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Inverted indexes (a.k.a. posting lists) are core data structures in search engines and database systems, where

compression is crucial to reduce memory footprint and accelerate query processing. The key challenge lies

in encoding a sorted list of integer identifiers in a compact, lossless form while supporting fast decoding.

Motivated by recent studies on learned data structures, this work presents LICO, a novel Learned Inverted

index COmpression framework that encodes sorted integers with error-bounded machine learning models

and auxiliary residual arrays for lossless reconstruction. Compared to classical schemes such as P4Delta

and Elias-Fano, and recent learning-based approaches such as LA-vector and LeCo, LICO offers three key

advantages: (1) a succinct data structure explicitly designed for leveraging parallelism offered by modern

hardware; (2) fully automatic adaptation to data distributions without hand-tuned hyperparameters; and (3)

rigorous theoretical guarantees on compression ratios. Extensive experiments on web-scale datasets and query

workloads show that LICO achieves Pareto-optimal trade-offs between index size and query latency. All code

and artifacts are available at: https://github.com/xianyuzhuruc/LICO.
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1 Introduction
Inverted indexes (posting lists) are the backbone of large-scale information retrieval [63] and

database systems [46]. A posting list stores a sorted sequence of document identifiers (docIDs,

hereafter keys) for a term, typically in the form of integers. Given the vast number of postings
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Fig. 1. Lossless learned compression of a sorted key list using a piecewise linear approximation model
(PLA). A 3-segment model 𝑓 : 𝑖 ↦→ 𝑘𝑖 compresses keys with maximum error 𝜖 = 4; each residual requires
⌈log

2
(2𝜖 + 1)⌉ = 4 bits.

that modern search engines and analytical systems can host (in trillions), compression is indis-

pensable: it reduces memory footprint, improves cache locality, and minimizes storage bandwidth

requirements [32, 41, 43, 45, 48].

Conventional Index Compression Schemes. A practical compressor for posting lists must satisfy

two requirements: (1) compactness—store sorted integers in as few bits as possible without loss

of information; and (2) efficiency—support efficient random access, sequential scans, and list

operations such as intersection and union. Decades of research and engineering have produced

highly optimized codecs deployed in production systems such as Apache Lucene [1], including delta

and bit-packing schemes [8, 26, 60, 64], VByte variants [27, 44], and entropy encoding methods [22,

35, 37]. These approaches typically encode small blocks of gaps between the keys with fixed-width or

patched variable-length codes, often optimized for SIMD/GPUs [26] or even custom hardware [21].

A recent experimental survey [45] discusses this design space in detail.

From Handcrafted to Learned Data Compression. It has been shown that lightweight machine

learning (ML) models can outperform hand-tuned structures by modeling data distributions di-

rectly [11, 13, 17, 18, 24, 30, 31, 33]. Motivated by this shift, recent works like LA-vector [9] and

LeCo [34] have explored compression of integer lists using learned models [9]. Given a sorted

list K = {𝑘1, . . . , 𝑘𝑛}, a learned compressor fits a function 𝑓 : 𝑖 ↦→ 𝑘𝑖 , and represents K as (𝑓 ,Δ),
where Δ[𝑖] = 𝑘𝑖 − round(𝑓 (𝑖)) is the residual between the true key and the model prediction.

The maximum absolute error |Δ[𝑖] | is bounded by 𝜖 . As |Δ[𝑖] | ≤ 𝜖 , each residual then requires

only ⌈log
2
(2𝜖+1)⌉ bits to store. The motivation behind learning-based compression is that integer

distributions in real posting lists are often structurally “simple” (see Section 7.1 for more details),

allowing even lightweight models (e.g., piecewise linear models) to approximate the mapping

𝑓 : 𝑖 ↦→ 𝑘𝑖 with small, bounded errors.

Running Example. Figure 1 illustrates lossless compression of 16 integer keys using a three-

segment (𝑓1, 𝑓2, 𝑓3) piecewise linear approximation (PLA) with 𝜖 = 4. Each segment predicts 𝑘𝑖
from index 𝑖 in its corresponding domain, and the array Δ = {1, 0,−2, · · · , 4} stores the residuals
for reconstruction, where each residual is encoded in 4 bits. To decode a key, it first evaluates the

corresponding segment function and then adds the stored residual to obtain the exact original

value.

Limitations of Current Learned Compression Methods. Learned compression is still in its

infancy, especially when compared to learned indexing [11, 13, 17, 18, 24]. LA-vector [9] first

introduces the concept of “learned compression” and emphasizes theoretical analysis, but neglects

practical low-level optimizations, making it unable to outperform mature conventional schemes

(see Figure 2). More recently, LeCo [34] proposes a general-purpose learned integer compressor,
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Fig. 2. Trade-offs between space and time tested on real inverted index compression benchmarks [45]. LICO
represents our base learned compressor, while LICO++ extends it with enhanced residual encoding. Note that
both the x- and y-axes are the smaller, the better.

but it is not tailored to inverted indexes and lacks theoretical guarantees on the compression ratio.

Moreover, existing works fail to effectively analyze the relationship between the compression ratio

and the error bound 𝜖 in learned compressors, forcing practitioners to rely on either trial-and-error

or heuristic approaches for hyper-parameter configuration.

To advance the line of work on learned compression, we aim to address three fundamental

research questions:

RQ1: How can we accurately analyze the storage cost of learned compression for a given model

family (e.g., PLAs)?

RQ2: How can the error bound (hyper-parameter) 𝜖 be automatically configured to maximize

compression ratio?

RQ3: How can learned compression be implemented and deployed to meet the latency and through-

put demands of practical inverted-index workloads?

Our Solution. To address the aforementioned challenges, we present LICO, an efficient learned

inverted index compression framework. LICO comprises two main components: an ML-based

compressor for sorted integer lists and a query processing engine.

For compression, we develop a rigorous space cost model and identify the key data feature:

the variance of key gaps (𝑔𝑖 = 𝑘𝑖 − 𝑘𝑖−1) is the intrinsic data feature that determines the achievable

compression ratio. Building on this insight, we formulate the hyper-parameter configuration (for

𝜖) as a data partitioning problem that aims to minimize the total space cost, and we propose a

linear-time algorithm with provable optimality guarantees.

For query processing, LICO supports common operations for inverted indexes, including

random access, complete decoding, list intersection, and list union. To ensure high performance

on compressed inverted indexes, we design an SIMD-friendly memory layout that maximizes

utilization of the hierarchical cache system and fully exploits the parallelism of modern hardware.

In summary, our contributions are threefold:

C1: Theoretical Insights. We develop a space cost model showing that LICO can compress 𝑛

sorted integer using 0.5𝑛 log
2
𝜎2 +𝑂 (𝑛) bits, where 𝜎2 is the variance of the key gaps, which

closely matches the information-theoretic lower bound [42].

C2: Software-Hardware Co-design.We introduce a principled auto-configuration strategy of

hyper-parameter 𝜖 , and query processing algorithms coupled with a cache- and SIMD-friendly

memory layout to achieve high query throughput.

C3: Empirical Performance. Through extensive benchmarks on web-scale datasets (>10 billion

keys), we show that LICO consistently achieves the Pareto-optimal space-time trade-off among
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Fitting Building Segment Space Cost ParallelismMethod Time (ms) Count (bits/int)

OptimalPLA 145,581 133,473,848 10.09

√

GreedyPLA 128,906 165,554,499 10.59

√

SwingPLA 111,559 218,964,753 11.43

√

Spline 65,769 379,054,813 12.19 ×
Table 1. Performance of linearmodels fitted under 𝜖 = 64 onCW12B. OptimalPLA, GreedyPLA, and SwingPLA
are 𝜖-bounded PLA methods [16, 59]; Spline is a linear-spline baseline fitted using the Greedy Spline Corridor
algorithm [38].

highly optimized list compressors (see Figure 2), including the popular delta-based and entropy-

based codecs.

Roadmap. Section 2 introduces the background and objectives. Section 3 presents an overview

of the LICO framework. Section 4 develops the space cost model and proposes strategies for

automatic 𝜖 configuration. Section 5 details the entire compression pipeline. Section 6 discusses

query processing techniques on LICO’s compressed format. Section 7 reports the experimental

study. Finally, Section 8 reviews related work and Section 9 concludes the paper.

2 Background and Objectives
In this section, we present the foundations of inverted index compression and formulate the problem

of learned compression.

2.1 Inverted Index Compression
Compressing an inverted index is equivalent to encoding a sorted integer list. A useful theoretical

tool for evaluating list compressors is the information-theoretic lower bound (ITLB) [42, 45].

The ITLB states that for 𝑛 sorted integers drawn uniformly at random from a universe of size Γ ≥ 𝑛,
the minimum number of bits required to represent the list is:

𝐵(Γ, 𝑛) =
⌈
log

2

(
Γ

𝑛

)⌉
≈ 𝑛 ·

(
1.443 + log

2
(Γ/𝑛)

)
. (1)

Any list compressor is called succinct if it achieves a total size of 𝐵(Γ, 𝑛) + 𝑜
(
𝐵(Γ, 𝑛)

)
bits, and

quasi-succinct if it achieves 𝐵(Γ, 𝑛) +𝑂 (𝑛) bits. We will show later that the learned compression

scheme employed by LICO is quasi-succinct.

2.2 Learned Inverted List Compression
Given a sorted integer list K = {𝑘1, . . . , 𝑘𝑛} and an error bound 𝜖 , the objective of learned compres-

sion is to construct a compact model 𝑓 : 𝑖 ↦→ 𝑘𝑖 that approximates the mapping from index space

(I = {1, 2, · · · , 𝑛}) to key space K , subject to the constraint:

|round(𝑓 (𝑖)) − 𝑘𝑖 | ≤ 𝜖, ∀𝑖 ∈ {1, . . . , 𝑛}, (2)

where the error bound 𝜖 guarantees lossless recovery. Intuitively, learning 𝑓 (·) is equivalent to
learning the inverse cumulative distribution function (ICDF, or quantile function) of K scaled by 𝑛.

In latency-sensitive scenarios such as search engines, the overhead of deep learning runtimes

(e.g., PyTorch) can be prohibitive. To balance compression ratio and decoding speed, existing works

usually avoid heavyweight neural networks in favor of lightweight models that train and infer

quickly while retaining sufficient predictive accuracy. In particular, error-bounded piecewise linear

models (𝜖-PLA) are popular choices [17, 18] due to their effectiveness and structural simplicity.

Table 1 offers a brief preview of how different fitting methods perform for learned data compression,
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Fig. 3. Architecture of the LICO framework. LICO consists of two key components: an auto-configured list
compressor (Steps ❶❷❸) and a high-performance query processing engine (Steps ❹❺).

and the OptimalPLA [59] algorithm is chosen as the default segment learner in our design for its

optimal space cost and support for parallel decoding (see Section 6.2 and Section 7.7 for details).

Definition 2.1 (𝜖-PLA for Compression). Given a list of 𝑛 sorted integers K = {𝑘1, . . . , 𝑘𝑛} and an

error bound 𝜖 , an 𝜖-PLA with 𝐿 segments to the point set {(𝑖, 𝑘𝑖 )}𝑛𝑖=1 is a piecewise linear function

𝑓 (𝑖) =


𝛼1 × (𝑖 − 𝑠1) + 𝛽1 𝑖 ∈ [𝑠1, 𝑠2)
𝛼2 × (𝑖 − 𝑠2) + 𝛽2 𝑖 ∈ [𝑠2, 𝑠3)
...

...

𝛼𝐿 × (𝑖 − 𝑠𝐿) + 𝛽𝐿 𝑖 ∈ [𝑠𝐿,+∞)

(3)

such that |round
(
𝑓 (𝑖)

)
− 𝑘𝑖 | ≤ 𝜖 for all 𝑖 .

When using 𝜖-PLA to represent K , the total storage cost in bits consists of two components -

the model parameters and the residuals - which can be expressed as:

#Bits = 𝐿(K | 𝜖) · 𝑏seg + 𝑛 · ⌈log2 (2𝜖 + 1)⌉, (4)

where 𝐿(K | 𝜖) is the number of segments required to satisfy the error bound, and 𝑏seg is the

number of bits to encode each linear segment (break point, slope, intercept). In our implementation,

𝑏seg = 136 (see Section 5 for more details).

2.3 Design Objectives
From Equation (4), a fundamental trade-off arises: a smaller 𝜖 reduces the bits per residual but

increases the number of segments. Prior work on learned compression [9] has largely focused on

theoretical insights, leaving open the question of how to configure the optimal error bound in

practice. Moreover, existing learned compressors provide only limited support for query processing

directly on compressed lists (e.g., intersection, union) and overlook low-level implementation

optimizations, leading to empirical inferiority to mature list compressors such as OptPForDelta [45]

and Elias-Fano encoding [54].

In this work, we demonstrate that by addressing these technical challenges, learned compression

achieves both theoretical rigor through principled compression scheme design and practical
efficiency through systems-level engineering, making it a promising alternative to state-of-the-art

inverted index compressors.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 202. Publication date: June 2026.
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3 LICOWorkflow
Figure 3 illustrates the LICO framework, which comprises two major components: a principled

machine-learned list compressor (Steps ❶-❸) and a query engine that operates directly on the

compressed format (Steps ❹-❺).

Step ❶: Data-aware Partitioning. We first prove that the effectiveness of piecewise linear ap-

proximation for compression is determined only by the variance of key gaps (i.e., the differences

between consecutive keys). Empirical evidence further shows that exploiting the intrinsic data

locality can substantially enhance compression efficacy. Guided by these insights, LICO employs

a linear-time algorithm to partition posting lists into disjoint blocks according to gap variance,

thereby aligning compression performance with intrinsic data characteristics (see Section 4.1 and

Section 4.3).

Step ❷: Optimal Error Bound Configuration. For each partitioned block P ⊆ K , we model the

expected segment count in Equation (4) as 𝐿(P | 𝜖) =𝐶 · |P | ·𝜎2/𝜖2, where𝐶 is a constant that can

be estimated empirically and 𝜎2 represents the variance of gaps within block P. Based on this model,

we derive the optimal error bound that minimizes total space cost as 𝜖★ =
√︁
2 ln 2 ·𝐶 · 𝑏seg · 𝜎2. We

further prove that under this configuration, LICO achieves quasi-succinctness, closely matching

the ITLB (see Section 4.2).

Step ❸: List Encoding. Given the partitioned blocks and optimal error bound configurations

{(P1, 𝜖★1 ), . . . , (P𝑚, 𝜖★𝑚)}, each block Pℓ is encoded using an 𝜖-PLA with 𝜖 = 𝜖★ℓ , learned via a

parallelizable linear-time PLA fitting algorithm [40]. Each block is then represented as a tuple

(𝜖★ℓ , 𝑓ℓ ,Δℓ ), where 𝑓ℓ denotes the learned PLA model and Δℓ = {round(𝑓ℓ (𝑖)) − 𝑘𝑖 | 𝑖 ∈ [1, |Pℓ |]} is
the residual array. Residuals are encoded in a compact bit array, and each segment of 𝑓ℓ is stored as

a 136-bit tuple (see Section 5).

Step ❹: Memory Re-Layout. To support efficient query execution on modern architectures, LICO

reorganizes the compressed representation into cache-friendly memory layouts. Specifically, seg-

ment metadata, error bounds, and residual arrays are arranged in contiguous blocks based on

accessing order to maximize spatial locality and minimize pointer chasing. This design ensures that

subsequent query processing can benefit from high cache-line utilization and reduced memory

stalls (see Section 6.1).

Step ❺: Query Processing. LICO’s query engine supports random access, full decoding, list inter-

sections, and unions directly over the compressed format. We implement SIMD-based list operators,

equipped with optimizations such as skip pointers, incremental model prediction, and huge-page

allocation to accelerate query processing. Together, these optimizations enable low-latency query

execution while preserving the compression benefits of LICO, allowing LICO to achieve superior

decoding efficiency compared with highly optimized SIMD-based compressors (see Section 6.2).

4 Data-Aware Error Bound Configuration
In this section, we analytically model the storage cost of learned compression and derive the optimal

error bound 𝜖 to minimize the space cost. We further introduce a linear-time algorithm that adapts

𝜖 to local data variance with theoretical guarantees.

4.1 Estimation of Required Segment Count
As indicated by Equation (4), the space cost is a function of the number of segments 𝐿(K | 𝜖),
which is given in Theorem 4.1. We extend the theoretical analysis of [9] to derive a closed form for

𝐿(K | 𝜖) from dataset statistics.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 202. Publication date: June 2026.
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Theorem 4.1 (Expected Segment Count [9]). Given a list of 𝑛 sorted integers K = {𝑘1, · · · , 𝑘𝑛}
and an error bound 𝜖 ∈ N+ with 𝜖 ≫ 𝜎 , the expected number of segments 𝐿(K | 𝜖) needed to fit an
𝜖-PLA on {(𝑖, 𝑘𝑖 )}𝑛𝑖=1 is 𝐿(K | 𝜖) ∝ 𝑛𝜎2/𝜖2, where 𝜎2 is the variance of key gaps (i.e., 𝑘𝑖 − 𝑘𝑖−1).

Without loss of generality, we write 𝐿(K | 𝜖) = 𝐶 · 𝑛 · 𝜎2/𝜖2, where 𝐶 is a coefficient to be

learned. To estimate 𝐶 , we randomly sample 5,355 subsets of consecutive keys from real posting

lists, physically construct 𝜖-PLAs for each sample with 𝜖 ∈ {22, . . . , 212}, and record the resulting

segment counts. We then apply a threshold𝑇 ∈ [0.01, 5] such that all sampled lists with 𝜎/𝜖 ≤ 𝑇 are

taken to fit𝐶 using least square. As Figure 4 shows, when the fitting quality is acceptable (𝑅2 ≥ 0.6),

smaller 𝐶 reduces space cost but increases segment count and lowers decoding efficiency; when

𝑅2 < 0.6, the fitted 𝐶 becomes unreliable and may increase space overhead. Based on this trade-off,

we select 𝐶 = 0.10997 (𝑅2 = 0.82), which improves decoding speed by 27% with only a 2% space

overhead compared to the space-optimal 𝐶 (see Appendix E of [62] for more details).

4.2 Optimal Error Bound Configuration
Based on Theorem 4.1, Equation (4) can be rewritten as:

#Bits =𝐶 · 𝑏seg ·
𝑛𝜎2

𝜖2
+ 𝑛 · ⌈log

2
(2𝜖 + 1)⌉, (5)

which allows us to derive the optimal configuration of 𝜖 .

Theorem 4.2 (Optimal Error Bound). For a sorted list K with gap variance 𝜎2, the optimal
setting of 𝜖 to minimize the storage is:

𝜖★ =

√︄
2 ln 2 ·𝐶 · 𝑏seg · 𝑛 · 𝜎2

𝑛 + 1 ≈
√︃
2 ln 2 ·𝐶 · 𝑏seg · 𝜎2, (6)

and the corresponding minimum total bits to encode K is:

𝑆 (K | 𝜖★) ≈ 𝑛 ·
(
1.957 + 1

2

log
2

(
𝐶 · 𝑏seg · 𝜎2

) )
. (7)

Proof. See Appendix B of [62] for more details. □

Error Scaling. Notably, the results in Theorem 4.2 are derived by relaxing the residual storage

term in Equation (5) into a continuous form. This simplification introduces at most a 1-bit error

in the encoding cost per residual. In practice, for any 𝜖★ that falls within the range [2𝑘 , 2𝑘+1), we
can scale it up to the nearest power of two minus one. This adjustment minimizes the number of

required line segments without affecting the bits per residual (see Section 5.1).

Quasi-Succinctness. We then show that the optimal configuration in Theorem 4.2 leads to a

quasi-succinct compressor. Consider 𝑛 uniformly distributed keys 𝐾1, . . . , 𝐾𝑛 with 𝐾𝑖 ∼ U(0, Γ).

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 202. Publication date: June 2026.
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Fig. 5. Block-wise gap-variance distributions within posting lists (1K keys per block). Tall box plots (e.g., Lists
2—4 in CW12B) indicate larger variance differences across blocks, i.e., stronger locality.

Let 𝐺𝑖 = 𝐾(𝑖 ) − 𝐾(𝑖−1) be the 𝑖-th gap, where 𝐾(𝑖 ) is the 𝑖-th order statistics. According to [12], 𝐺𝑖

follows a scaled Beta distribution Γ · Beta(1, 𝑛) with variance:

Var[𝐺𝑖 ] =
Γ2 · 𝑛

(𝑛 + 1)2 (𝑛 + 2) ≈ Γ2/𝑛2. (8)

Substituting Equation (8) into Equation (7) yields:

𝑛 ·
(
1.957 + 0.5 log

2
(𝐶 · 𝑏seg) + log2 (Γ/𝑛)

)
, (9)

which simplifies to 𝐵(Γ, 𝑛) +𝑂 (𝑛), satisfying the definition of quasi-succinctness (see Equation (1)).

It is worth noting that the ITLB [42, 45] characterizes the compression limit under the worst-case

assumption of perfectly uniform data. In practice, a list compressor can achieve fewer bits than the

ITLB suggests, since real-world datasets often exhibit strong locality. In the subsequent sections, we

will show that LICO can achieve better performance by exploiting the local distributional patterns.

Summary of Theoretical Results. Compared with the main theoretical result for learned in-
dexes [17] (i.e., for indexing, the segment count 𝐿 follows 𝐿 ∝ 𝑛𝜎2/(𝜇𝜖)2), our theoretical contri-
butions address the learned compression setting and differ in two key aspects. (1) Theorem 4.1

extends previous results [9, 17], showing that the segment count for learned compression depends

on the gap variance and is independent of the gap mean, yielding 𝐿 ∝ 𝑛𝜎2/𝜖2. (2) Theorem 4.2

further shows that the total space cost of a learned compressor using PLA is a convex function of 𝜖 ,

which enables selecting an optimal 𝜖 and leads to quasi-succinctness.

4.3 Data-Aware List Partitioning
Theorem 4.2 highlights a key insight: the optimal error bound and the minimum space cost depend
solely on the variance of key gaps. As Figure 5 illustrates, the gap distribution of real-world

datasets exhibits block-wise heterogeneity, reflecting the strong locality. This observation motivates

partitioning a long posting list into multiple blocks with homogeneous gap variance, which enables

finer-grained error configuration.

Problem Formulation andOptimal DP Solution. Formally, let 𝑖1, 𝑖2, · · · , 𝑖𝑚+1 (𝑖1 = 1 and 𝑖𝑚+1 = 𝑛)
denote the boundaries for partitioning 𝑛 sorted keys into𝑚 consecutive, disjoint blocks P1, · · · ,P𝑚
where Pℓ = {𝑘𝑖 | 𝑖 ∈ [𝑖ℓ , 𝑖ℓ+1]}. For block Pℓ with size 𝑛ℓ and gap variance 𝜎2ℓ , the optimal error

bound 𝜖★ℓ ≈ 4.553 + 𝜎ℓ and the corresponding minimized space cost is 𝑆 (Pℓ | 𝜖★ℓ ) = 𝑛 𝑗 · (3.908 +
log

2
𝜎ℓ ), by setting 𝐶 = 0.10997 and 𝑏seg = 136 (see Section 4.1) according to Theorem 4.2. The

partitioned compression problem can then be formulated as:

min

P1,...,P𝑚

𝑚∑︁
ℓ=1

𝑆 (Pℓ | 𝜖★ℓ ). (10)
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Equation (10) can be optimally solved by a dynamic programming (DP) algorithm based on the

following recurrence:

OPT[ 𝑗] [ℓ] =min

𝑖< 𝑗
{OPT[𝑖] [ℓ − 1] + 𝑆 (K𝑖 :𝑗 | 𝜖★𝑖:𝑗 )}, and (11)

OPT[0] [0] = 0, (12)

where OPT[ 𝑗] [𝑘] is the minimum total bits achieved by partitioning the first 𝑗 keys into ℓ block,

K𝑖:𝑗 = {𝑘𝑖 , · · · , 𝑘 𝑗 }, and 𝜖★𝑖:𝑗 is the corresponding optimal error bound configured by Theorem 4.2.

To obtain a solution from OPT[𝑛] [𝑚], such a DP algorithm (see Appendix C of [62]) incurs𝑂 (𝑚𝑛2)
time and 𝑂 (𝑚𝑛) space complexity, whose time complexity is prohibitive for billion-scale posting

lists.

Linear-time Greedy Algorithm. To scale to large datasets, we further develop a linear-time

greedy algorithm, GreedyPartition (Algorithm 1), which iteratively splits the block with the

highest space cost into two sub-blocks at the break point that yields the optimal cost reduction.

The algorithm runs in 𝑂 (𝑚(𝑛 + log𝑚)) time, as it performs at most𝑚 − 1 scans of K and each

iteration requires a heap operation in 𝑂 (log𝑚). Notably, gap variances can be computed on the fly

using prefix sums, leading to 𝑂 (1) amortized time and space per evaluation. As𝑚 is often small in

practice, Algorithm 1 is effectively linear in 𝑛.

We then show that such a greedy strategy yields a non-trivial constant approximation ratio.

Theorem 4.3 (Approximation Ratio). Let OPT and ALG denote the total space costs produced
by the DP algorithm and the greedy algorithm, respectively. When 𝑛 is sufficiently large, the greedy
algorithm achieves a constant-factor approximation:

ALG
OPT

=
𝑚𝑔

𝑚
=𝑂 (1), (13)

where𝑚𝑔 ≤𝑚 denotes the practical number of partitions generated by the greedy algorithm.

Proof. See Appendix D of [62] for more details. □

Discussion on Partition Number. Algorithm 1 takes the maximum number of partitions𝑚 as

input but may produce fewer than𝑚 blocks if further splitting does not reduce the total space cost.

In practice,𝑚 can be safely set to a relatively large value (e.g., 2048), allowing the algorithm to

automatically determine the appropriate number of partitions. To prevent over-splitting, we further

perform error scaling and block merging on the partitioned blocks (see Section 5.1 for more details).

Notably, although a larger𝑚 increases the worst-case overhead, in practice, Algorithm 1 often

terminates early after a few iterations, making the actual runtime negligible, especially compared

to the DP algorithm. See Section 7.3 for a detailed evaluation of the impact of𝑚.

ImplementationDetails.Algorithm 1 requires computing the gap variance to estimate the partition

cost (lines 7 and 8). However, sample variance becomes unreliable when the sample size is small,

meaning that a partition containing only a few keys may lead to inaccurate cost estimation. To

address this, we define the basic partition unit as a fixed-size page of keys, rather than individual

keys. Therefore, index 𝑖 refers to the 𝑖-th page instead of the 𝑖-th key in the context of list partitioning.

Intuitively, the page size should neither be too small nor too large. In our experiments, we vary the

page size within the range [8, 8192] and find that setting it to 1K provides a good balance between

accuracy and efficiency in practice (see Section 7.3 for details).

5 LICO Compression Workflow
In this section, we detail the complete compression workflow (Algorithm 2) of LICO and introduce

its variant LICO++, which majorly differs in the residual encoding strategy.
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Algorithm 1 GreedyPartition

Require: List K , maximum partition number𝑚

Ensure: A feasible partition

1: Initialize an empty max-heap 𝑄

2: Push (K1:𝑛, 𝜖
★
1:𝑛) with cost 𝑆 (K1:𝑛 | 𝜖★1:𝑛) to 𝑄

3: while |𝑄 | < 𝑚 do
4: Pop (K𝑠 :𝑡 , 𝜖

★
𝑠 :𝑡 , 𝑆

★
𝑠 :𝑡 ) with the highest cost from 𝑄

5: 𝑖★← 𝑠 , 𝑠★← 𝑆★𝑠 :𝑡
6: for 𝑖 ← 𝑠 + 1 to 𝑡 − 1 do
7: 𝑆★𝑠 :𝑖 ← 𝑛𝑠 :𝑖 ·

(
3.908 + log

2
𝜎2𝑠 :𝑖

)
⊲ Equation (7)

8: 𝑆★𝑖+1:𝑡 ← 𝑛𝑖+1:𝑡 ·
(
3.908 + log

2
𝜎2𝑖+1:𝑡

)
⊲ Equation (7)

9: 𝑠 ← 𝑆★𝑠 :𝑖 + 𝑆★𝑖+1:𝑡 ⊲ total cost when splitting at 𝑖

10: if 𝑠 < 𝑠★ then
11: (𝑖★, 𝑠★) ← (𝑖, 𝑠) ⊲ greedy split if the total cost is reduced

12: end if
13: end for
14: Push (K𝑠 :𝑖★, 𝜖

★
𝑠 :𝑖★
) with cost 𝑆★

𝑠 :𝑖★
to 𝑄

15: Push (K𝑖★+1:𝑡 , 𝜖
★
𝑖★+1:𝑡 ) with cost 𝑆★

𝑖★+1:𝑡 to 𝑄
16: end while
17: return 𝑄

5.1 Error Scaling and Block Merging
Recall from Section 4.2 that each optimal 𝜖★ can be safely scaled to the nearest power of two minus

one, which potentially reduces the number of required segments without altering the number of

residual bits. In the best case, when 𝜖★ = 2
𝑘
, it is scaled to 2

𝑘+1 − 1. Since the segment count follows

𝐿 ∝ 𝑛𝜎2/𝜖2 (Theorem 4.1), this scaling can theoretically reduce the number of segments by up to a

factor of four. Furthermore, error scaling substantially decreases the number of distinct 𝜖 values,

thus increasing the likelihood that adjacent partitioned blocks share the same 𝜖 . Such blocks are

subsequently merged to further reduce storage overhead, as each block must otherwise store its

own 𝜖 value. Figure 6 illustrates the processes of error scaling and block merging.

Impact to Cost Model.Notably, although error scaling and block merging further reduce the overall

space cost, they introduce a slight deviation from the theoretical model. However, as discussed

in Section 4.2, this deviation can be strictly bounded within one bit per integer, ensuring that the

model remains a reliable and accurate cost estimator for parameter optimization. Empirically, as

shown in Section 7.3, our GreedyPartition algorithm achieves a space cost within 3% of the

theoretical optimum.

5.2 Segment Fitting and Encoding
Segment Fitting. For each block Pℓ with configured error bound 𝜖ℓ , we apply ParaOptimal [40], a

linear-time online 𝜖-PLA fitting algorithm for monotone datasets that minimizes the number of

Merge

Scaling Scaling

Fig. 6. Illustration of error scaling. After scaling, consecutive blocks with the same 𝜖 are merged into a single
block.
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Algorithm 2 ListCompression

Require: List K , maximum partition number𝑚

Ensure: Compressed representation of K
1: Init bit arrays 𝑆,Δ to store segments and residuals

2: (P, E) ← GreedyPartition(K,𝑚) ⊲ invoke Algorithm 1

3: (P′, E′) ← ErrorScaling(P, E) ⊲ 𝜖 scaling and block merging

4: for ℓ = 1, · · · , |P′ | do
5: Sℓ ← PLAFit(P′ℓ , E′ℓ ) ⊲ fit an 𝜖-PLA using algo. in [40]

6: Δ𝑖 ← PLAErrEval(Sℓ ) ⊲ compute residuals for keys in P′ℓ
7: Encode Sℓ and store to 𝑆 ⊲ segment encoding

8: Encode Δℓ and store to Δ ⊲ residual encoding

9: end for
10: return (𝑆,Δ)
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Fig. 7. Distribution of residual gaps (𝛿 𝑗 [𝑢] = Δ 𝑗 [𝑢] − Δ 𝑗 [𝑢 − 1]) for two typical segments fitted on CW12B.

line segments. This algorithm has also been commonly employed in PLA-based learned indexes

such as the PGM-Index [18] and learned compressors such as LA-vector [9].

Segment Encoding. ParaOptimal represents each line segment in an 𝜖-PLA as the diagonal of a

bounding box, which is defined by its bottom-left corner (𝑥 lo, 𝑦lo) and top-right corner (𝑥hi, 𝑦hi).
Since both the input and output of learned compression are integers, the resulting coordinates

𝑥 lo, 𝑦lo, 𝑥hi, 𝑦hi are also guaranteed to be integers. Thus, each segment can be compactly encoded as a

5-tuple of integers (Δ𝑦,Δ𝑥,𝑦lo, 𝑥 lo, 𝑠), where 𝑠 is the starting index of this segment, andΔ𝑦 = 𝑦hi−𝑦lo,
and Δ𝑥 = 𝑥hi − 𝑥 lo.
Recall that each segment of an 𝜖-PLA is represented as 𝑓 (𝑖) = 𝛼 · (𝑖 − 𝑠) + 𝛽 , which can be

rewritten as:

𝑓 (𝑖) = Δ𝑦

Δ𝑥
· (𝑖 − 𝑠) + Δ𝑦

Δ𝑥
· (𝑠 − 𝑥 lo) + 𝑦lo

=
Δ𝑦

Δ𝑥
· (𝑖 − 𝑥 lo) + 𝑦lo .

(14)

However, directly computing Equation (14) may lead to numerical issues and potentially violate

the error bound 𝜖 . To address this, we compute 𝑓 (𝑖) using integer arithmetic as follows:

˜𝑓 (𝑖) =
⌊
Δ𝑦 · (𝑖 − 𝑥 lo) + Sign(𝑖 − 𝑥 lo) · Δ𝑥

2

Δ𝑥

⌋
+ 𝑦lo, (15)
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where ⌊·/·⌋ denotes integer division. It can be shown that |𝑓 (𝑖) − ˜𝑓 (𝑖) | ≤ 1

2
, meaning that

˜𝑓 (𝑖) is
the nearest integer to 𝑓 (𝑖). Since the optimal 𝜖-PLA fitting algorithm guarantees that |𝑓 (𝑖) −𝑘𝑖 | ≤ 𝜖 ,
it always holds that:

| ˜𝑓 (𝑖) − 𝑘𝑖 | ≤ | ˜𝑓 (𝑖) − 𝑓 (𝑖) | + |𝑓 (𝑖) − 𝑘𝑖 | ≤ 𝜖 +
1

2

, (16)

thus preserving the error bound as both 𝜖 and ˜𝑓 (𝑖) − 𝑘𝑖 are integers.
Physical Storage. The values Δ𝑦, Δ𝑥 , 𝑦lo, 𝑥 lo, and 𝑠 share the same data type as the input keys.

When the key type is uint32_t, each segment occupies 32 × 5 = 160 bits. However, Δ𝑦 and Δ𝑥
typically fall well below the maximum range of 2

32 − 1, allowing the use of more compact binary

representations to store. For practical web-scale inverted index applications [45], it is sufficient to

encode Δ𝑦 and Δ𝑥 using 24-bit and 16-bit integers, respectively, resulting in a total segment size of

𝑏seg = 136 bits.

5.3 Residuals Encoding
For the 𝑗-th segment (Δ𝑦 𝑗 ,Δ𝑥 𝑗 , 𝑦lo𝑗 , 𝑥 lo𝑗 , 𝑠 𝑗 ) of an 𝜖-PLA model covering indexes 𝑖 ∈ [𝑠 𝑗 , 𝑠 𝑗+1), we
define the corresponding residual array as Δ 𝑗 (|Δ 𝑗 | = 𝑠 𝑗+1−𝑠 𝑗 ), where each residual Δ 𝑗 [𝑢] represents
the deviation between the predicted value and the true key:

Δ 𝑗 [𝑢] = 𝑘𝑢+𝑠 𝑗 − ˜𝑓 (𝑢 + 𝑠 𝑗 ), for 𝑢 ∈ [0, 𝑠 𝑗+1 − 𝑠 𝑗 ). (17)

Since −𝜖 ≤ Δ 𝑗 [𝑢] ≤ 𝜖 , LICO directly encodes each residual compactly by storing the sign in a 1-bit

vector and the magnitude in a ⌈log
2
(𝜖 + 1)⌉-bit vector. For example, in a block of 𝜖 = 127, each

Δ 𝑗 [𝑢] requires 1 sign bit and 7 magnitude bits.

LICO++: Further Compression onResiduals. Inmost cases, residual arrays contribute themajority

(over 70%) of the total compressed data size. As shown in Figure 7, residuals in real datasets exhibit

strong locality. By analyzing the distribution of the differences between consecutive residuals,

i.e., 𝛿 𝑗 [𝑢] = Δ 𝑗 [𝑢] − Δ 𝑗 [𝑢 − 1], we find that over 80% of 𝛿 𝑗 [𝑢] values lie within only 5~10% of

its full range (i.e., [−2𝜖, 2𝜖]), revealing the opportunity for further compression. Moreover, the

local patterns observed in Figure 7 arise fundamentally from the behavior of existing PLA fitting

algorithms like ParaOptimial [40]. These algorithms typically add points to a temporary segment

in an online manner until the maximum error constraint is violated, resulting in local substructures

where the absolute fitting error first decreases and then increases.

Based on these findings, LICO++ improves the compression ratio by further compressing the

residuals via a delta-based encoding scheme. Notably, since residuals are unsorted, our learned

compression methods cannot be applied again. LICO++ contains three steps. (1) Residual Gap
Computation. For each block Pℓ fitted with an 𝜖ℓ -PLA containing 𝐿 segments, LICO++ computes

the residual gaps 𝛿 𝑗 [𝑢] ( 𝑗 ∈ [1, 𝐿], 𝑢 ∈ [0, 𝑠 𝑗+1 − 𝑠 𝑗 )) as:

𝛿 𝑗 [𝑢] =
{
Δ 𝑗 [0], if 𝑢 = 0,

Δ 𝑗 [𝑢] − Δ 𝑗 [𝑢 − 1], if 𝑢 ∈ (0, 𝑠𝑖+1 − 𝑠𝑖 ).
(18)

As segments fitted on block Pℓ share a common 𝜖ℓ , their delta arrays 𝛿 𝑗 can be concatenated into

a single contiguous delta array for compression. (2) Zigzag Transformation. Delta encoding
methods [60, 64] typically require non-negative integer inputs. To ensure this, LICO++ maps each

𝛿 𝑗 [𝑢] to a positive value using the following Zigzag transformation:

Zigzag(𝛿 𝑗 [𝑢]) = (𝛿 𝑗 [𝑢] ≪ 1) ⊕ (𝛿 𝑗 [𝑢] ≫ 31). (19)

Unlike offset-based transformation, the Zigzag trick requires no additional metadata and can be

efficiently implemented using bitwise intrinsics. It also ensures that small-magnitude residuals are

mapped to small positive integers, thus preserving the locality. (3) Residual Gap Compression.
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Algorithm 3MemoryRelayout

Require: Residual arrays Δ1,Δ2, . . . ,Δ𝐿 , SIMD batch size 𝑠batch
Ensure: Δsimd

, Δtail

1: Δsimd ← {}, Δtail ← {}
2: Sort {Δ 𝑗 } 𝑗=1,· · · ,𝐿 in descending order by length

3: for 𝑏 = 1 to ⌈𝐿/𝑠batch⌉ do
4: Select next 𝑠batch arrays as batch B
5: 𝑐min ← minΔ∈B |Δ|
6: Truncate each Δ ∈ B to length 𝑐min

7: Form matrix𝑀 ∈ N𝑠
batch
×𝑐

min by stacking truncated arrays

8: Append rows of transpose𝑀T
to Δsimd

9: Append remaining residuals {Δ[𝑐min:] | Δ ∈ B} to Δtail

10: end for
11: Append all remaining residual arrays (if any) to Δtail

12: return Δsimd
, Δtail

After transformation, the resulting deltas are compressed using the PFor scheme [64] and stored as

a bit array. In implementation, LICO++ adopts the SIMD-optimized simd256fastpfor codec from

the FastPFor library [5].

LICO v.s. LICO++. Compared to LICO, which directly encodes the residual arrays, LICO++ exploits

the distributional characteristics of residuals induced by the PLA fitting process and applies delta-

based encoding for further compression. Extensive experiments on real-world datasets show that

LICO++ can further improve the compression ratio of LICO by up to 1.29×, with less than 30%

additional decoding time. Despite this overhead, LICO++ still outperforms popular compression

schemes in overall efficiency. See Section 7.4 for more evaluation details.

5.4 Discussion of LICO’s Extension
Handling Dynamic Updates. LICO can be extended with an LSM-tree-style design to support

dynamic operations (insertion, update, and deletion). In particular, recent updates are temporarily

buffered in a small mutable block and fitted with PLA. Incoming queries first probe this buffer

and then fall back to the immutable segments to ensure data freshness. When the buffer reaches

its capacity, LICO triggers a compaction-like process that merges buffered updates into the corre-

sponding static segments and refits the affected segments. Deletions do not modify the original

segment (via inserting tombstones), insertions possibly incur a segment-level refit, and updates

are handled as a deletion followed by an insertion. This design effectively amortizes refitting cost

while preserving sorted order and efficient query processing.

Extension to Unsorted Lists. LICO targets sorted lists, where monotonicity enables efficient

error-bounded segment fitting (e.g., via OptimalPLA) and compact residuals. For unsorted lists,

this structure is absent, so the fitting stage must be modified. Inspired by learned secondary

indexing [23], one practical approach is to reorganize an unsorted list into locally ordered blocks

(e.g., via partitioning or mapping) and then compress each block using the same LICO pipeline.

This extension incurs additional space and time overhead for block metadata and, if original order

must be preserved, an order-restoration structure.

6 LICOQuery Processing
We next describe LICO’s SIMD-friendly memory layout and query processing techniques on the

compressed data format.
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Fig. 8. An example of memory re-layout for the four-way SIMD-based decoding pipeline.

Algorithm 4 NextGeq

Require: Candidate key 𝑘cand, segment count 𝐿

Ensure: The first key 𝑘res satisfying 𝑘res ≥ 𝑘cand
1: Kskip ← {𝑘𝑠1 , · · · , 𝑘𝑠𝐿 } ⊲ get first keys for each segment

2: 𝑗★← upper_bound(Kskip, 𝑘cand) ⊲ find segment with 𝑘𝑠 𝑗 ≥ 𝑘cand
3: for 𝑗 ← 𝑗★ − 1 to 𝐿 do
4: for 𝑖 ← 1 to 𝑠 𝑗+1 − 𝑠 𝑗 do
5: Decode the 𝑖-th key in the 𝑗-th segment as 𝑘 ′ ⊲ Equation (15)

6: if 𝑘 ′ ≥ 𝑘 then
7: return 𝑘 ′

8: end if
9: end for
10: end for

6.1 Memory Re-layout
As introduced before, LICO’s query processing engine is designed to fully leverage SIMD units,

which offer powerful parallel execution and are widely supported on modern CPUs. However, in

the original memory layout (see Figure 8), the SIMD-based decoding pipeline accesses the same

offset across multiple segments in each round, leading to inefficiently scattered memory accesses.

To mitigate this memory bottleneck, LICO transforms the original memory layout into a cache- and

SIMD-friendly layout by truncating segments to the minimum batch length and transposing the

residuals into Δ𝑠𝑖𝑚𝑑
for sequential loading during decoding. As specified in Algorithm 3, it first sorts

all residual arrays by length, then groups them into batches of size 𝑠batch, where 𝑠batch is determined

by the register width of SIMD (e.g., 𝑠batch = 8 for AVX-512). Within each batch, residual arrays are

truncated to the minimum batch length 𝑐min, stacked into a matrix𝑀 , and rows of the transposed

matrix𝑀T
are appended to Δsimd

. The remaining unaligned elements beyond 𝑐min are appended to

Δtail
for secondary processing (see Section 6.2). This relayout ensures that residuals belonging to

the same SIMD lane are stored and accessed contiguously in memory, thereby improving cache

locality and parallel decoding efficiency.

Implementation Details. For LICO, the relayout algorithm only needs to be executed once during

compression. In contrast, for LICO++, since the residuals undergo an additional round of encoding,

they must be decompressed before relayout, making it hard to perform relayout in advance as in

LICO. However, as query terms in real-world document retrieval exhibit strong locality [25], for

LICO++, we can maintain a buffer that decodes and relayouts the residual arrays corresponding to

frequently accessed (hot) lists.

6.2 List Operator Implementation
Random Access. Random access fetches a key at any position in the list, which is naturally

supported by LICO. Given a query position 𝑖 , LICO first locates the segment 𝑠 whose index interval
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covers 𝑖 (e.g., via binary search). The linear model of 𝑠 then predicts the estimated key
˜𝑓 (𝑖) by

Equation (15), and recovers the exact docID through adding the residual: 𝑘𝑖 = ˜𝑓 (𝑖) + Δ[𝑖], where
Δ[𝑖] is the residual of position 𝑖 .
Full List Decoding. LICO simultaneously decodes keys covered by 𝑠batch segments, where 𝑠batch
depends on the width of SIMD registers supported by the system. When computing segment

predictions according to Equation (15), LICO adopts an incremental computation strategy to reuse

intermediate results from the previous step. For the 𝑗-th segment, let 𝑔 𝑗 (𝑖) = Δ𝑦 𝑗 · (𝑖 − 𝑥 lo𝑗 ) +
Sign(𝑖 − 𝑥 lo𝑗 ) ·

Δ𝑥 𝑗

2
denote the numerator of the first term in Equation (15). Then, for this segment,

the (𝑖 + 1)-th predicted key 𝑝 𝑗 [𝑖 + 1] can be computed incrementally by reusing 𝑔(𝑖) as follows:

𝑔 𝑗 (𝑖 + 1) = 𝑔 𝑗 (𝑖) + Δ𝑦 𝑗 +
Δ𝑥 𝑗

2

·
(
1{𝑖=𝑥 lo

𝑗
−1} + 1{𝑖=𝑥 lo

𝑗
}

)
,

𝑝 𝑗 [𝑖 + 1] = ⌊𝑔 𝑗 (𝑖 + 1)/Δ𝑥 𝑗 ⌋ + 𝑦lo𝑗 .
(20)

All operations in Equation (20) can be fully vectorized and pipelined, eliminating the conditional

branching required by direct computation from Equation (15). W.l.o.g., let 𝑠batch = 8 for AVX512. At

each time, LICO computes 8 predictions in parallel, i.e., 𝑝 𝑗 [𝑖], · · · , 𝑝 𝑗+7 [𝑖]. The original keys are then
reconstructed by adding the corresponding residuals. To align 64-bit intermediate predictions (𝑔 𝑗 (𝑖)
in Equation (20)) with 32-bit keys, LICO employs an SIMD pipeline consisting of two Decode Units

and one Store Unit. As illustrated in Figure 9, the two Decode Units simultaneously add residuals

to the predictions at positions 𝑖 and 𝑖+1 across eight segments. Then, 16 scattered 32-bit keys are

produced, each requiring a separate memory write. To reduce memory access overhead, LICO

rearranges these keys so that two consecutive keys from the same segment become adjacent and

packs each pair into a single 64-bit word, halving the number of random memory writes. Notably,

the above SIMD computation applies to the truncated and aligned portion (Δsimd
) produced by

Algorithm 3, while the remaining portion (Δtail
) is processed sequentially.

= = = = = = = =

Fig. 9. Overview of the SIMD-based decoding pipeline. Each SIMD iteration executes two Decode Units in
parallel followed by one Store Unit.

List Intersection. List intersection retrieves common elements from two posting lists. To support

fast intersection, traditional compressors usually employ a NextGeq (Next Greater or Equal) operator

to quickly skip non-matching keys [45]. Typical implementations partition a list into blocks and

store skip pointers to the maximum key of each block to enable fast pruning. In contrast, LICO

natively supports NextGeq without any additional metadata. The reason is that LICO inherently

partitions each list into segments, each containing sufficient information to perform the skip

operations. Algorithm 4 implements LICO’s NextGeq operator.

While NextGeq efficiently filters non-matching elements, each pass of NextGeq produces only

one result. To enable parallelism, we extend an SIMD-based list intersection algorithm [53] that
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Vbyte OptVbyte BIC Delta Rice PEF DINT OptPFor FastPFor Simple16 QMX LA-vector LeCo-var LICO LICO++

Decode

√ √ √ √ √ √ √ √ √ √ √ √ √ √ √

Intersection

√ √ √ √ √ √ √ √ × √ √ × × √ √

Union

√ √ √ √ √ √ √ √ × √ √ × × √ √

SIMD

√ √ × × × × × × √ × √ × × √ √

Table 2. Query support of evaluated inverted index compression methods.

treats every 16 keys (for AVX512) as a sliding window. Two windows𝑤𝑎 and𝑤𝑏 slide across the lists

to be intersected, skipping non-overlapping regions based on their maximum values. For windows

that may overlap, the vp2intersect instruction [10] efficiently identifies matching positions and

produces a bitmask for batch output. During sliding, each window skips all elements less than or

equal to the other’s maximum. This vectorized approach achieves substantially higher throughput

than the element-wise NextGeq method. For intersecting more than two lists, we first perform one

or two SIMD intersection passes on smaller lists to shrink the intermediate result, then employ

NextGeq (Algorithm 4) to rapidly skip irrelevant elements in the remaining list(s).

List Union. The list union operation returns unique keys from multiple posting lists. Unlike

decoding and intersection, the main cost of list union stems from key deduplication and result

output. Following existing benchmarks [45], LICO first fully decodes the input lists, and then

applies an SIMD-based union algorithm [51] that uses bitonic merge and predecessor comparison

to deduplicate and produce the result (see Appendix F of [62] for more details).

7 Evaluation and Discussions
In this section, we report the experimental evaluation results of the LICO framework. Specifically,

we would like to answer the following questions through the experimental study:

Q1: Does the derived optimal space cost model (Section 4.2) align with empirical observations?

Q2: Can LICO’s partition-based automatic error bound configuration strategy effectively capture

data locality?

Q3: As an end-to-end framework for compressing sorted integers, does LICO achieve a better

space-time trade-off compared with state-of-the-art baselines?

Q4: Can LICO efficiently support common list operators, such as intersection and union?

Q5: Can SIMD significantly improve LICO’s decoding efficiency compared to the scalar implemen-

tation?

Q6: Can LICO generalize across different fitting methods and synthetic datasets of varying sizes?

7.1 Experimental Setups
Compared Baselines. We implement and compare a comprehensive set of conventional inverted

index compressors, including VByte [27], OptVByte [44], BIC [36], Delta [15], Rice [47], PEF [41],

DINT [43], FastPFor [26], OptPFor [60], Simple16 [61], and QMX [52]. These baselines cover most

mainstream codecs adopted in practical systems [1, 4], and are configured according to a recent

benchmark [45]. For learned compressors, we evaluate LA-vector [9], the first learned compressor,

and LeCo-var [34], a recent method designed for compressing generic datasets beyond sorted

integers. For both LA-vector and LeCo-var, we follow their respective 𝜖 configuration strategies

to determine the error bounds. Table 2 summarizes the major technical features of all evaluated

methods.

Datasets.We evaluate LICO on three large-scale web document collections used to generate posting

lists. (1) CW12B is the ClueWeb12 B13 corpus, containing roughly 50 million web pages [3]. (2)

CCNews consists of about 40 million news articles published between September 2016 and March

2018, publicly available from CommonCrawl [2]. (3) WITD includes 5 million English documents

from the Wikipedia-based Image Text Dataset [49]. Following the setups of a recent inverted index
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Dataset CW12B CCNews WITD

#Lists 2,289 3,066 899

Universe Size 43.5M 52.2M 5.4M

#Integers (docIDs) 8.7B 13.9B 0.31B

Gap Mean ± SD 24.31 ± 14.22 18.74 ± 12.08 28.58 ± 14.15

Gap Var. ± SD 3.4e4 ± 5.7e5 592.2 ± 690.0 990.2 ± 806.6

𝑉 (𝜖 = 31) 27.3 44.3 23.4

𝑉 (𝜖 = 63) 63.8 112.3 59.8

𝑉 (𝜖 = 127) 161.5 307.2 182.0

#Queries 1,756 2,661 1,326

2 terms 789 (44.9%) 1,092 (41.0%) 356 (26.9%)

3 terms 606 (34.5%) 921 (34.6%) 399 (30.1%)

4 terms 257 (14.6%) 434 (16.3%) 282 (21.3%)

5+ terms 104 (5.9%) 214 (8.0%) 289 (21.8%)

Table 3. Statistics of datasets and query workloads. 𝑉 is the average OptimalPLA segment length under a
certain 𝜖 ; larger 𝑉 implies stronger local linearity and higher predictability.

benchmark [45], docIDs (i.e., keys) are assigned to documents according to the lexicographic order

of their URLs. Table 3 summarizes major statistics of the datasets.

Dataset Hardness. Prior work [55] introduces dataset hardness to quantify the position-to-value

predictability in learned indexes. We adapt this notion to inverted-index compression by defining

the hardness 𝐻 of a posting list as the number of OptimalPLA segments needed to approximate the

positions to docIDs mapping. To enable comparison across lists of varying lengths, we adopt the

average segment length 𝑉 = 𝑛/𝐻 , where 𝑛 is the list length. As Table 3 shows, real posting lists

exhibit long linear regions even at moderate 𝜖 , supporting the motivation for learned compression.

Query Workloads. For random access, we generate 500 queries per dataset, each consisting of

100,000 positions sampled uniformly from a posting list. For intersection and union queries that

involve multiple posting lists, we construct query workloads from the TREC 2005 and TREC

2006 Efficiency Track topics [6]. We select query terms whose constituent words appear in the

corresponding test collections. Workloads statistics are also summarized in Table 3.

Experimental Environment. All experiments are conducted on an Ubuntu 22.04 LTS server

equipped with an Intel(R) Xeon(R) Gold 6430 CPU and 512 GB RAM. All methods are written in

C++ and compiled by GCC with the -O3 flag. Each experiment is repeated five times, and we report

the average performance.

7.2 Validation of Theoretical Results (Q1)
We first empirically validate the correctness of our theoretical results on the optimal 𝜖 configuration.

We randomly sample three lists of distinct gap variances from each dataset and synthesize three

additional uniform lists, each of length one million. We then compress all lists using LICO with

𝜖 ∈ {22 − 1, · · · , 212 − 1} and compare the theoretically predicted 𝜖★ (Equation (6)) with the

empirically observed optimal 𝜖 . As shown in Figure 10, a clear U-shaped relationship between 𝜖

and compression effectiveness (bits/int) can be observed. When 𝜖 is small, the 𝜖-PLA produces an

excessive number of segments, leading to higher space cost. As 𝜖 increases, the space cost decreases

until residual storage begins to dominate, after which space cost rises again. This trend aligns

closely with the prediction of Equation (5). Moreover, after error scaling, the theoretically derived

𝜖★ from Equation (6) aligns precisely with the empirically optimum, demonstrating that our cost

model accurately guides the selection of 𝜖★ to achieve near-optimal space cost.
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Fig. 10. Space cost under different error configurations. For each list, the empirically observed optimal 𝜖 is
marked in red. The legends report the theoretically optimal 𝜖★ estimated by Equation (6) and its error-scaled
value.

7.3 Partition Algorithm Evaluation (Q2)
We next evaluate the effectiveness and efficiency of the partitioning algorithm introduced in

Section 4.3, and empirically study how partition number𝑚 and page size affect performance. We

randomly select two posting lists from CW12B with low variance (𝜎2 < 10
4
) and two with high

variance (𝜎2 > 10
6
). Each list is partitioned using both the proposed greedy algorithm (Algorithm 1)

and the optimal DP-based partitioning for comparison. After partitioning, we physically compress

each list with LICO and record the resulting space cost to validate the accuracy of the cost model

and the effectiveness of the greedy partitioning algorithm.

Theoretical Effectiveness. Figure 11a compares the theoretical space cost (Equation (10)) achieved

by the greedy and optimal partitioning algorithms as the number of partitions𝑚 varies. For small𝑚,

the greedy algorithm produces slightly larger space costs than the optimal solution. As𝑚 increases

(e.g.,𝑚 = 512 in Figure 11a), Greedy gains more flexibility in partitioning, and its space cost quickly

converges to that of the optimal algorithm.

Practical Effectiveness. Figure 11c reports LICO’s actual space cost (bits/int) under different

partition numbers𝑚, comparing greedy and optimal algorithms with and without error scaling.

The greedy partitioning achieves space costs nearly identical to the optimal solution across all𝑚,

consistent with theoretical results in Figure 11a. Moreover, the error-scaling technique (Section 5.1)

further reduces space cost by cutting segment count without increasing residual bits, demonstrating

its practical effectiveness. Another finding is that, for a dataset with high variance (e.g., 𝜎2 > 10
6
),

partitioning effectively captures local distribution patterns to set an appropriate 𝜖 and substantially

reduces total space cost compared with no partitioning (𝑚 = 1). In contrast, when variance is low,

fine-grained partitioning offers limited additional benefit.

Partition Efficiency. From the above results, when the partition number𝑚 = 1024, the resulting

space cost approaches the optimal value, and further increasing𝑚 yields only marginal gains. At

this point, the space cost difference between the greedy and DP algorithms is less than 1.5%, while

the greedy algorithm is 4 orders of magnitude faster than DP.

Effect of Page Size. LICO partitions keys using fixed-size pages (Section 4.3); here we study

how page size affects greedy partitioning. As Figure 12 presents, space cost exhibits a U-shaped

trend: very small pages capture the distribution poorly, while very large pages are too coarse for

fine-grained partitioning. Larger pages also cut the partition number and thus shorten build time.
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Fig. 11. Evaluation of the greedy and optimal partitioning algorithms under varying𝑚 (page size = 1K).
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Fig. 12. Impact of page size on the performance of the greedy partitioning algorithm.

Empirically, a 1K page raises average space by up to 3% while reducing build time by ∼70%, thus
we use 1K as the default in subsequent experiments.

7.4 Overall Performance Evaluation (Q3)
Compression Time. Figure 13 illustrates the trade-offs among compression time, space cost,

and decoding efficiency across methods. Overall, LICO and LICO++ outperform PEF, DINT, and

LeCo-var, as these baselines spend substantial time searching or tuning their internal structures.

Compared with simpler codecs, LICO++ trades higher compression time for lower space cost

(Figure 13a), while this overhead is largely offset by the high decoding efficiency of LICO and

LICO++ (Figure 14) in inverted index workloads, where decoding dominates execution. When

compared with LA-vector, LICO’s extra overhead stems primarily from its partitioning algorithm.

Interestingly, despite requiring an extra residual encoding step, LICO++ achieves even shorter

compression time. This is because LICO++’s residual compression reduces sensitivity to extreme

residuals, allowing it to select larger 𝜖 values and thus reduce both the number of fitted segments

and branch mispredictions.
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Fig. 13. Average performance among compression time, decoding efficiency, and space cost on three datasets.
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Fig. 14. Trade-off between space cost (bits per integer) and decoding efficiency (nanoseconds per integer).

Space-Time Trade-off. Figure 14 shows the trade-off between space cost and list decoding time for

different compression methods. Both LICO and LICO++ lie on the Pareto frontier: LICO prioritizes

decoding efficiency, while LICO++ achieves better overall balance by further reducing space cost

with only a minor overhead.

For space cost, variable-length codecs (purple), such as PEF and Rice, achieve the highest com-

pression ratios, followed by LICO++ and OptPFor. Compared with LICO, LICO++ achieves up to

1.29× higher compression ratio, confirming the effectiveness of residual encoding proposed in

Section 5.3. Other learned compressors (yellow) are less space-efficient. The reason is that LA-vector

does not capture fine-grained locality, and LeCo is not optimized for inverted index compression,

instead emphasizing generality across diverse data types such as unordered data and strings.

In terms of efficiency, LICO achieves the highest decoding throughput, benefiting from SIMD

parallelism and memory access optimizations. LICO++ remains close, only about 0.3 ns/int slower,

revealing that the effect of second-stage residual decoding is minor. Other SIMD-optimized codecs,

such as VByte, QMX, and FastPFor, also deliver relatively high decoding speeds but consume much

more space than LICO++. Variable-length codecs with excellent space efficiency, such as PEF and

Rice, are difficult to align in memory and vectorize, resulting in significantly slower decoding times

compared with the SIMD-optimized LICO family.

7.5 Query Processing Evaluation (Q4)
We next evaluate the performance of random access, list intersection, and union across different

methods. Notably, some compressors, such as LA-vector and LeCo, do not natively support list

query operations. While a naïve implementation could be added for comparison, it would lack the

necessary optimizations and lead to unfair results; therefore, we exclude them from this experiment.

Random Access. Table 4 presents the latency per query of random access. PEF achieves the

best average latency per query, benefiting from its dedicated indexing structure and fast block

decoding. LICO and LICO++ follow very closely and outperform the other gap-based baselines.

Intuitively, gap-based compressors typically require recovering docIDs via prefix sums of gaps,

which incurs additional latency for random access; in contrast, LICO/LICO++ performs direct

reconstruction within a segment and only pays for locating the corresponding segment via binary

search. Compared with LICO, LICO++ may incur extra work due to its residual decoding strategy;
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Method CW12B CCNews WITD Average Latency

VByte 20.020 18.890 17.261 18.724

PEF 10.574 7.029 3.898 7.167
OptPFor 21.552 20.702 17.045 19.766

Simple16 37.741 37.185 32.568 35.831

QMX 13.265 14.210 9.234 12.236

LICO 9.705 10.156 6.776 8.879

LICO++ 9.661 11.028 2.118 7.602

Table 4. Random Access latency (milliseconds per query).

Method
CW12B CCNews WITD

2 3 4 5+ Avg. 2 3 4 5+ Avg. 2 3 4 5+ Avg.

VByte 50.03 58.37 62.80 70.41 60.40 62.55 68.36 68.07 65.46 66.11 3.29 4.12 4.55 3.92 3.97

OptVByte 56.37 60.19 60.46 65.75 60.69 70.35 69.13 63.13 56.69 64.82 3.59 3.87 4.03 3.71 3.80
BIC 161.27 238.32 292.76 348.75 260.28 193.58 272.42 305.71 323.37 273.77 10.31 17.15 20.10 17.62 16.29

Delta 91.20 123.25 145.45 170.84 132.68 109.96 141.68 153.80 157.26 140.68 6.19 9.50 11.21 9.79 9.17

Rice 79.42 105.53 123.47 143.87 113.07 96.10 121.22 130.63 132.57 120.13 5.30 8.01 9.40 8.05 7.69

PEF 66.30 70.96 71.16 76.25 71.17 78.83 76.63 70.67 64.55 72.67 4.27 4.56 4.57 4.01 4.35

DINT 53.03 63.67 71.79 81.45 67.49 63.53 70.76 72.21 73.03 69.88 3.93 4.70 5.05 4.46 4.53

OptPFor 59.53 69.88 76.26 85.90 72.89 71.86 78.34 78.86 76.87 76.48 3.76 4.88 5.41 4.83 4.72

Simple16 66.47 81.44 90.49 102.74 85.29 78.24 89.13 91.25 89.78 87.10 4.32 5.63 6.18 5.51 5.41

QMX 53.86 58.03 60.28 66.09 59.57 65.98 66.61 63.16 59.61 63.84 3.52 3.97 4.20 3.67 3.84

LICO 19.67 31.84 37.78 45.38 33.67 24.32 39.17 42.31 40.89 36.67 0.99 2.07 2.48 2.32 1.97
LICO++ 18.98 32.27 47.49 70.00 42.19 23.37 38.73 52.08 70.31 46.12 1.22 2.62 4.80 7.71 4.09

Table 5. Intersection query latency (milliseconds per query) under varying numbers of query terms. The top-2
results are shown in bold, and the best results among non-LICO methods are underlined.

Method
CW12B CCNews WITD

2 3 4 5+ Avg. 2 3 4 5+ Avg. 2 3 4 5+ Avg.

VByte 66.68 146.98 248.41 424.08 221.54 82.67 177.23 286.61 470.10 254.15 4.64 13.75 26.70 54.28 24.84

OptVByte 71.69 158.02 266.54 454.94 237.80 88.54 190.56 306.66 501.79 271.89 4.89 13.73 26.47 54.69 24.95

BIC 174.66 333.24 529.16 860.05 474.28 205.36 382.03 579.65 920.98 522.01 11.69 29.90 54.38 108.04 51.00

Delta 109.08 214.38 348.19 572.17 310.96 131.59 251.27 393.56 622.03 349.61 7.55 21.44 40.84 81.42 37.81

Rice 97.92 194.86 317.88 523.87 283.63 117.93 228.17 358.39 568.68 318.29 6.91 19.29 36.72 71.64 33.64

PEF 82.52 174.82 293.02 498.83 262.30 98.54 204.20 328.07 531.12 290.48 5.54 16.07 31.32 62.73 28.92

DINT 65.30 144.84 246.28 417.67 218.52 78.66 168.56 273.69 448.76 242.42 4.64 12.44 23.81 50.63 22.88

OptPFor 76.18 166.31 287.05 501.45 257.75 91.57 194.34 319.97 533.74 284.91 5.32 16.05 31.62 67.21 30.05

Simple16 85.65 182.60 314.80 553.61 284.16 100.76 210.66 347.31 586.50 311.31 5.89 17.48 34.50 73.40 32.82

QMX 72.05 159.48 279.80 497.28 252.15 85.45 185.15 311.90 536.56 279.77 4.82 15.24 31.50 66.71 29.57

LICO 18.25 34.16 53.27 88.98 48.67 21.37 42.61 64.11 97.60 56.42 0.84 2.69 5.65 12.88 5.52
LICO++ 17.16 33.29 54.00 90.49 48.74 20.88 39.59 61.68 98.62 55.19 1.09 3.18 6.39 13.94 6.15

Table 6. Average latency (milliseconds) per union operation by varying the number of query terms. The best
results are highlighted in the same way as in the intersection experiment.

however, this overhead is amortized when multiple accesses hit the same posting list. We also

observe that LICO++ can outperform LICO on smaller datasets (e.g., WITD), because its larger 𝜖

(discussed in Section 7.4) reduces the number of segments substantially (about only 10% of LICO’s

segments on WITD), which lowers the segment-location cost and accelerates random access.

List Intersection. Table 5 reports the average processing time of intersection queries under different

numbers of query terms. The top two results are highlighted in bold, while the best-performing

non-LICO method is underlined. From the results, LICO and LICO++ achieve the best intersection

performance in most cases, outperforming the fastest non-learned SIMD-based methods by up

to 2.64×. This advantage comes from their stronger pruning capability and SIMD-aware memory

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 202. Publication date: June 2026.



202:22 Xianyu Zhu, et al.

Method Building Space cost Decoding
Time (ns/int) (bits/int) Time (ns/int)

LICO𝑂𝑝𝑡𝑖𝑚𝑎𝑙𝑃𝐿𝐴 45.83 7.15 0.61

LICO𝑆𝑤𝑖𝑛𝑔𝑃𝐿𝐴 38.46 7.32 0.92

LICO𝑆𝑝𝑙𝑖𝑛𝑒 39.03 8.47 3.06

Table 7. Performance of LICO fitting by different methods (averaged over three datasets). For decoding,
OptimalPLA and SwingPLA use the SIMD-aware pipeline, while Spline uses the scalar decoder.

layout. An interesting finding is that, when the number of query terms is small (≤ 4), LICO and

LICO++ perform similarly; as the number of terms increases, LICO++ quickly gets slower. Further

analysis reveals that LICO++ typically adopts larger 𝜖 values, which weakens the pruning power

of the NextGeq operator (potentially causing up to twice as many integers to be decompressed),

thereby reducing performance.

List Union. Table 6 presents the performance results for list union queries. Since union operations

require a full scan of all lists, their throughput largely depends on the sequential decoding speed.

Similar to the intersection case, the SIMD-optimized LICO and LICO++ equipped with low-level

optimizations achieve the highest performance. Among the remaining codecs, DINT performs the

best, likely due to its cache-friendly dictionary design and the fact that decoding involves only a

single dictionary lookup, enabling fast sequential processing [43]. Other fast-decoding methods,

such as the VByte family and QMX, also show competitive union performance.

7.6 SIMD Effectiveness Evaluation (Q5)
We next conduct an in-depth analysis of the performance across AVX-512 (default), AVX2 (256-bit

registers), and a scalar baseline. The scalar baseline performs element-wise key reconstruction

but uses the same integer arithmetic optimizations. To adapt the default LICO pipeline to AVX2,

we halve the number of keys decoded in each Decode Unit and adjust the Store Unit accordingly

(Figure 9).

Evaluation results. Figure 15 reports LICO’s performance under different decoding implementa-

tions. SIMD decoders (AVX2/AVX-512) execute 2.5~3.5× fewer instructions, incur 6.3~8.9× fewer

branch mispredictions, and perform 2× fewer L1D store operations than the scalar baseline, yielding

a 2~2.5× reduction in CPU cycles. These improvements arise from three factors: SIMD’s ability

to process multiple data elements per instruction, branch elimination via masking techniques,

and store merging in the Store Unit (i.e., combining two 32-bit stores into a single 64-bit store).

Compared to AVX2, AVX-512 further reduces instructions by 50% and branch mispredictions by

10%, resulting in a 10%~20% improvement in decoding throughput. This advantage stems from its

wider vector registers, which support processing more data per instruction.
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Fig. 15. In-depth evaluation of LICO decoding implementations: scalar, AVX2, and AVX-512. Parentheses
report the maximum value for each metric; lower is better.
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Fig. 16. Performance of LICO, PEF, and OptPFor across synthetic datasets of varying sizes

7.7 Sensitivity Evaluation (Q6)
We next evaluate the sensitivity of our framework on different fitting methods and dataset scales.

Fitting Method Influence. Table 7 reports LICO’s end-to-end performance under different fitting

methods. LICO𝑂𝑝𝑡𝑖𝑚𝑎𝑙𝑃𝐿𝐴 performs the best in both space cost and decoding efficiency, while

LICO𝑆𝑤𝑖𝑛𝑔𝑃𝐿𝐴 builds faster at the cost of slightly worse space usage and decoding speed. LICO𝑆𝑝𝑙𝑖𝑛𝑒

is substantially worse, consistent with its higher segment count and non–SIMD-friendly decoding

(i.e., splines exhibit a predecessor dependency).

Data Size Influence. To further evaluate LICO’s robustness across dataset scales, we generate four
synthetic datasets by mixing posting lists sampled from three real datasets. Each synthetic dataset

contains 2,000 lists, with list length capped at 1K, 10K, 100K, and 1M docIDs, yielding total sizes of

2M, 20M, 200M, and 2B integers, respectively. As shown in Figure 16, LICO and LICO++ remain

robust as scale increases (list length ≥ 100K), while performance degrades slightly on the smallest

dataset because short lists cannot effectively amortize SIMD pipeline overhead.

7.8 Summary of Results
Extensive experimental results demonstrate that our LICO framework effectively balances compres-

sion ratio and query processing efficiency. In terms of compression effectiveness, LICO++ achieves

compression ratios comparable to theoretically optimal variable-length codecs such as PEF and Rice.

In terms of efficiency, both LICO and LICO++ exhibit competitive random access performance and

consistently outperform traditional, highly optimized compression methods across list decoding,

intersection, and union operations.

8 Related Work
In this section, we review related studies on learned indexes, learned data compression, and

inverted-index compression techniques.

Learned Index. The concept of learned index was first introduced by Kraska et al. [24], providing

a data-driven alternative to conventional B
+
-tree indexes. Subsequent studies have extended this

paradigm in multiple directions. ALEX [13] supports dynamic workloads through gap arrays, while

LIPP [56] further reduces lookup latencies by eliminating last-mile search errors. PGM-Index [17, 29]

introduces a recursive 𝜖-PLA construction with provable error bounds, achieving a theoretically

optimal trade-off between space and time [29]. To enhance scalability and concurrency, XIndex [50]

introduces two-phase compaction for multi-core environments, and FINEdex [28] minimizes data

dependencies to support scalable in-memory operations.

Learned Compression. As the dual problem of learned indexing, learned compression models the

mapping from indexes to keys using lightweight ML models. Oosterhuis et al. [39] first explore

the potential of learned index compression by training a lossy classifier using a neural network to

predict whether a term appears in a document. As an early lossless list compressor, LA-vector [9]
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primarily establishes the conceptual foundations of learned compression, while LeCo [34] extends its

applicability from sorted key compression to generic data types. In contrast to these existing efforts,

our LICO framework targets principled parameter tuning and high-performance optimization for

inverted index compression, achieving significantly superior performance.

Inverted Index Compression. Unlike lossy compression methods prevalent in scientific comput-

ing [57, 58], the compression of inverted index (sorted integers) constitutes a lossless sequence

compression task grounded in information theory. Early works such as Delta and Gamma codes [15],

Golomb [20], and Rice [47] established universal coding schemes based on quotient–remainder

or unary encodings. Byte-aligned methods like VByte [27] later traded slight compression loss

for much faster decoding. To improve the space-time balance, block-wise schemes were proposed:

FOR [19] and the Simple family [7] use fixed-size packing, BIC [36] applies interpolation, and

PForDelta [64] encodes exceptions separately. Subsequent designs, such as Elias-Fano/PEF [14, 41],

achieve quasi-succinct compression with guaranteed compression ratio. Unlike traditional codecs

that rely on hand-tuned parameters (e.g., PForDelta), our LICO framework automatically adapts

to data distributions. Moreover, LICO achieves quasi-succinct compression comparable to Elias-

Fano, while its memory-aligned design fully exploits SIMD parallelism for high-performance query

processing.

9 Conclusion
This paper presents LICO, a learned compression framework for inverted indexes with both theo-

retical rigor and practical efficiency. LICO models sorted integer sequences using piecewise linear

predictors and encodes residuals compactly to guarantee lossless reconstruction. To automatically

configure error bounds, LICO designs a principled cost model that analytically derives the optimal 𝜖

for input dataset. At the system level, LICO adopts an SIMD-aware memory layout and accordingly

designs query processing techniques to fully exploit hardware parallelism for high-performance

query processing. Extensive experiments on web-scale inverted index compression benchmarks

demonstrate that LICO consistently achieves Pareto-optimal space-time trade-offs and improves

query performance by up to 5.52× compared with both highly optimized conventional codecs and

recent learned compressors. Together, these results make our LICO framework not only a theo-

retically grounded compression scheme but also a practical, DBMS-ready solution for real-world

applications.
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