distributions. To overcome this and derive discriminative query-specific patterns,
we employ a contrastive learning-based approach, which excels at capturing fine-grained, task-
specific distinctions.

3.2 A Contrastive Learning-based Approach
ScaleDoc employs a contrastive-learning-based framework, designed to refine pre-computed
embeddings into tailored and semantic-aligned decision scores. The core is a lightweight encoder

𝐸 (·), which utilizes the MLP structure, mapping both the document and query into a shared
latent space. Following this, the final decision score is the cosine similarity between the encoded
representations of the query and documents. This score is inherently smooth, and through our
tailored training, optimized to be semantically monotonic and bipolar.
Formally, given a query 𝑞 and a document 𝑑 , we first obtain their high-dimensional semantic

embeddings from an LLM encoder, denoted as e𝑞 ∈ R𝐷 and e𝑑 ∈ R𝐷 . ScaleDoc then employs a
lightweight encoder, 𝐸 (·) : R𝐷 → R𝑙 , mapping these embeddings into a latent space R𝑙 :

z𝑞 = 𝐸 (e𝑞), z𝑑 = 𝐸 (e𝑑 )

The decision score, 𝑠 (𝑞, 𝑑), for the query-document pair is defined as the cosine similarity between
their latent representations:

𝑠 (𝑞,𝑑) = sim(z𝑞, z𝑑 ) =
z𝑞 · z𝑑
∥z𝑞 ∥∥z𝑑 ∥

For this task 𝑇 , consisting of a query 𝑞 and a collection of documents D = {𝑑1, 𝑑2, . . . , 𝑑𝑁 }, the
complete set of decision scores can be expressed as:

𝑆 (𝑇 ) = 𝑆 (𝑞,D) = {𝑠 (𝑞, 𝑑𝑖 ) | 𝑑𝑖 ∈ D}

To effectively shape the latent space and meet the required properties, ScaleDoc trains the
encoder in two distinct phases. This two-phase strategy is crucial because jointly optimizing
all properties simultaneously can lead to conflicting training signals and results in observed
performance decline. Phase 1 first establishes the correct semantic relationship as the foundation.
Then Phase 2 refines the spectrum of the embedding space to create a clear separation between
positive and negative cases. There are three objectives during the overall training process, depicted
in Figure 3.
Training Phase 1: Semantic Monotonicity This phase aims to build the foundational

semantic relationship between the documents and the query. We use a contrastive loss L𝑞𝑠𝑖𝑚 ,
inspired by dense passage retrieval [20]. In our training, the query embedding z𝑞 acts as an anchor.
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The objective is to pull positive document embeddings (𝑑+) closer to the anchor while pushing
negative ones (𝑑−) away in the latent space, as shown in Figure 3(a).
Formally, given a query 𝑞, each input mini-batch D′ comprises𝑚 positive documents {𝑑+𝑖 }𝑚𝑖=1

and 𝑛 −𝑚 negative documents {𝑑−𝑗 }𝑛−𝑚𝑗=1 , hence D′ = {𝑑+𝑖 }
⋃{𝑑−𝑗 }. The training loss is defined as:

L𝑞𝑠𝑖𝑚 (𝑞,D′) = −𝑙𝑜𝑔

𝑚∑
𝑖=1

𝑒sim(𝑞,𝑑
+
𝑖 )/𝜏∑

𝑑∈D′
𝑒sim(𝑞,𝑑 )/𝜏

(1)

Here, 𝜏 is a temperature hyperparameter. The objective utilizes negative log-likelihood to maximize
similarity between queries and positive documents, while penalizing negatives. This relocates
positives closer to the query within the latent space.
A crucial distinction from previous work [20] is that we train our encoder dynamically for

each new query task. This allows the model to learn query-specific semantics rather than a single
static matching function. It is essential in our setting: our online proxy model is intentionally quite
lightweight for efficiency, lacking the general capacity of large models. By specializing the proxy
for each query, we enable it to perform effectively despite its limited size.

However, this training phase alone is insufficient to guarantee the robust bipolarity. Without an
explicit separation margin, we observe that local neighbors (mixed positive and negative cases) often
relocate together. This results in distribution overlap and class collapse, which hinders effective
data filtering.
Training Phase 2: Enforcing Bipolarity To address the limitations of Phase 1, the second

phase explicitly shapes the latent space to form a bipolar distribution. Using the same encoder and
training data, we introduce two loss functions, L𝑠𝑢𝑝𝑐𝑜𝑛 and L𝑝𝑜𝑙𝑎𝑟 .
First, L𝑠𝑢𝑝𝑐𝑜𝑛 adopts supervised-contrastive-learning to encourage intra-class clustering [22],

pulling documents of the same label together, as shown in Figure 3(b). The loss is formulated as:

L𝑠𝑢𝑝𝑐𝑜𝑛 (D′) = −
𝑛∑︁
𝑖=1

1
|𝑈 (𝑖) | log

∑
𝑑𝑝 ∈𝑈 (𝑖 ) 𝑒

sim(𝑑𝑖 ,𝑑𝑝 )/𝜏∑
𝑑𝑘 ∈𝐴(𝑖 ) 𝑒

sim(𝑑𝑖 ,𝑑𝑘 )/𝜏
(2)

Within a mini-batch, for each anchor document 𝑑𝑖 ,𝑈 (𝑖) denotes documents sharing the same label
with 𝑑𝑖 , and𝐴(𝑖) comprises all other documents . With this objective, we can create a discriminative
embedding space that minimizes intra-class variance, crucial for the proxy to learn a clear decision
boundary.

Second, L𝑝𝑜𝑙𝑎𝑟 introduces a novel mechanism to explicitly enforce a bipolar manifold and enlarge
the margin between classes. The intuition of L𝑝𝑜𝑙𝑎𝑟 is selecting a bellwether sample for positives
and negatives in each mini-batch to guide the direction of clustering. A bellwether is distinguished
by the closest (positive) or furthest (negative) distances relative to the query inside each mini-batch.
For a given mini-batch and query, we define the bellwethers as:

𝑑𝑝𝑜𝑠 = argmin
𝑑𝑖 ∈{𝑑+ }

sim(𝑞, 𝑑𝑖 ), 𝑑𝑛𝑒𝑔 = argmax
𝑑 𝑗 ∈{𝑑− }

sim(𝑞, 𝑑 𝑗 )

L𝑝𝑜𝑙𝑎𝑟 then uses these bellwethers as anchors, pulling positive documents towards 𝑑𝑝𝑜𝑠 and and
negative documents towards 𝑑𝑛𝑒𝑔.

L𝑝𝑜𝑙𝑎𝑟 (𝑞,D′) = −𝑙𝑜𝑔

𝑚∑
𝑖=1

𝑒𝑠𝑖𝑚 (𝑑𝑝𝑜𝑠 ,𝑑
+
𝑖 )/𝜏∑

𝑑∈D′
𝑒𝑠𝑖𝑚 (𝑑𝑝𝑜𝑠 ,𝑑 )/𝜏

− 𝑙𝑜𝑔

𝑛−𝑚∑
𝑗=1

𝑒
𝑠𝑖𝑚 (𝑑𝑛𝑒𝑔,𝑑−𝑗 )/𝜏∑

𝑑∈D′
𝑒𝑠𝑖𝑚 (𝑑𝑛𝑒𝑔,𝑑 )/𝜏

(3)
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Bellwethers can be different across mini-batches, but L𝑝𝑜𝑙𝑎𝑟 ensures a consistent relocation. The
progressive process explicitly enlarges the separation margin between the positive and negative
poles. This constructs a highly bipolar manifold, enhancing the efficacy of threshold-based filtering,
as shown in Figure 3(c).

Collectively, these two training phases and three loss functions effectively shape the latent space
to produce decision scores satisfying our proposed properties. For training data, we heuristically
sample a small subset of documents (e.g. 5%) and use the oracle LLM to generate ground-truth
labels (more implementation details in Section 5).

4 Model Cascade
After the proxy procedure, ScaleDoc uses a powerful but expensive LLM oracle to resolve uncer-
tain documents through the cascade component. Model cascade aims to meet the user-specified
accuracy while minimizing oracle invocations by filtering most documents and only forwarding
the ambiguous cases to the oracle.

In ad hoc settings, the lack of prior knowledge about query-specific labels and data distribution
poses a significant challenge, often leading to suboptimal data reduction in existing methods [19].
ScaleDoc addresses this with a novel calibration workflow and an optimized filtering algorithm.
Leveragingwell-behaved decision scores from our lightweight model (Section 3), ScaleDoc achieves
superior data reduction while robustly achieving accuracy targets.
This section proceeds as follows. Section 4.1 formulates the cascade task as a constrained opti-

mization problem. Section 4.2 introduces our ad hoc calibration method, which enables accurate
performance estimation from a small sampled subset. Section 4.3 details the algorithm for select-
ing optimal filtering thresholds. Section 4.4 presents the theoretical discussion of the accuracy
maintenance achieved by our algorithms with bounded error.

4.1 Problem Formulation
For a given query task 𝑇 , the lightweight proxy model produces decision scores for all documents,
denoted by 𝑆 (𝑇 ). Each score is a cosine similarity within the interval [0, 1], where the higher one
indicates stronger semantic agreement with the query. To filter out high-confidence instances,
the cascade component should select two thresholds, a lower bound 𝑙 and an upper bound 𝑟 . The
filtering logic is as follows:
• Documents with scores in (𝑟, 1] are classified as positive.
• Documents with scores in [0, 𝑙) are classified as negative.
• Documents with scores in [𝑙, 𝑟 ] are deemed ambiguous and are sent to the LLM oracle for
final decision.

The primary goal is to minimize the fraction of documents sent to the LLM oracle, while satisfying
the user-specified accuracy target 𝛼 . We define this fraction as the unfiltered rate 𝑢, controlled by
the lower bound and upper bound:

𝑢 (𝑙, 𝑟 ) = |{𝑠𝑖 ∈ 𝑆 (𝑇 ) | 𝑙 ≤ 𝑠𝑖 ≤ 𝑟 }||𝑆 (𝑇 ) | (4)

The final accuracy, Acc(𝑙, 𝑟 ), is determined by the correctness of the lightweight model in the
filtered regions, combined with the perfect accuracy of the oracle on the unfiltered region [𝑙, 𝑟 ].

This leads to the following optimization problem, where K represents the search space for (𝑙, 𝑟 ),
with 0 ≤ 𝑙 < 𝑟 ≤ 1.

min
(𝑙,𝑟 ) ∈K

𝑢 (𝑙, 𝑟 ) s.t. Acc(𝑙, 𝑟 ) ≥ 𝛼 (5)
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Algorithm 1 Ad hoc Calibration Workflow
1: Given: Decision scores 𝑆 (𝑇 ), Oracle LLM
2: 𝑏𝑖𝑛𝑠 ← Discretize(𝑆 (𝑇 )) // Discretize score range into bins for stratified sampling and analysis
3: 𝑆 ′ (𝑇 ) ← StratifiedSample(𝑆 (𝑇 )) // Sample representatively from each bin
4: 𝑆 ′

𝑃
← {𝑠𝑖 | 𝑠𝑖 ∈ 𝑆 ′ (𝑇 ) ∧ Oracle(𝑞, 𝑑𝑖 ) = positive}

5: 𝑆 ′
𝑁
← {𝑠𝑖 | 𝑠𝑖 ∈ 𝑆 ′ (𝑇 ) ∧ Oracle(𝑞, 𝑑𝑖 ) = negative}

6: 𝑃𝐷𝐹𝑃 ← Smooth(DE(Jitter(𝑆 ′
𝑃
))) // Reconstruct score distribution for positive class

7: 𝑃𝐷𝐹𝑁 ← Smooth(DE(Jitter(𝑆 ′
𝑁
))) // Reconstruct score distribution for negative class

8: return 𝑃𝐷𝐹𝑃 , 𝑃𝐷𝐹𝑁 , 𝑏𝑖𝑛𝑠

Solving this problem in an ad hoc setting is challenging, because the functionAcc(𝑙, 𝑟 ) is unknown
without full ground truth statistics. Therefore, a calibration process is required to estimate the
accuracy, followed by the thresholds selection algorithm.

4.2 Ad-hoc Calibration
To solve the optimization problem in (5), we must obtain the accuracy Acc(𝑙, 𝑟 ) for any given
threshold pair (𝑙, 𝑟 ). However, in the ad hoc setting, the ground-truth labels for the full collection
are not available. Therefore, ScaleDoc relies on a small oracle-labeled sample to estimate the
accuracy and calibrate the cascade.
However, this poses a critical challenge: small samples may fail to capture the true global rela-

tionship between labels and proxy scores. The sampled score distributions can deviate substantially
from the true global distributions, which may lead to poorly calibrated threshold (𝑙, 𝑟 ) and fail to
meet the accuracy target. This issue stems from two key limitations: (1) simple random sampling
might under-represent documents in low-density regions and cause information loss [19]; (2) sam-
ple randomness may introduce stochastic noise. While a sufficiently large sample could mitigate
the estimation bias, the high cost of oracle labeling makes this infeasible.

To address this, ScaleDoc introduces a robust calibration workflow (Algorithm 1), which recon-
structs the global score distributions from a small sample. It comprises two main stages: stratified
sampling and distribution reconstruction. Our experiments demonstrate that with a modest
sample size of 5%, ScaleDoc can achieve great cascade performance.
Stratified Calibration Sampling. As stated above, uniform random sampling may fail to capture
low-density score regions and introduce noise, especially with smaller sample sizes. To address
these issues, we propose to employ stratified sampling. We discretize the entire score range into a
series of bins. Then, we sample from each bin in proportion to its population in the global set 𝑆 (𝑇 ).
This ensures that the sampled subset 𝑆 ′ (𝑇 ) preserves the relative density of the global distribution,
preventing low-density regions from being entirely omitted.
Distribution Reconstruction. After obtaining the labeled sample 𝑆 ′ (𝑇 ), we reconstruct con-
tinuous and robust score distributions for positive and negative instances. The core objective is
to faithfully mirror the global distributions 𝑆 (𝑇 ), optimized through the following mathematical
process:
1) Jittering for Information Recovery. To counteract information loss, especially in low-

density regions, we first apply random jittering. Stratified sampling with a modest rate can cause
bins with few samples to become empty. Ignoring these gaps encourages overconfidence in these
score ranges, creating a risk factor for subsequent threshold selection. Jittering addresses this by
introducing low-density, random data into these empty bins, ensuring that this information is not
lost before subsequent modeling.
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2) Density Estimation (DE) via Linear Interpolation. Next, we construct the continuous
Probability Density Functions (𝑃𝐷𝐹𝑃 and 𝑃𝐷𝐹𝑁 ) from the discrete jittered samples. We employ
linear interpolation for this density estimation task, providing virtually distortion-freemodeling. This
process yields a continuous probabilistic interface that facilitates subsequent accuracy calculations
via density integration rather than discrete sample counting. This allows querying over arbitrary
scores for an estimated density value. Compared to methods like Kernel Density Estimation (KDE),
linear interpolation provides a more faithful representation of the empirical distribution, particularly
in low-density regions.
3) Smoothing. Finally, to mitigate anomalous noise and information loss from sampling

randomness, we apply the Moving Average (MA) approach. MA is a simple soft computing method
that smooths the distribution by applying mean pooling within a fixed-size sliding window, which
allows for a better capture of the general distributional features. Applying an MA filter reduces
spikes and breakpoints, providing an additional layer of smoothing to reveal the underlying global
trend more effectively.

With the above optimizations, the reconstructed distributions serve as a continuous and robust
foundation for the subsequent threshold selection process. The final outputs of Algorithm 1 are
the distributions of positives and negatives in the form of PDFs, and the discretization of the score
range bins.

4.3 Threshold Selection
After calibrating the score distributions, we determine the optimal filtering threshold (𝑙, 𝑟 ), as
defined in (5). The objective is to minimize the unfiltered rate 𝑢 (𝑙, 𝑟 ) while satisfying the user-
specified accuracy 𝛼 . A basic brute-force search over all possible threshold pairs brings quadratic
complexity. Therefore, we introduce an efficient algorithm that leverages the monotonic properties
of the calibrated score distributions. The core insight is that any optimal solution must lie on the
Pareto-frontier of the feasible set defined by the accuracy constraint, Acc(𝑙, 𝑟 ) ≥ 𝛼 . Points off this
frontier are suboptimal as their unfiltered rate can be improved by tightening the thresholds.

Our approach, outlined in Algorithm 2, efficiently identifies the optimal thresholds by tracing the
frontier. The potential thresholds, denoted as steps, are discrete bin boundaries in our calibration.
The algorithm proceeds in three main phases:

1) Boundary Identification: Ensuring the accuracy target, the algorithm first determines the
two extreme points of the feasible frontier: (𝑙0, 𝑟𝑠 ) and (𝑙𝑠 , 𝑟0). Here, 𝑙0 is the tightest (highest) lower
bound possible when the upper bound is most conservative (𝑟𝑠 ), and 𝑟0 is the lowest upper bound
when the lower bound is most conservative (𝑙𝑠 ). This step effectively bounds the search space to a
one-dimensional path.
2) Frontier Traversal: Starting from (𝑙0, 𝑟𝑠 ), the algorithm iteratively constructs a path 𝑃 that

approximates the feasible frontier. It greedily moves towards the other extreme point (𝑙𝑠 , 𝑟0) by
tightening either 𝑙 or 𝑟 at each step, ensuring the accuracy constraint 𝛼 is never violated.

3) Optimal Point Selection: Since the unfiltered rate 𝑢 (𝑙, 𝑟 ) is monotonically decreasing with
respect to the size of the filtered region, the optimal point that minimizes 𝑢 must lie on the path 𝑃 .
The algorithm simply evaluates 𝑢 (𝑙, 𝑟 ) for all points in 𝑃 and returns the pair (𝑙𝑡 , 𝑟𝑡 ) that yields the
minimum value.
This algorithm reduces complexity from quadratic to linear with respect to the number of

discretization steps.

4.4 Theoretical Guarantee for Accuracy
The cascade workflow selects optimal thresholds (𝑙, 𝑟 ) based on a small sampled subset 𝑆 ′ (with
sampling ratio 𝑝) to satisfy a target accuracy 𝛼 . These thresholds are then applied to filter the
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Algorithm 2 Thresholds Selection
1: Given Reconstructed CDF𝑃 ,CDF𝑁 ; discretization bins
2: steps← bins.edges // Initialize thresholds search space
3: 𝑙𝑠 , 𝑟𝑠 ← steps.first, steps.last

4: function SelectThresholds (𝛼)
5: 𝑙0, 𝑟0 ← 𝑙𝑠 , 𝑟𝑠 // Initialize thresholds

// 1. Find the tightest 𝑙0 with 𝑟 = 𝑟𝑠
6: for 𝑙 from steps.first to steps.last do
7: if Acc(𝑙, 𝑟𝑠 ) ≥ 𝛼 then 𝑙0 ← 𝑙 else break

8: end for

// 2. Find the tightest 𝑟0 with 𝑙 = 𝑙𝑠
9: for 𝑟 from steps.last to steps.first do
10: if Acc(𝑙𝑠 , 𝑟 ) ≥ 𝛼 then 𝑟0 ← 𝑟 else break

11: end for

// 3. Construct frontier path 𝑃 from (𝑙0, 𝑟𝑠 ) to (𝑙𝑠 , 𝑟0)
12: 𝑙, 𝑟 ← 𝑙0, 𝑟𝑠
13: 𝑃 ← {(𝑙0, 𝑟𝑠 )}
14: while (𝑙, 𝑟 ) ≠ (𝑙𝑠 , 𝑟0)
15: 𝑙𝑛𝑒𝑥𝑡 , 𝑟𝑛𝑒𝑥𝑡 ← 𝑙 + 𝑏𝑖𝑛𝑠.𝑠𝑖𝑧𝑒, 𝑟 − 𝑏𝑖𝑛𝑠.𝑠𝑖𝑧𝑒
16: if Acc(𝑙𝑛𝑒𝑥𝑡 , 𝑟 ) ≥ 𝛼 then

17: 𝑙 ← 𝑙𝑛𝑒𝑥𝑡
18: else

19: 𝑟 ← 𝑟𝑛𝑒𝑥𝑡
20: 𝑃 ← 𝑃

⋃{(𝑙, 𝑟 )}
// 4. Find the best threshold pair on the path 𝑃

21: 𝑙𝑡 , 𝑟𝑡 ←argmin
(𝑙,𝑟 ) ∈𝑃

Unfiltered(𝑙, 𝑟 )

22: return 𝑙𝑡 , 𝑟𝑡

entire document collection 𝑆 . In this section, we provide a theoretical analysis to prove that this
sample-based cascade could maintain the end-to-end accuracy on the global population.
Let the full dataset 𝑆 have size 𝑁 , with document decision scores distributed over [0, 1]. To

guarantee that the true global accuracy Acc𝑆 exceeds 𝛼 with a high confidence level (1 − 𝛿), we
must derive a safety margin 𝜖 for our estimates on subset 𝑆 ′. We denote 𝐹±

𝑆
(·) and 𝐹±

𝑆 ′ (·) as the
cumulative mass functions for the global population and the sample set, respectively, where 𝐹±

𝑆

and 𝐹±
𝑆 ′ represent their total masses.

Formulating the Accuracy Constraint. Under our cascade logic, documents with scores in
[𝑙, 𝑟 ] are routed to the oracle. Therefore, proxy errors only occur in the filtered regions: unverified
false negatives have a mass of 𝐹+ (𝑙) (true positives scored < 𝑙 ), and unverified false positives have
a mass of 𝐹 − − 𝐹 − (𝑟 ) (true negatives scored > 𝑟 ). The global F1-score can thus be written as:

Acc(𝑙, 𝑟 ) = 2(𝐹+ − 𝐹+ (𝑙))
2(𝐹+ − 𝐹+ (𝑙)) + (𝐹 − − 𝐹 − (𝑟 )) + 𝐹+ (𝑙) ≥ 𝛼 (6)
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To facilitate bounding the error, we algebraically reformulate this fractional constraint into a linear
one. Let T (𝑙, 𝑟 ) represent the weighted sum of the erroneous tail masses:

T (𝑙, 𝑟 ) =
(
1 − 𝛼

2

)
𝐹+ (𝑙) + 𝛼

2
(𝐹 − − 𝐹 − (𝑟 )) (7)

The accuracy target Acc(𝑙, 𝑟 ) ≥ 𝛼 is mathematically equivalent to bounding this tail mass: T (𝑙, 𝑟 ) ≤
(1 − 𝛼)𝐹+.

Proposition 1. Let |𝑆 ′ | = 𝑝𝑁 be the sample size. For any candidate thresholds (𝑙, 𝑟 ) where
0 ≤ 𝑙 < 𝑟 ≤ 1, and 𝛿 > 0, there exists a safety margin 𝜖 > 0 such that if the sample satisfies:

T𝑆 ′ (𝑙, 𝑟 ) ≤ (1 − 𝛼)𝐹+𝑆 ′ − 𝜖

then the true global accuracy satisfies:

𝑃 [Acc𝑆 (𝑙, 𝑟 ) ≥ 𝛼] ≥ 1 − 𝛿

Proof. Let Oracle(𝑖) = 1[𝑖-th document is positive] and 𝑠𝑖 be the score of the 𝑖-th document. For
any pair (𝑙, 𝑟 ), the empirical functional T𝑆 ′ (𝑙, 𝑟 ) corresponds to the sample mean of i.i.d. random
variables 𝑍𝑖 over the 𝑝𝑁 samples, defined as:

𝑍𝑖 =

(
1 − 𝛼

2

)
1[Oracle(𝑖) = 1 ∧ 𝑠𝑖 < 𝑙] + 𝛼

2
1[Oracle(𝑖) = 0 ∧ 𝑠𝑖 > 𝑟 ] (8)

We apply Bernstein’s inequality to bound the estimation error between the sample mean T𝑆 ′ (𝑙, 𝑟 )
and the true global mean T𝑆 (𝑙, 𝑟 ):

𝑃 [|T𝑆 ′ (𝑙, 𝑟 ) − T𝑆 (𝑙, 𝑟 ) | ≥ 𝜖1] ≥ 1 − 𝛿1 (9)

where the deviation bound is 𝜖1 =
√︂

4𝜎2
𝑍
ln(2/𝛿1 )
𝑝𝑁

+ 4(1−𝛼/2) ln(2/𝛿1 )
3𝑝𝑁 , and 𝜎2

𝑍
= Var(𝑍𝑖 ) denotes the

variance of 𝑍𝑖 ,
Similarly, for the right-hand side of the constraint (7), we bound the estimation error of the

positive class mass 𝐹+:
𝑃

[
| (1 − 𝛼)𝐹+𝑆 ′ − (1 − 𝛼)𝐹+𝑆 | ≥ 𝜖2

]
≥ 1 − 𝛿2 (10)

where 𝜖2 = (1 − 𝛼)
(√︂

4𝜎2
𝑃
ln(2/𝛿2 )
𝑝𝑁

+ 4 ln(2/𝛿2 )
3𝑝𝑁

)
, and 𝜎2

𝑃
is the variance of the sampled positives.

By applying a union bound to combine Eq. (9) and (10), and setting 𝛿1 = 𝛿2 = 𝛿/2, we establish
that if the observed sample constraint holds T𝑆 ′ (𝑙, 𝑟 ) ≤ (1 − 𝛼)𝐹+

𝑆 ′ − 𝜖 , then global constraint
T𝑆 (𝑙, 𝑟 ) ≤ (1 − 𝛼)𝐹+𝑆 holds with probability at least 1 − 𝛿 . This implies 𝑃 [Acc𝑆 (𝑙, 𝑟 ) ≥ 𝛼] ≥ 1 − 𝛿 .
The global safety margin 𝜖 = 𝜖1 + 𝜖2 evaluates to:

𝜖 =

(√︃
𝜎2
𝑍
+ (1 − 𝛼)

√︃
𝜎2
𝑃

) √︄
4 ln(4/𝛿)

𝑝𝑁
+ (8 − 6𝛼) ln(4/𝛿)

3𝑝𝑁
(11)

Discussion. Proposition 1 demonstrates that the global error is bounded by the variances of
proxy scores, theoretically justifying our contrastive learning approach (in Section 3.1), which
optimizes for low-variance distributions. Furthermore, the discretization in Algorithm 2 acts as a
conservative buffer to cover the margin 𝜖 . Collectively, these provide a theoretical guarantee that
ScaleDoc can generalize from the proxy sample to the full dataset, maintaining the end-to-end
accuracy with high confidence.
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Fig. 4. End-to-end latencies and data reduction rate – We evaluate ScaleDoc and other baselines with

accuracy target 𝛼 = 0.90. The data reduction rate measures the percentage of data that does not require the

LLM oracle call, indicating the cost-saving.

5 Implementation Details
In this section, we discusses several key design decisions and optimizations within the system.
Training Set Optimization. In the online phase, the initial step of training is to sample a small
subset of documents for oracle labeling. However, randomly sampling may get quite imbalanced
classes, resulting in a biased and ineffective proxy. To address this, we implement a fallback-style
rebalancing method. If the initial sample is quite skewed, we augment the data by adding Gaussian
noise to the existing minority embeddings and assigning them the corresponding label, thus creating
a more balanced training set.
Model Training. The proxy encoder is a 3-layer perceptron (MLP), mapping the embeddings into
a latent space. Following standard practice in contrastive learning [5, 10], we append a projector
head 𝑃𝑟𝑜 𝑗 (·) after the encoder, during the training. This projector head is discarded during inference.
The training mini-batch consists of multiple document embeddings and the single query embedding,
forces the encoder to optimize the shared latent space for both.

In Section 3.2, training-phase-2 optimizes a joint loss: L2 = 𝜆 · L𝑠𝑢𝑝𝑐𝑜𝑛 + (1 − 𝜆) · L𝑝𝑜𝑙𝑎𝑟 , where
the hyperparameter 𝜆 balances the two losses. Across all experiments, we empirically set 𝜆 = 0.2.
We found the final performance is not sensitive to this parameter, and extensive tuning did not
yield significant improvements.
Model Cascade. The calibration step relies on discretization granularity, which determines the
number of bins to partition the proxy score ranges (the 𝑠𝑡𝑒𝑝𝑠 in Algorithm 2). We empirically set
this granularity to 64, balancing distribution accuracy with sample representativeness per bin.

6 Evaluation
6.1 Experimental Setup
Workloads. To evaluate performance across diverse settings, we use three real-world document
collections: PubMed [7], BigPatent [41], and GovReport [13]. Given the lack of benchmarks for
collection-level semantic predicates, we manually crafted 20 distinct natural language queries for
each collection, covering a wide range of semantic characteristics and data selectivity. Each collec-
tion contains 10,000 documents, and the ground truth labels for all query-document predicating
pairs are generated by GPT-4o [32]. Table 1 provides a summary of the datasets and illustrative
queries. We utilize F1 score as the accuracy metric throughout our paper, which is more robust
than naive accuracy for handling imbalanced data.
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Table 1. Dataset Characteristics

Dataset Content Avg. Word
Count

Example Predicating Query

PubMed Abstracts from medical
papers

413 Report efficacy of a certain medicine?

BigPatent Summaries on U.S. patent
documents

129 Introduce inventions of cross-sectional
technology?

GovReport Reports from government 621 About environment protection?

Baselines.We compare ScaleDoc against several representative baselines, which accelerate ML-
powered predicates in analytical data systems. The oracle model for all systems, which also serves
as the ground truth labeler, is GPT-4o [32].

1) Oracle Only. This baseline avoids any filtering and processes every document directly using
the oracle LLM. We prompt the LLM to output the binary class labels to indicate the predicate
decision.

2) Probabilistic Predicates (PPs) [29, 47]. This approach uses traditional lightweight machine
learning models as proxies. For each new problem, the PPs are trained to output binary classification
results with confidence interface. It includes the following component choices:
• Text Representation: Bag-of-Words (BoW) and TF-IDF, both are standard text encoding schemes.
• Dimensionality Reduction: Principal Component Analysis (PCA) and Feature Hashing (FH).
• Classifier: Support Vector Machines (SVM) and Kernel Density Estimation (KDE).

These models are implemented using scikit-learn [35]. We explore various combinations of them
and report the best performing choices.

3) LLM Cascade [4, 34]. This category employs smaller, cost-effective LLMs as proxies to filter
easy instances, selectively deferring only uncertain cases to the oracle. In our setup, Llama-3.2-1B
or 3B models serve as proxies, while GPT-4o acts as the oracle. We utilize the vLLM engine [23] to
ensure high-throughput proxy inference. We evaluate four distinct cascade strategies:
• Basic Cascade.We implement standard cascade pipelines, including single-proxy configura-
tions (denoted as 1B-Cas and 3B-Cas) and a multi-hop chain (1B→3B→Oracle). These baselines
utilize the log-probability of the generated token as the confidence score. To determine the
filtering thresholds, they adopt the same cascade strategy described in Section 4.
• FrugalGPT [4]. This approach employs a scoring model (DistilBERT [39]) to predict the
reliability of the proxy LLM’s response. It then uses a constrained optimization formulation to
maximize accuracy within a given budget. We integrate both 1B and 3B models as proxies, and
FrugalGPT would autonomously build a cascading pipeline. To ensure a fair comparison with
our accuracy-target setting, we profile the cost-accuracy curve of FrugalGPT and report the
minimum oracle usage required to achieve the target accuracy.
• LOTUS [34]. With a database perspective, LOTUS implements semantic operators and adopts
a variant of the SUPG algorithm [19] to accelerate predicates. Similar to ScaleDoc, it relies on
an independent sampling procedure to estimate statistics and derive cascade thresholds over
the sampled subset.
• BARGAIN [48]. This recent framework provides theoretical statistical guarantees for cascade
flows. It introduces different optimization targets (i.e., precision, recall and accuracy target). To
align with our setting, we compare against its accuracy-target (AT) strategy, which minimizes
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Table 2. Estimated average computational cost (FLOPs) per query - The FLOPs are normalized to 10,000

documents. Each column present the overall averaged invocation frequency of the model. “Total” represents

the sum of all components (the labeling cost is omitted).

Models(→)
FLOPs

Our Proxy
2T

1B
10P

3B
27P

Oracle
>500P Total

ScaleDoc 1× - - 0.28× 140P

1B & 3B Cas - 1× 0.42× 0.59× 316P
LOTUS-3B - - 1× 0.61× 332P
BARGAIN-

3B
- - 1× 0.44× 249P

Oracle - - - 1× 500P

oracle usage while satisfying a correctness constraint. Since its AT strategy optimizes for exact-
match accuracy (ScaleDoc use F1 score by default), we implement an exact-match variant of
ScaleDoc to align the accuracy metrics and report the normalized results.

4) Direct Embedding Matching. For additional ablation, we adopt a design from embedding-
based retrieval systems [12]. This method computes a similarity score between the query and each
document using an off-the-shelf embedding model. This score serves directly as the proxy value
for cascade filtering (see results in Section 6.4).
Experimental Details. Each workload operates on a collection of 10,000 documents. For methods
requiring proxy fine-tuning (i.e., ScaleDoc and PPs), we sample 1,000 documents (10%) for training
and calibration. The remaining 9,000 documents are then processed online. Baselines that do not
require training (i.e., oracle-only and LLM-cascade) just process the entire collection online. For
the offline representation phase, ScaleDoc uses NvEmbed [24], derived from Mistral-7B [17], to
pre-compute the document embeddings. Our online lightweight proxy model is implemented as a
3-layer MLP. We run LLM inference on a single NVIDIA A10 GPU, while the oracle LLM (GPT-4o)
is accessed via the Azure-OpenAI API, subject to a rate limit of 150k tokens per minute.

6.2 End-to-End Performance
We evaluate end-to-end online performance of ScaleDoc against the baselines. Figure 4 presents
the average online latency and data reduction across three datasets, with a user-specified accuracy
target of 𝛼 = 0.90 (𝛼 for all experiments will be 0.90 if not specified). The results show that
ScaleDoc consistently and significantly outperforms all other approaches, achieving an average
online speedup of over 2×. ScaleDoc also reduces the invocation of oracle LLMs up to 85%, which
means 6.6× cost-saving. Specifically, ScaleDoc achieves better oracle reduction in 44 out of 60
queries against BARGAIN-3B and outperforms LOTUS-3B in 53 out of 60 queries. The performance
gain is driven by effective data filtering and the computational efficiency of our lightweight design.
Computational Efficiency. For a more holistic evaluation of ScaleDoc’s cost-effectiveness,
beyond latency and data reduction ratios, we analyze the total computation consumption. We
estimate the Floating Point Operations (FLOPs) required per query, with the averaged document
length as input (i.e., approximately 400 words). Table 2 details the invocation frequency of different
models and the resulting total FLOPs (normalized to 10,000 documents). The results demonstrate
that ScaleDoc achieves the lowest total computational cost (140P), significantly outperforming
other strategies. This efficiency stems from the synergy of two factors: the negligible training and

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 229. Publication date: June 2026.



229:16 Hengrui Zhang, Yulong Hui, Yihao Liu, and Huanchen Zhang

Fig. 5. Breakdown for different approaches over PubMed dataset, measuring average latencies of each stage.

– ScaleDoc (top) presents significance improvement.

inference cost of our tiny proxy model; and the substantial reduction in expensive Oracle LLM
invocations.
Latency Breakdown. To provide a granular performance analysis, Figure 5 breaks down the
average latency of each online processing stage over PubMed datasets. We report 3 different
stages of the pipeline, including oracle labeling, proxy train & inference and oracle inference. The
oracle-labeling stage represents the overhead of invoking the oracle to label a sample subset for
subsequent proxy training and calibration. Compared to other approaches, ScaleDoc achieves
significant reduction in oracle inference. Its efficiency is also driven by its lightweight proxy model,
which benefits training and inference. In contrast, the LLM cascade methods exhibit a performance
bottleneck. Although their proxy LLMs offer training-free zero-shot capabilities, they still incur
moderate computational costs during inference, leading to high end-to-end latency.
Offline Overhead. ScaleDoc needs an offline computation for document representation. Encod-
ing 10,000 documents with NvEmbed is a one-time process and requires a relatively small amount
of computation. For example, on the PubMed dataset, the estimated computation is approximately
50 PFLOPs. Conversely, during online processing, an LLM oracle (e.g., GPT-4o) demands 10× more
computation for each ad hoc query. A lightweight proxy model such as Llama-3.2-3B would incur
27 PFLOPS online computation for each new query. This comparison underscores that ScaleDoc’s
one-time offline overhead is relatively small and acceptable, in light of the efficiency it brings to
online query processing.

6.3 Accuracy Analysis
Validation against Human Labels. Since human-labeled data is typically limited to specific
classification tasks, our main evaluation relies on various manually curated queries. Nevertheless,
to ensure rigorous validation against human standards, we conducted additional experiments using
human annotations from the datasets BigPatent and PubMed. We mapped the original classification
labels to binary predicates and evaluated the actual end-to-end accuracy of ScaleDoc. Figure 6
demonstrates that our system successfully maintains user-specified accuracy (achieving the Ideal
dotted line). Besides, across these 11 queries with a target accuracy of 𝛼 = 0.9, ScaleDoc reduces
average oracle invocations by 80.6%. These results confirm that our approach is robust against
human judgment and maintains high efficiency.
Accuracy Robustness across Selectivities. For predicate evaluation, selectivity denotes the
fraction of positive instances, thereby introducing challenges related to class imbalance. To assess
robustness against such skewness, Figure 7 reports the accuracy of ScaleDoc across varying
selectivities. The results demonstrate that ScaleDoc exhibits resilience to data skew, maintaining
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Fig. 6. Accuracy Validation with human-annotated labels.

Fig. 7. Accuracy performance over different selectiv-

ities.

Fig. 8. Latency performance (normalized) over dif-

ferent query selectivity.

Fig. 9. Accuracy-Latency tradeoff on three datasets.

robust accuracy across a broad range of selectivities (More details about skewness are presented in
Section 6.6.)
Accuracy-Latency Tradeoff. We evaluated the accuracy-latency trade-off by setting accu-
racy targets from 0.80 to 0.96. As shown in Figure 9, ScaleDoc consistently reduces average
runtime across three datasets and different accuracy targets. All of the methods exhibit a common
trend: higher accuracy targets generally incur more latency. When accuracy targets are relaxed,
ScaleDoc’s latency decreases by a larger margin, offering more trade-off opportunities for higher
performance. In contrast, other baselines show smaller latency variation, due to their unreliable
decision scores. This limits their data reduction even when accuracy requirements are loosened.
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Table 3. End-to-end processing latencies of two direct embedding-matching methods and ScaleDoc.

PubMed BigPatent GovReport

E5 1412.0 708.1 2257.6
NvEmbed 1358.9 641.2 2206.5
ScaleDoc 789.1 382.6 1330.6

Fig. 10. End-to-end data reduction ablation results

on different training loss variants – MLP serves as a

baseline, training a standard binary classifier. L𝑞𝑠𝑖𝑚 ,

L𝑠𝑢𝑝𝑐𝑜𝑛 , L𝑝𝑜𝑙𝑎𝑟 are ablation-style variants of Scale-

Doc’s training approach.

Fig. 11. Average score distribution of positives and

negatives – The four model variants are trained with

different losses in an ablation style. All scores are

normalized into percentiles.

6.4 Ablation for Proxy Model Training

Ablation Comparison. To assess the impact of our overall training framework, we compare
it against the baselines that rely on direct embedding-based similarity matching. Specifically, we
evaluate on NvEmbed, the embedding model used in ScaleDoc’s offline phase, along with a widely
adopted model, E5 [45, 46]. For this approach, similarity scores are directly computed between each
document and the query, then serving as proxy values for cascading decisions. As shown in Table 3,
our query-aware training outperforms these direct approaches. Unlike static latent representations,
our paradigm dynamically adapts to online query semantics, producing more reliable decision
scores and superior efficiency.
Breakdown of the Training. We further provide a decomposed analysis of the proposed
contrastive learning objectives. Figure 10 shows the effectiveness of our training design through
end-to-end data reduction results. Here, we use a brute-force optimal cascade to isolate the effect
from cascade designs. The key findings include:

1) Superiority of contrastive-based paradigm.We compare ScaleDoc with a baseline where
a MLP binary classifier is directly trained on document embeddings. Figure 10 shows that ScaleDoc
achieves 20% higher data reduction than basic MLP. Our further investigation suggests that the
standard MLP training is inadequate for handling the complex query-document fusion task.

2) Effectiveness of different losses. Our ablation (Figure 10) reveals the distinct roles of each
loss. Training with only L𝑞𝑠𝑖𝑚 in phase 1 is insufficient, but phase 2, with L𝑠𝑢𝑝𝑐𝑜𝑛 and L𝑝𝑜𝑙𝑎𝑟 ,
resolves this to achieve the final performance. This does not diminish the role of phase 1. In fact,
models trained without phase 1 failed to produce valid results, demonstrating that establishing an
initial semantic ranking is a fundamental prerequisite.
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Fig. 12. Embedding relocation mapping during training. – Score stands for the numerical values of cosine

similarity scores, and Rank stands for the relative order of the scores. Each line demonstrates the relocation

trace of a single document in the latent space throughout 2 training phases.

We dive deeper into these objectives with following experiments:
a) L𝑞𝑠𝑖𝑚 guarantees semantic monotonicity. Figure 12 illustrates how the lightweight

encoder refines document representations. The encoder maps the original embedding (raw) to
a latent space where scores reflect semantic consistency to the predicates. While positive and
negative documents initially overlap, stage-1 training with L𝑞𝑠𝑖𝑚 makes them semantically orderly:
positive documents shift to high-score regions, and negatives to low ones. This establishes semantic
monotonicity, forming a crucial foundation.

b) L𝑠𝑢𝑝𝑐𝑜𝑛 and L𝑝𝑜𝑙𝑎𝑟 create a bipolar distribution. Figure 11 illustrates score distributions
under different training objectives. L𝑞𝑠𝑖𝑚 alone yields overlapping positive and negative distribu-
tions, complicating threshold selection. Both L𝑠𝑢𝑝𝑐𝑜𝑛 and L𝑝𝑜𝑙𝑎𝑟 address this by creating a bipolar
distribution, pushing positive and negative scores to opposite ends. Specifically, L𝑠𝑢𝑝𝑐𝑜𝑛 clusters
documents with the same label and creates high-kurtosis peaks, but it introduces small and incorrect
sub-clusters in the tail regions. L𝑝𝑜𝑙𝑎𝑟 , in contrast, does not cluster as aggressively, but is effective
at shaping the tails. This creates a cleaner separation and mitigates the side effects of L𝑠𝑢𝑝𝑐𝑜𝑛 .
Integrating all three losses together achieves the reliable final distribution

6.5 Validation of the Cascade Mechanism
Accuracy Maintenance. Handling ad hoc cascade is inherently challenging because the system
lacks prior knowledge to guarantee specified accuracy targets. To empirically validate the reliability
of our cascade accuracy, we compare it against SUPG [19], BARGAIN [48], aNaive approach (directly
selecting thresholds from the sampled distribution), and an ablation variant of our approach (w/o
Jitter). We evaluate 100 trials over 15 queries, reporting F1 scores, whereas BARGAIN uses the
accuracy ratio. As shown in Figure 13a, the Naive approach fails to achieve the target accuracy in
nearly half of the trials due to uncontrolled calibration. Similarly, both the w/o Jitter variant and
SUPG exhibit instability across several queries. Although SUPG leverages statistical bounds for
threshold selection, it misses the target in some practical cases due to information bias. Critically,
Both BARGAIN and our ScaleDoc maintain a robust accuracy to achieve the specified target.
These results confirm ScaleDoc’s reliability for accuracy maintenance.
Effect on Data Reduction. Furthermore, we evaluate the effectiveness of different cascade
mechanisms in reducing LLM invocation, given the same embedding-based proxy. We introduce
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(a) Cascade accuracy on 100 trials – Black dotted line demonstrate accuracy target 𝛼=0.90.
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(b) Data reduction over different cascade algorithms – SUPG and Probe may result in zero
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Fig. 13. Ad hoc cascade accuracy and data reduction rates.

Table 4. JSD between reconstructed distribution and ground truth (Lower is better). – N denotes Naive

stratified sampling. p/n denotes positive and negative distributions.

N-p N-n IS-p IS-n B-p B-n SD-p SD-n

Mean 0.30 0.11 0.34 0.18 0.50 0.38 0.20 0.09

Median 0.32 0.08 0.33 0.17 0.42 0.43 0.16 0.08

an additional baseline, Probe-based Calibration, which iteratively forwards the most ambiguous
documents to the oracle (starting from a decision score of 0.5). Figure 13b demonstrates that
ScaleDoc delivers superior and generalizable performance. The SUPG and Probing methods
struggle with some cases, even yielding zero data reduction. This further validates the effectiveness
of our adaptive cascade strategy in maximizing efficiency under accuracy constraints.
Validate Density Estimator. The effectiveness of ad hoc calibration is based on a faithful Density
Estimator (DE) for the score distribution. A good DE should accurately model original distributions
from a small subset. To validate its effectiveness, we leverage Jenson-Shannon Distance (JSD) to
measure the discrepancy between the reconstructed distribution and the original full distribution.
We compare the quality of ScaleDoc’s DE results (SD) with other estimators, such as Importance
Sampling (IS) and directly fitting Beta distribution curves (B). As shown in Table 4, across 10
different queries, our DE (optimized with linear interpolation) achieves the lowest discrepancy in
general, ensuring the selected thresholds are accurately transferable to the full set.
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Fig. 14. Normalized latency on extended queries. – We also label the speed-up ratio compared to the Oracle.

Common denotes ScaleDoc’s average latency of existing common queries from PubMed. Worst represents

the theoretical worst-case for ScaleDoc (strictly 100% target accuracy, no reduction of Oracle).

6.6 Latency Analysis of the Data Skewness
A key challenge in data predicates is skewness. While Figure 7 shows the relevant accuracy
performance, Figure 8 further plots the latency results against selectivity. Queries with higher
selectivity achieve greater speedups, as more positive cases form a richer predicate-relevant training
set. For low-selectivity queries, performance would be expected to degrade due to the sparse
positive data. However, our results reveal a crucial strength: ScaleDoc not only performs well
on high-selectivity queries but also delivers evident speedups across low-selectivity scenarios.
This resilience stems from our core contributions. First, the contrastive-based training creates
a reliable representation space, capturing discriminative semantics even from limited positive
samples. Second, our adaptive cascade mechanisms further enhance the robustness across different
data distribution.

6.7 Stress-Testing on ComplexQueries
With three real-word document collections and carefully curated queries, our main evaluation
covers diverse common predicates such as topic classification, standpoint analysis, fact-checking
and attribute verification. To further assess robustness beyond them, we stress-test ScaleDoc on
more complex queries where embeddings may lack sufficient signals. We categorize these complex
queries into three types:
• Implicit Text Reasoning (TR): Queries requiring inference on information not explicitly
stated in the text.
Example. For patent documents, the query could be: “Does this document describe an invention
requiring a highly educated person to operate?”
• Quantitative Analysis (QT): Tasks with numerical extraction and arithmetic conditions.
Example: Medical papers often report p-value tests. The query could be: “Does the paper report
a p-value less than 0.05?”
• Composite Predicates (COMP): Queries combining multiple conditions with logical conjunc-
tions.
Example: For patent documents, the query could be: “Is this document from a scientific institution
and suitable for common usage in daily life?”
We curate 10 new queries across these categories and set the target accuracy as 0.9. As shown

in Figure 14, ScaleDoc consistently outperforms Oracle and BARGAIN-3B, achieving 1.4×–3.0×
speedups. While effective, our speedups for Quantitative Analysis and Composite Predicates are
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Fig. 15. Accuracy and Latency with different hyperparameters – Training Set % and Calibration Set % denotes

the portion of data sampled from the global.

lower compared to other queries. This confirms that semantic embeddings are less effective in
capturing symbolic patterns (e.g., numerical values) and complex logic. However, our system could
still mitigate this and achieve speedups with adaptive training and effective cascade. Even in the
theoretical worst case where the proxy filters no documents, the overhead of our lightweight
proxy is negligible, compared to the expensive LLM inference. This further ensures that ScaleDoc
remains robust in complex scenarios.

6.8 Impact of Hyperparameters
We demonstrate the impact of different hyperparameters, the sizes of training and calibration
sets, on ScaleDoc’s end-to-end performance with a target accuracy of 0.90 (see Figure 15). For
the training set, larger sizes initially improve the proxy model’s ability to learn global features,
enhancing efficacy. However, this eventually led to increased labeling overhead and higher latency.
The preferred trade-off is empirically found with a training set size between 7% and 10%. Conversely,
a traditional PP requires much more labels to train, leading to more LLM oracle invocations. A
similar trade-off exists for the calibration set, where sampling 5% is sufficient to capture global
distributions, maximizing end-to-end performance.

7 Related Work

LLMs in Data Systems. Large Language Models (LLMs) has catalyzed a paradigm shift in
data analysis, with their remarkable zero-shot capabilities. For instance, numerous studies have
explored using LLMs to translate natural language into SQL queries [25, 28, 30], lowering the barrier
to database analytics. LLMs are also integrated as agentic components to orchestrate complex
data processing workflows [14, 40, 49]. Furthermore, analytical systems such as LOTUS [34] and
Palimpzest [27] formulate semantic operators, which provide and integrate several declarative LLM
interfaces over unstructured data. Other works target various essential tasks such as multiclass text
classification [21], data cleaning [50], and entity extraction [11]. In parallel, ScaleDoc addresses
the foundational and ubiquitous task of semantic predicating. Our goal is to develop a general,
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scalable, and cost-effective solution for this primitive, which is critical for a wide range of analytical
scenarios.
Acceleration forMachine Learning Queries. The high computational cost of machine learning
(ML) inference, particularly for LLMs, has made acceleration a critical area of research. Some
works focus on hardware optimizations. For instance, PagedAttention [23] and FlashAttention [6]
improve performance by optimizing the attention mechanism and memory access at the GPU
level. Other scheduling approaches, such as DistServe [52] and Sarathi [1], optimize throughput via
disaggregated phases or chunked prefilling. Our work is orthogonal to these approaches, focusing
on a higher layer of the analytical system stack.
Additionally, KV caching mechanisms for LLMs are cost-effective by reusing shared prefixes,

which is common in multi-turn dialogues or specific context comprehension [8, 51]. However, our
workload requires traversing an enormous and diverse set of documents. Since these documents are
distinct and lack significant shared prefixes, the overall cache reuse is negligible. Besides, extending
the KV cache to cover the entire document collection would incur prohibitive memory overhead,
rendering this approach infeasible for our use case.
At the higher system level, some recent works adopt the proxy-cascades workflow. In this

paradigm, a lightweight proxy model rapidly filters out easy entities before sending them to a
powerful, expensive model. For instance, Probabilistic Predicates (PPs) [29, 47] employed simple
classifiers as pre-filtering proxies, and NoScope [18] built a cascade video databases to acceler-
ate object detection. However, these approaches lack generalizability to new workload patterns,
requiring labor-intensive manual adaptation. More recently, systems such as FrugalGPT [4] and
Palimpzest [27] use smaller LLMs as proxies for more powerful ones (e.g, GPT-4o). But these
solutions still depend on the moderate-scale LLM proxies, remaining expensive. Furthermore, given
the ad hoc and diverse workload, directly fine-tuning small LLMs (e.g., 7B-parameter models) as
the oracle is infeasible, due to the substantial computational overhead of online training [44]. Our
work addresses these limitations by exploring a more generalizable, lightweight, and automated
solution for semantic queries.
Semantic Representation. Semantic representations encode the meaning of text into dense
vectors [36]. Early advances, such as Sentence-BERT [37] and SimCSE [9], established the effective-
ness of embeddings for semantic tasks. More recently, the focus has shifted to leveraging LLMs
to generate high-quality, context-aware embeddings [3, 24, 26]. These models have demonstrated
state-of-the-art performance in various downstream applications [31, 42]. Our work does not pro-
pose a new representation model. Instead, we focus on the systems challenge of efficient workflow
orchestration and treat the representation model as a pluggable component.

8 Conclusion
In this paper, we introduce ScaleDoc, a novel system designed to efficiently scale LLM-based
semantic predicates over large document collections. It decouples the execution into an offline
representation phase and a highly optimized online filtering phase. The system’s effectiveness
stems from two key innovations: (1) a query-aware proxy model to produce reliable predicating
scores, and (2) an ad hoc cascade workflow that dynamically determines the data filtering with
specified accuracy targets. Experiments on diverse datasets confirm our design, showing ScaleDoc
reduces LLM calls by up to 85% and accelerates end-to-end performance by more than 2×. Our
work highlights the potential for the use of LLMs in large-scale data analysis systems with effective
performance.
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