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Learned Compression achieves strong CPU performance but lacks a GPU-native format, limiting its use in
GPU analytics. We present L3, a GPU-native Learned Lossless Lightweight Compression format that enables
end-to-end on-device processing with efficient compression, high-throughput decompression, and fast ran-
dom access on GPU.On NVIDIA GPUs, a warp is a group of 32 threads; we refer to each thread as a lane (lane
id 0-31), and call a layout lane-major when each lane’s words are stored contiguously. L3 introduces three
tightly coupled components built around the SLAP Vertical layout. First, the L3 Storage Layout (SLAP) stores
bit-packed residual streams in a lane-major organization, i.e., residual words are laid out lane by lane so each
warp lane consumes a contiguous word sequence in memory, exploiting the GPU L1 sector cache for implicit
prefetching and high reuse during unpacking. Second, the Warp-Cooperative Learned Decompression Module
maps each partition to one thread block and decodes warp tiles using per-lane bit readers, branchless bit ex-
traction, and a bit-exact no-FMA FP64 finite-difference predictor. Third, the GPU-Native Learned Compression
Pipeline builds adaptive partitions via bulk delta-bits analysis, scan/compaction, and an odd-even GPU merge
loop, then packs residuals directly into the final SLAP Vertical layout on the device. L3 achieves high perfor-
mance on modern GPUs. It encodes 3-6x faster than Tile and FastLanes-GPU and sustains 1.08-1.90 TB/s
decompression throughput, comparable to the fastest lightweight GPU codecs. On correlated datasets, L3
reaches up to 77x compression while remaining competitive on weakly correlated inputs. For random access,
L3 maintains 1.2-2.6 Billion queries/s and outperforms Tile-DFOR/Tile-RFOR by 5-10x. On SSB with unified
query plans, L3 achieves the lowest average latency (1.14 ms), matching or outperforming state-of-the-art
GPU baselines.
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1 Introduction

Modern data analytics ecosystems are founded on open columnar storage formats. While formats
like Parquet [6] and ORC [5] have become cornerstones for data lakes and data sharing, they were
designed over a decade ago for CPU-centric architectures and batch-oriented workloads. Since
then, the hardware and workload landscape has evolved toward heterogeneous, accelerator-rich
systems and interactive, high-throughput analytics. This evolution exposes an architectural mis-
match: legacy formats couple heavyweight, serial compression pipelines and CPU-oriented mem-
ory layouts that cannot exploit today’s massively parallel hardware. Bridging this gap requires
rethinking the format layer itself to enable GPU-efficient ingestion, selective access, and scan
throughput.

Learned Compression [36] introduced the Model + Delta paradigm, fitting predictive models to
value sequences and storing residuals (deltas) for superior ratio and query performance. It general-
izes classical predictive encodings such as FOR, RLE, and Delta [1, 20, 33, 73], achieving up to 23x
higher compression ratios and 5.2x faster queries than traditional methods. To realize these gains in
modern, GPU-accelerated analytics, the compression stage itself must reside on the device; otherwise
PCle round-trips and serial CPU encoders erase the margin and break end-to-end parallelism.

GPUs have already proven to be powerful engines for analytical workloads through massive par-
allelism [57, 59, 64, 69] and are now integral to OLAP engines, stream processors, and key—value
stores [17, 23, 24, 38, 63]. Yet most data formats still depend on CPU-based compression, creating
a severe ingest and transformation bottleneck. While prior work has emphasized decompression
acceleration, efficient compression—particularly learned, lightweight, and lossless (LLL)—is equally
crucial. GPU-side LLL is vital for three reasons: (1) it enables high-speed on-device ingestion and
transformation, avoiding PCle and CPU serialization; (2) lightweight, parallel compression keeps
data resident on the GPU, improving bandwidth utilization and end-to-end throughput; and (3)
on-GPU learned modeling adapts to local data characteristics in real time, boosting ratios without
sacrificing decode speed. Prior studies echo this trend: Fang et al. [14] showed up to 10x faster load-
ing via GPU compression; Lal et al. [32] improved effective bandwidth with entropy-aware coding;
Tian et al. [58] achieved multi-fold Huffman speedups via warp cooperation; and Chen et al. [9]
reported over 300x throughput gains—together indicating that GPU-based LLL is an important
building block for GPU-accelerated lossless analytics.

However, all existing GPU-native formats cannot integrate learned compression effectively.
Giddy [50] lacks fine-grained random access, while Gompresso [55] trades ratio for parallelism.
Tile [52] and FastLanes-GPU [4], though fast, perform compression on CPUs and rely on fixed,
rule-based models. This disconnection between learned modeling and GPU execution prevents
full exploitation of GPU throughput and memory locality.

Developing a GPU-native learned compression format faces three fundamental challenges. (1)
Traditional formats treat compression as an offline stage, isolating metadata from query execu-
tion and preventing fine-grained predicate pushdown. (2) The resulting compressed layouts from
learned models often lack predictable structure for coalesced GPU access and selective decompres-
sion. (3) Model fitting and adaptive partitioning in learned compression are inherently serial, con-
flicting with SIMT execution. Overcoming these challenges requires a unified design that merges
compression, layout, and selective query processing requirements within a GPU-parallel frame-
work.
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We present L3, a GPU-native learned lossless lightweight compression format that combines
learned modeling with a GPU-friendly physical layout and high-throughput GPU kernels. L3 intro-
duces three core innovations. First, the L3 Storage Layout (SLAP) organizes the bit-packed residual
streams in a SLAP Vertical (lane-major) layout that exploits sector-based GPU L1 caches for im-
plicit prefetching during unpacking. Second, a Warp-Cooperative Learned Decompression Module
decodes the Vertical layout using warp tiles and branchless bit extraction, sustaining near-peak
throughput via SLAP-driven L1 reuse. A warp tile is a fixed group of T = 32 -V values mapped to
one warp: lane £ reconstructs indices {f, £ + 32, ..., £ + (V — 1) - 32} while consuming a contigu-
ous per-lane residual bitstream. Third, a Delta-Bits Driven Parallel Cost-Optimal Partitioning and
GPU-Resident Encoding Pipeline (Cost-Optimal) builds adaptive partitions via bulk delta-bits anal-
ysis, scan/compaction, and batched GPU merge, then packs residuals directly into the final SLAP
vertical layout on the device. As part of the format metadata, L3 can optionally store per-partition
bounds (e.g., min/max) to enable predicate-based pruning for selective queries.

L3 encodes 3-6x faster than Tile [52] and FastLanes-GPU [3, 4] and sustains 1.08-1.90 TB/s
decompression throughput—comparable to Tile/FastLanes-GPU and 2—-6x higher than nvCOMP—
while preserving high compression efficiency. On strongly correlated data (Linear, Normal, Li-
bio), L3 achieves 15.4x, 13.8x, and 77.2x compression; on less correlated/high-entropy inputs
(Books, Facebook, Medicare), it remains competitive (1.68x-3.3x).

In summary, we make the following contributions:

+ We identify the gap between CPU-oriented learned compression frameworks (e.g., LeCo [36])
and GPU-native analytics, showing that existing formats lack the architectural design to exploit
on-device parallelism and memory locality for compression and query execution.

« We propose L3, a GPU-native learned lossless lightweight format that extends the Model +
Delta paradigm to a GPU-optimized architecture in which, once inputs reside on device, the
main compression, decompression, and random-access query path executes on the GPU, with
only minor host-side control.

« We conduct comprehensive evaluations across synthetic, real-world, and SSB analytical work-
loads, comparing L3 with state-of-the-art GPU systems and demonstrating consistent gains in
compression ratio, decompression throughput, and end-to-end query performance.

2 Background and Motivation

The necessity for a new data format arises from a fundamental architectural mismatch between
legacy columnar formats and the modern data analytics paradigm, which is now dominated by
GPU computing and advanced compression techniques. This section details these components
and exposes their inherent conflicts.

2.1 GPU-Centric Analytics and Its Demands

GPUs were originally designed for graphics rendering and image processing but are now widely
adopted in diverse domains, including data management systems [8, 12, 15-17, 24, 37, 38, 49, 63, 71,
72]. With thousands of lightweight cores organized into streaming multiprocessors (SMs), GPUs
execute hundreds of threads in parallel under the SIMT model. Fine-grained thread-level paral-
lelism and fast on-chip shared memory enable them to hide global memory latency and sustain
high throughput. A single high-end GPU can deliver compute capacity once achievable only by
CPU clusters.

Leveraging GPUs for Learned Compression harnesses this massive parallelism for in-situ model
fitting and residual encoding, achieving high-throughput compression and decompression while
minimizing CPU-GPU data transfers [52]. This integration unites the modeling adaptiveness of
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Learned Compression with GPU-level throughput, paving the way for real-time large-scale ana-
lytics. However, this performance is predicated on algorithms and data layouts that respect the
GPU’s architecture—a principle that legacy, CPU-centric formats were not designed to follow.

2.2 Learned Compression and The Conflict with Legacy Formats

Classical schemes such as Frame-of-Reference (FOR), Run-Length Encoding (RLE), and Delta Encod-
ing [20, 33, 73] can be interpreted as early forms of Learned Compression. Modern Learned Com-
pression techniques [36] generalize this idea by segmenting data into short partitions, fitting sim-
ple predictive models (e.g., linear regressors), and compressing only the prediction errors instead
of raw values to achieve significant space savings. As shown in Figure 1, a linear model is fitted to
values yy, 5, and y3 to produce predictions ¥y, 5, and 3. The residuals §; = y; — 1,05 = 35 — Jn,
and 83 = y3 — j3 are then stored and compressed.

Value V3
85
Y1y,
Y2 Y3
&4 linear model
2 6
Y1 e
V2
X1 X X3 Position

Fig. 1. Learned Compression with linear model

A key strength of this approach is adaptive partitioning, which dynamically adjusts segment
boundaries to better match local data trends. This is superior to fixed-length partitioning, which
can misalign with data characteristics and degrade model fit. To achieve this, state-of-the-art meth-
ods like LeCo employ a greedy variable-length partitioning algorithm based on split-merge heuris-
tics [36]. As shown in Figure 2, this process makes sequential decisions based on encoding cost
until an optimal layout is found. The algorithm operates in two phases. In the split phase (Fig-
ure 2a), LeCo sequentially grows partitions by fitting a regressor and extrapolating to the next
value. When the prediction error exceeds a threshold (“Delta > Threshold”), a split is triggered.
Because the algorithm processes data online without lookahead, it cannot foresee that post-jump
values may form a new stable trend. This leads to over-segmentation: a region that could be cap-
tured by a single model is fragmented into multiple small segments (Figure 2b: Temp Seg A and B).
The merge phase (Figure 2c) compensates by combining adjacent fragments when a unified model
yields lower total cost. Since each partition stores model parameters (6, 6;) as metadata, merging
eliminates redundant overhead while recovering the global trend (“Merge Cost < Y (Temp Seg-
ments)”).

However, this adaptivity—the core of Learned Compression’s effectiveness—creates a direct con-
flict. The sequential nature of the split-merge algorithm is fundamentally at odds with the parallel
execution model of GPUs. Furthermore, this dynamic partitioning logic clashes with the rigid,
fixed-block structure of traditional columnar formats, which were designed for simpler, uniform
data chunks. This presents a critical trade-off: the parallel efficiency of older schemes versus the
superior compression ratio of modern, but sequential, algorithms. A GPU-native learned format
must resolve this conflict by combining the high compression efficiency of modern Learned Com-
pression with a design that is fundamentally parallel-friendly for GPUs.
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Fig. 2. lllustration of LeCo’s variable-length partitioning algorithm.

2.3 Design Challenges

The background illustrates that a new format is necessary, as simply adapting existing algorithms
or frameworks is insufficient. Our encoder draws inspiration from LeCo [36], a CPU-oriented
learned compression system that introduced the Model+Delta paradigm and adaptive partition-
ing for exploiting serial correlations in columnar data. However, the underlying assumptions of
CPU-centric algorithms conflict with the core principles of high-performance GPU computing.
Enabling an efficient, GPU-accelerated learned format required overcoming three major technical
challenges in the format’s specification itself.

Challenge 1: Polynomial-Aware Learned Decoding Requires Sequential Reconstruc-
tion, Conflicting With Coalesced GPU Memory Access. To achieve high compression across
datasets with diverse correlation patterns, the format must support adaptive model selection be-
yond simple linear predictors, including higher-order polynomial models (POLY2/POLY3) and run-
length friendly fallbacks (CONSTANT/RLE). Direct polynomial evaluation introduces per-value
floating-point multiplications, which are costly on GPUs. To preserve throughput, LINEAR, POLY2
and POLY3 must be implemented via a finite-difference scheme that avoids per-value multiplica-
tions. While this does not introduce dependencies in the stored residuals, it does constrain the de-
coder to consume each lane’s residual stream sequentially to advance the difference state. Under a
naive horizontal layout that assigns each warp lane a contiguous segment of length L, sequential
per-lane decoding yields strided global writes spaced by L (and similarly strided reads), prevent-
ing both coalesced loads and coalesced stores. The challenge is therefore to design a cache-aware
vertical layout that simultaneously (1) keeps each lane’s bitstream contiguous for sequential de-
coding, (2) restores coalesced writes of reconstructed values, and (3) exploits the sector-based GPU
L1 cache so that the unavoidable strided first loads are amortized into subsequent L1 hits.

Challenge 2: Learned Decompression’s Per-Partition Logic Leads To Warp Divergence
And Uncoalesced Memory Access On GPUs. The per-partition decompression logic of Learned
Compression [36], while effective on CPUs, leads to a catastrophic performance breakdown when
naively ported to a GPU’s SIMT architecture. This is not theoretical; our tests of such a kernel, de-
tailed in Table 1, revealed a dismal 3.13% peak occupancy and less than 0.11% DRAM throughput.
The breakdown stems from threads within a single warp processing different partitions, which
causes severe warp divergence from ‘if/else if* branches as each thread applies a different model
or bitwidth. This heterogeneity serializes execution—leaving an average of fewer than 5 active
threads per warp—while uncoalesced metadata fetches from global memory explain the abysmal
DRAM throughput. Furthermore, bit-level delta extraction degrades into slow, multi-instruction
software routines like inefficient ‘memcpy* operations. The challenge, therefore, is to design a phys-
ical bitstream organization that preserves Learned Compression’s semantics while being explicitly
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structured to enable a warp-cooperative kernel that sustains uniformity, coalesced memory access,
and predictable instruction flow.

Table 1. Low-level GPU efficiency metrics for the naive GPU kernels.

Compression Decompression

Min Max Min Max

Metric (% of peak unless noted)

Achieved occupancy 3.12 3.13 3.12 3.13
Compute throughput 0.39 0.39 0.74 0.76
DRAM throughput 010 011  0.09 0.10
Memory throughput 0.10 0.11 0.14 0.15
SM Busy 11.41 1150 16.50 16.67
Issue slots Busy 2.77 2.78 4.33 4.34
Avg. active threads / warp 2.47 2.50 4.33 4.47
Eligible warps / scheduler (warp) 0.11 0.11 0.17 0.17
Warp cycles per instruction 9.01 9.02 5.76 5.78

Challenge 3: Split-Merge Dependency Chains In Learned Compression Hinder Parallel
Partitioning On GPUs. LeCo’s strong compression ratio relies on an adaptive partitioner whose
boundary decisions are tightly coupled with per-partition model fitting and residual bit-cost esti-
mation. Once a boundary is split or merged, the training range of the predictor changes, which
reshapes the fitted coefficients and the residual distribution, and thus invalidates the cost signals
needed by the next decision. This creates a strict step-by-step dependency chain with irregular con-
trol flow, directly conflicting with the GPU’s requirement for large batches of independent work.
A naive GPU approach that evaluates many candidate boundaries in parallel is also impractical,
because each candidate requires re-computing model parameters and re-estimating residual bit-
costs over overlapping intervals, quickly amplifying work and memory traffic toward quadratic
complexity. As shown in Figure 2, even a small boundary shift can change delta bit-widths and
encoding costs, and these changes cascade into different downstream merge outcomes. Therefore,
the encoder must replace the original CPU-oriented routine with a parallel-first paradigm that ex-
tracts GPU-friendly cost signals in bulk and refines partitions through batched merge passes built
on scan, compaction, and ordered materialization, producing high-quality adaptive partitions with-
out sequential decision chains.

3 The L3 Format
3.1 Overview

We illustrate the architecture of the L3 format and its GPU-native ecosystem in Figure 3. L3 is a
GPU-native Learned Compression format specification designed for both high compression effi-
ciency and high-throughput decompression on modern GPUs. The specification defines the SLAP
Vertical physical layout and its metadata, and this paper presents the corresponding parallel GPU
pipeline to write and read it.

Modules And Core Design Highlights. L3 consists of three core modules built around the
SLAP Vertical layout. First, the L3 SLAP Layout (Section 3.2) specifies a SLAP Vertical (lane-major)
organization for the delta bitstream, tailored to the GPU L1 sector cache to maximize reuse during
unpacking, addressing Challenge 1. Second, the Warp-Cooperative Learned Decompression Module
(Section 3.3) maps each partition to one thread block and decodes warp tiles using per-lane bit read-
ers, branchless bit extraction, and bit-exact no-FMA FP64 finite-difference predictors, addressing
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Fig. 3. L3 format and its GPU-native system architecture.

Challenge 2. Third, the GPU-Native Learned Compression Pipeline (Section 3.4) implements delta-
bits driven parallel cost-optimal partitioning with scan/compaction and odd-even GPU merge
(Cost-Optimal), followed by on-device model selection and packing into the final SLAP Vertical
layout, addressing Challenge 3.

Query Integration And Compatibility. Beyond full-column decompression, L3 exposes parti-
tion boundaries and optional per-partition bounds (e.g., min/max) as part of its metadata, making
it straightforward to integrate database-style optimizations such as predicate filtering, partition
pruning, and selective access in a GPU query execution engine. These optimizations are orthogo-
nal to the core compression and layout mechanisms, and we use them to demonstrate L3’s com-
patibility with selective query processing.

Workflow. These components enable a two-phase, end-to-end GPU workflow. In the compres-
sion phase, raw columnar input is processed by the GPU-native compression engine, producing
data in the L3 format directly in device memory. This compressed data can then be stored or trans-
ferred to other GPU-resident analytical engines. In the decompression or query phase, data in the
L3 format can be fed into the decompression engine for full-column materialization, or consumed
by a query execution engine that selectively decodes only the required ranges and optionally uses
metadata bounds for pruning.

3.2 L3 SLAP Layout

This section presents the L3 SLAP Format, the core data layout specification for L3’s bit-packed
delta storage. The L3 format employs the SLAP (Strided Load Auto-Prefetch) mechanism to
exploit the sector-based L1 cache architecture of modern GPUs, achieving implicit prefetching
through carefully orchestrated memory access patterns and significantly reducing memory access
latency for decompression operations.

3.21 GPU Memory Hierarchy Background. Modern NVIDIA GPUs use a sector-based L1 cache:
each 128 B cache line is subdivided into four 32 B sectors, and a warp request loads all sectors that
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contain at least one requested address. When the 32 threads access a contiguous 128 B span, the
L1 loads the minimum four sectors. In contrast, when the addresses are strided and span a larger
region, the L1 loads more sectors even though each thread still requests only a 4 B word.

The SLAP format exploits this behavior by combining a lane-major layout with per-lane sequen-
tial decoding. Once a 32 B sector is fetched, up to seven subsequent 32-bit word reads by the same
lane reuse it, converting most word loads from DRAM accesses into L1 hits.

3.2.2 L3 SLAP Format Structure. Figure 4 illustrates the L3 SLAP Format for 12-bit packed values.
We view the payload as a two-dimensional lane-by-word matrix: the lane index corresponds to
the warp thread (lane i is processed by Thread i, i € {0, ...,31}), and the word index enumerates
the consecutive 32-bit words that store the packed residual stream for that lane. A lane is simply
the per-thread access stream: in figures, lanes may be drawn horizontally or vertically; whichever
direction the thread traverses corresponds to the lane. Each lane contains W 32-bit words, where
W = [V xb/32],V is the number of values per lane, and b is the residual bit-width.

In L3, each lane’s packed residual stream starts at a 32-bit word boundary (word-aligned). We
enforce this by choosing the tile size V (values per lane) as a multiple of 32 (we use V=64 in our
implementation), making V - b divisible by 32 for any integer b; thus W = [V - b/32] is exact and
introduces no per-lane padding.

The key design principle is that all words belonging to the same lane are stored contigu-
ously in memory. In other words, each thread’s data forms a contiguous block in memory. For-
mally, for a warp tile processed by a warp of 32 threads, the memory address of word w in lane i
is given by:

addr(i,w) = base + i x W +w (1)
where w € {0,1,..., W — 1} indexes the words (columns) and i € {0, 1,..., 31} indexes the lanes
(rows). This formulation makes explicit that addresses within the same lane (fixed i, varying w)
differ by 1 word and are therefore contiguous.

word 2 word 1 word 0

A 12-bit bit pattern stored in packed form at position INDEX.

Fig. 4. L3 SLAP layout for 12-bit residuals (lane-major). Rows are lanes; words within a lane are contiguous.

3.2.3 SLAP: Strided Load Auto-Prefetch Mechanism. The performance advantage of the L3 SLAP
Format arises from the interaction between its lane-major memory layout and GPU’s sector-based
L1 cache loading behavior. During decompression, each thread iterates through all words of its
lane (horizontally across its row): Thread i reads word 0, then word 1, up to word (W — 1), all from
Lane i’s contiguous memory region. We term the resulting cache behavior the SLAP (Strided Load
Auto-Prefetch) mechanism. Figure 5 illustrates this mechanism.

The SLAP mechanism works as follows:
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Fig. 5. SLAP mechanism: strided accesses fetch L1 sectors; subsequent within-sector word accesses hit in
L1.

First Iteration—Word 0 (Strided Load): When all threads simultaneously access word 0 of
their respective lanes (the rightmost column in Figure 5), the memory addresses form a strided
pattern: Thread 0 accesses base + 0, Thread 1 accesses base + W, Thread 2 accesses base + 2W, and
so on. The stride between consecutive threads is W words (W x 4 bytes). This warp-wide strided
access touches many L1 sectors and fetches the initial sector(s) needed by the per-lane streams.

Subsequent Iterations—Word 1 To Word (W — 1) (Sector Reuse): In subsequent iterations,
each thread advances sequentially within its lane. Since a 32 B sector contains S = 32B/4B = 8
consecutive 32-bit words, once the first word of a sector is fetched, the next up to S—1 word loads
by the same lane typically hit in L1. When a lane crosses a sector boundary (every S words), the
first access to the next sector incurs a compulsory miss and brings that sector into L1, which is
then reused by the remaining word loads in the same sector.

The key insight is that SLAP trades per-iteration coalescing for per-lane temporal locality: strided
warp accesses fetch the relevant sectors, and the lane-major layout ensures each fetched sector is
reused by multiple subsequent word loads.

Synergy with Per-Lane Sequential Bitstream Decoding. SLAP’s L1 reuse is reinforced by the Ver-
tical decoder’s access pattern: within each warp tile, each thread consumes a contiguous per-lane
residual bitstream in order using a buffered bit reader. This per-lane sequential consumption turns
the lane-major layout (Equation 1) into a predictable sequence of adjacent word reads, so fetched
sectors are reused by the remaining unpack steps.

3.24 Theoretical Analysis. The L1 cache hit rate for the L3 SLAP Format can be derived from the
sector size. Let W = [V x b/32] denote the number of 32-bit words each lane must load, where V
is values per lane and b is the bit-width. Let S = 32B/4 B = 8 denote the number of 32-bit words
per L1 sector. Since each lane reads words sequentially, its W words span [W/S] sectors; the first
access to each sector is a compulsory miss, and the remaining word accesses within that sector hit
in L1, yielding:

W/S]

L1 HitRate ~ 1 — —— (2)
w

When W < S, this reduces to (W—1)/W; as W grows, it approaches 1—1/S. We validate this
sector-reuse model experimentally in Section 5.
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3.25 Latency Advantage. The performance benefit of the L3 SLAP Format stems from the sub-
stantial latency difference between L1 cache hits and DRAM accesses. On modern GPUs, L1 cache
latency is approximately 28 cycles while DRAM latency exceeds 400 cycles. For W words per lane,
SLAP incurs approximately [W /S| DRAM sector fetches and W — [W/S] L1 hits. In contrast, a
word-interleaved (FastLanes-style) layout has negligible cross-iteration L1 reuse and thus incurs
roughly W DRAM fetches. The resulting latency reduction is:

W x TDRAM
[W/S]x Topam + (W — [W/S1) x Tp,
Substituting typical latency values (Tpgram = 400 cycles, T;; = 28 cycles), the L3 SLAP Format

achieves theoretical speedups ranging from 1.87x at W = 2 to 4.44x at W = 6. This latency
reduction is the fundamental source of L3’s performance advantage for bit-unpacking operations.

Speedup = ®3)

3.3 L3 Format Reading: Warp-Cooperative Learned Decompression

To efficiently read L3’s SLAP Vertical physical layout and overcome Challenge 2, we implement a
warp-cooperative, model-aware GPU decompression kernel (Algorithm 1). Given a partition id pid,
its metadata record, and the delta bitstream, one thread block materializes out[s..e) by decoding
warp tiles of T = 32 -V values: each lane sequentially consumes a contiguous per-lane residual
stream and writes V outputs at coalesced positions within the tile. Reconstruction follows v; =
base +u; for MODEL_FOR_BITPACK and v; = round( fy(i —s)) + &; for MODEL_LINEAR/POLY2/POLY3;
MODEL _CONSTANT uses a dedicated constant/RLE expansion path.

Design. The decoder assigns one thread block per partition and treats a warp tile (T = 32 -
V values) as the basic unit of work. Each warp lane consumes a contiguous per-lane residual
bitstream in order (required by finite-difference predictors) and writes V reconstructed values to
coalesced positions within the warp tile. Uniform (m¢, bw) within a partition keeps warps largely
lockstep, while the lane-major SLAP layout turns the unavoidable strided first loads into L1 sector
reuse for subsequent word reads.

Detailed Algorithm. Algorithm 1 consists of six blocks: (a) Metadata (Lines 2-3) loads [s, €)
and (mt, bw, of f, num_tiles) from a compact per-partition record and lazy-loads the needed model
parameters 6; (b) Constant/RLE (Lines 4-10) either fills out[s..e) for single-run partitions or decodes
the RLE payload and expands runs cooperatively; (c) Warp-tile loop (Lines 11-21) decodes modeled
partitions tile by tile, where each lane initializes its finite-difference state, computes a lane-local
bit offset, and sequentially consumes its per-lane residual stream (with a bw=0 fast path); (d) Bit
extraction (Line 17) uses read4 for bw < 32 and branchless shift+mask over a 128-bit window for
bw > 32; (e) Predictor update (Line 19) advances the no-FMA FP64 finite-difference state to match
the encoder’s evaluation order; (f) Boundary handling (Line 22) decodes and writes the remaining
values, if any.

Correctness And Complexity Analysis. Residual extraction uses sequential bit addressing:
for delta_bits < 32, the decoder reads from a 64-bit window (two 32-bit words); for delta_bits
> 32, from a 128-bit window (two 64-bit words). Both cases apply shift+mask followed by sign-
extension for signed residuals. Model-based correctness relies on identical FP64 evaluation order
via shared no-FMA finite-difference primitives; FOR partitions recover the base losslessly (includ-
ing uint64 bit-patterns) and add unsigned deltas. The tail region follows the encoder’s bit-offset
contract, and padding ensures unconditional window loads remain in-bounds. Complexity is O(N)
with O(1) operations per element; metadata loading is O(1) per partition via a compact record.
Memory traffic scales with compressed and output sizes; output writes are coalesced, input reads
are lane-local and sequential (with optional shared-memory buffering for RLE/tail), enabling high-
throughput GPU decompression.
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Algorithm 1 Warp-Cooperative Decompression on SLAP Vertical Layout

1: function DECOMPRESSPARTITION(pid, meta, bits, out)
2 Load [s,e), mt, bw, of f, num_tiles from a compact metadata record
3 Lazy-load model params 6 required by mt
4 if mt = MODEL_CONSTANT then
5: if num_runs = 1 then
6 Fill out[s..e) with constant value; return
7 end if
8 Decode RLE header+residual payload from bits into shared memory
9 Parallel decode runs — run_values|[], run_counts[]
10: Warp-parallel prefix sum — run_offsets|]
11: Warp-cooperative expand runs to out[s..e); return
12: end if
13: for each warp tile t assigned to this warp do
14: Init FP64 finite-diff predictor for this lane (if m¢ is modeled)
15: if bw = 0 then
16: Materialize predictions for this warp tile; continue
17: end if
18: W « [V -bw/32]; bit < ((of f +t-32-W + lane- W) < 5)
19: Init lane bit reader at bit
20: fork=0toV —1do
21: Read packed delta (read4 for bw < 32; shift+mask for bw > 32)
22: Reconstruct out[s + ¢ - T + k - 32 + lane]
23: Advance predictor state (no-FMA FP64 finite-diff accumulation)
24: end for
25: end for
26: Decode remainder values (if any) and write to out

27: end function

3.4 L3 Format Writing: GPU-Native Learned Compression Pipeline

We generate the L3 SLAP Vertical format with a GPU-resident learned lossless compression pipeline
that keeps intermediate state and the final compressed buffers on device. Concretely, the encoder
performs: (i) delta-bits driven cost-optimal partitioning with an odd-even GPU merge loop (Cost-
Optimal), (ii) per-partition model fitting and cost-based selection (FOR/LINEAR/POLY2/POLY3,
plus unified CONSTANT/RLE), and (iii) prefix-scan layout finalization and warp-tile packing into
the final bitstream. Aside from the initial host-to-device input copy and minor host-side control/al-
location (e.g., breakpoint materialization and output sizing), this design minimizes CPU-GPU
roundtrips.

3.4.1 Delta-Bits Driven Parallel Cost-Optimal Partitioning (Cost-Optimal). L3 uses a delta-bits
driven cost-optimal partitioner (Algorithm 2) that takes an input column x and produces an or-
dered partition list with per-partition (start, end, mt, 0, bw). It is parallel-first: analysis blocks and
candidate partitions are processed in bulk on the GPU, and refinement is performed by a batched
odd-even merge loop driven by end-to-end storage cost. BEsTDELTABITS(i)s polynomial-aware
(POLY2/POLY3); to avoid FP64 hazards, uint64 values beyond 2°° are guarded by forcing FOR.
Cost-Optimal uses a single threshold T (default: 8 bits) to detect breakpoints where residual
bitwidth changes sharply, then relies on cost-driven merging: neighboring partitions merge only
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if doing so reduces total storage cost (compressed bytes plus metadata overhead). This design
eliminates manual per-dataset tuning—the cost function automatically adapts to diverse data dis-
tributions.

Design. The partitioner follows a parallel-first pipeline: (i) estimate delta-bits per analysis block
in parallel, (ii) detect breakpoints and emit an initial partition list via scan/scatter, (iii) fit/select a
model per partition, and (iv) iteratively merge neighboring partitions in odd-even phases, using
scan/compaction to update the list until convergence.

Algorithm 2 Delta-Bits Parallel Cost-Optimal Partitioning with GPU Merge (Cost-Optimal)

1: function PARTITIONCOSTOPTIMAL(X, cfg)

2 parallel for analysis block b: bits[b] < BEsTDELTABITS(xX, b, cfg)

3 parallel for b: bp[b] « [|bits[b] — bits[b—1]| > cfg.7]

4 Materialize breakpoint positions BP

5 EMITINITPARTS(BP, Cfg.Pmin) > scan + write (start, end)
6 parallel for part p: FiTSELECT(X, p, cfg)— (mt[p], 0] p], bw[p])

7 forr =1tocfg.Rdo

8 parallel for neighbor pairs: compute merge benefit

9 decide merges (even phase, then odd phase)

10: CompacT(merge_{flags) > scan + scatter
11 if no merges then break

12: end if

13: end for

14: OrDERF1X(parts) > GPU sort/gather by start, fix boundaries
15: return parts = {start,end, mt, 0, bw}

16: end function

Detailed Algorithm. Algorithm 2 consists of six blocks: (a) Delta-bits analysis (Line 2) com-
putes a cheap, model-aware residual bitwidth estimate bits[b] per analysis block (used only for
breakpoint detection); (b) Breakpoint detection (Lines 3—-4) flags sharp changes |bits[b]—bits[b—1]| >
7 and materializes breakpoint positions; (c) Initial emission (Line 5) emits an initial (start, end) list
via scan/scatter at granularity py:.; (d) Local modeling (Line 6) fits/selects (mt, 8, bw) per partition
by minimizing end-to-end storage cost (metadata + payload, including the RLE payload estimate
for MODEL_CONSTANT); (e) Cost-driven refinement (Lines 7-12) iteratively merges adjacent parti-
tions in odd-even phases and updates the list via scan-based compaction, terminating when no
merges remain; and (f) Ordering (Lines 13-14) sorts/fixes boundaries and returns an ordered, non-
overlapping cover of the input.

Correctness And Complexity Analysis. The pipeline maintains the invariant that partitions
are represented as (start, end) pairs that cover disjoint input ranges. EMITINITPARTS(e)mits a con-
tiguous cover within each breakpoint segment; the odd-even merge loop only merges adjacent
partitions and uses compaction to produce a conflict-free next list. ORDERFIx(e)nforces a sorted,
non-overlapping final cover and repairs boundaries if necessary. Model selection is local to each
partition and does not affect the partition coverage invariant. Let M be the number of analysis
blocks and P be the number of partitions. Delta-bits estimation and breakpoint detection cost O(M)
work; initial emission, per-partition fitting/selection, and each merge round cost O(P) work. With
at most R merge rounds, total work is O(N + M + (R + 1)P) and memory is O(M + P); all stages
are GPU-parallel via bulk kernels plus scan/compaction.

Partition Size Bounds and Work Balance. The partitioner enforces min_partition_size
(256 elements) as the initial partition granularity before merging, and max_partition_size (8192
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elements) as the upper bound after merging. This bounds worst-case imbalance to 32x during de-
compression (where each partition maps to one thread block). In practice, cost-optimal merging
produces only 2—4x variation. We found that explicit load balancing mechanisms degrade perfor-
mance due to synchronization overhead; the GPU’s hardware scheduler naturally balances work
across SMs.

3.4.2 Model Selection and Layout Metadata Finalization. Given the partition list and model selec-
tions, the encoder computes each partition’s payload size (including the optional RLE payload for
MODEL_CONSTANT) and assigns non-overlapping output regions via prefix scans (Algorithm 3). For
MODEL_CONSTANT, the single-run case emits no payload; otherwise, it emits a compact cascaded
RLE payload (6-word header + two residual streams) that predicts run values and counts with
float LINEAR models plus bit-packed residuals, and it may additionally emit optional bounds and
a consolidated metadata record.

Design. For each partition, the encoder derives (i) the number of full warp tiles and (ii) the
total number of 32-bit words needed for its payload. A global prefix scan over these word counts
produces of fsets (word offsets). The encoder also computes a prefix sum over num_tiles to map
a global warp-tile id to its partition via binary search in the packing kernel.

Algorithm 3 Layout Metadata Finalization

1: function FINALIZELAYOUT(parts, cfg)

2 parallel for partition p:

3 n « end|p] — start[p]

4 if mt[p] = MODEL_CONSTANT then

5 runs < |6[p][0]]

6 word_cnt[p] < RLEWorps(runs, [ p]) > 0 if runs=1
7 ntile[ p] < 0

8 else

9 ntile[ p] « |n/T]| >T=32-V
10: word_cnt[p] < [(n-bw[p])/32]
11: end if
12: of f < exscan(word_cnt); tile_pref <« exscan(ntile)
13: allocate deltas (padding, zero-init)
14: return meta = {of f, ntile, tile_pref} > optional: consolidated metadata + bounds

15: end function

Detailed Algorithm. Algorithm 3 consists of six blocks: (a) Per-partition sizing (Lines 2-3) de-
rives the element count n; (b) Constant/RLE sizing (Lines 4-7) computes the payload word count via
RLEWoRDs(a)nd emits zero payload for the single-run case; (c) Modeled sizing (Lines 8-10) com-
putes ntile and word_cnt from (n, bw); (d) Offset assignment (Line 12) performs two exclusive scans
to produce of f and tile_pre f (mapping global tile ids to partitions); (e) Output allocation (Line 13)
allocates and zero-initializes the word array with padding; and (f) Metadata output (Line 14) re-
turns the offsets needed by packing/decoding (and optionally bounds and a consolidated metadata
record).

Correctness And Complexity Analysis. The two exclusive scans in Line 12 assign each parti-
tion a unique, non-overlapping output region: for any partitions p # g, the intervals [of f[p], of fIp]+
word_cnt[p]) and [of flql, of flq] + word_cnt[q]) are disjoint, and their concatenation covers ex-
actly the allocated word array. The scan over ntile yields a monotonically increasing tile_pref,
so FINDPART(c)an map any global tile id to its owning partition. Complexity is O(P) work and
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memory: per-partition sizing is O(1), scans are O(P), and allocation is proportional to the final
compressed size.

3.4.3 Parallel Packing (Warp Tiles). The packing kernel writes the selected residuals into the SLAP
Vertical bitstream entirely on the GPU (Algorithm 4). It maps one block to one warp tile and one
thread to one lane; each lane emits a contiguous per-lane residual stream into its partition’s as-
signed output region. Boundary tiles and the MODEL_CONSTANT bookkeeping are handled by small
auxiliary kernels and omitted; predictors use shared no-FMA FP64 finite-difference accumulation
to ensure bit-exact consistency with decoding.

Design. Packing follows the same warp-tile mapping as decoding. Each block packs one warp
tile; each thread (lane) emits a contiguous per-lane bitstream of V residuals into its partition’s pre-
assigned word range. atomicOr resolves cross-word boundaries without serializing the common
aligned case.

Algorithm 4 Parallel Packing (Warp Tiles, Vertical)

1: function PACKTILES(x, parts, meta, out)
2 t < blockldx.x;lane « threadldx.x > 1 block per tile, 1 thread per lane
3 p < FINDPART(t, meta.tile_pref)
4 t_in « t — metatile_pref[p]
5: bw « parts.bw|p]
6 load (mt, 6)

7 if mt = MODEL_CONSTANT then

8 return

9: end if

10: W « [V -bw/32]

11: base_bit < ((meta.of f[p] +t_in-32-W + lane- W) < 5)
12: fork=0toV —1do

13: idx <« parts.start[p] +¢_in-T + k- 32 + lane

14: & < ResmpuaL(x[idx], mt, 0, idx) > no-FMA FP64 predictor
15: BrtORr(out, base_bit + k- bw, 8, bw) > atomicOr
16: end for

17: end function

Detailed Algorithm. Algorithm 4 consists of six blocks: (a) Tile/lane mapping (Lines 2-3) as-
signs one block to a global warp tile ¢, maps it to its owning partition p using tile_pref, and
derives the in-partition tile id ¢_in; (b) Partition parameters (Lines 4-5) load (mt, 9, bw) and skip
MODEL_CONSTANT (handled separately); (c) Bit addressing (Line 6) computes each lane’s base bit
offset in the word array from of f[p]; (d) Packing loop (Lines 7-8) enumerates the V lane values
and computes each element index; (e) Residual generation (Line 9) evaluates the no-FMA finite-
difference predictor and forms the signed residual; and (f) Bit insertion (Line 10) writes residual
bits via atomicOr to handle cross-word boundaries.

Correctness And Complexity Analysis. Prefix scans over per-partition word counts assign
each partition a unique, non- overlapping region in the final word array; zero-initialization plus
atomicOr yields correct bitwise composition when writes span word boundaries. Bit-exactness is
ensured by using the same no-FMA FP64 finite-difference predictor in both encoder and decoder.
The overall work is linear in the number of elements, with additional overhead proportional to the
number of analysis blocks and partitions, and all major steps are parallelized on the GPU.
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4 Implementation

We implement L3 as a C++/CUDA library whose format layer specifies the SLAP Vertical format
and metadata, and whose execution layer provides GPU kernels for format I/O and query prim-
itives (e.g., point/range random access, predicate filtering via partition bounds, partition prun-
ing, and partial decompression). The encoder runs delta-bits driven cost-optimal partitioning, per-
partition model selection, and packing on device (Algorithms 2-4); the decoder materializes parti-
tions via warp-cooperative, model-aware unpacking with bit-exact no-FMA FP64 finite-difference
predictors (Section 3.3). Once inputs reside on device, both encoding and decoding keep interme-
diate and final buffers in GPU memory, with only minor host-side control and buffer sizing.

5 Evaluation

In this section, we present a comprehensive empirical evaluation of the L3 format. Our experiments
are designed to systematically validate the key design decisions of L3 and demonstrate its end-to-
end performance benefits over state-of-the-art CPU and GPU solutions.

5.1 Experimental Setup

Evaluation Methods. We compare L3 against state-of-the-art GPU-native compression frame-
works to establish its position in the performance landscape, including the Tile-based framework [52]
(FOR/DFOR/RFOR), FastLanes-GPU [4], and NVIDIA’s production-grade nvCOMP library [45].

In the context of the SSB evaluation, we further include three representative GPU methods that
have been widely adopted in prior GPU compression studies [14, 52]: (1) Planner [14], (2) GPU-
BP [40], (3) OmniSci(HeavyDB) [23].

Platform. We evaluate L3 on a GPU server equipped with an Intel Core i9-14900X CPU (24
cores, 32 threads), 32 GB of RAM, and an Nvidia H20 GPU (Hopper architecture, 96 GB of memory,
60 MB L2 cache). The operating system is Ubuntu 22.04.03.

Scalability. L3 supports slicing large columns into GPU-sized chunks; since compression oper-
ates on small partitions (256-8192 elements), slicing preserves local characteristics with negligible
overhead.

Datasets. We evaluate L3 on all 20 integer datasets from LeCo [36]. Table 2 summarizes the
sources and sizes. All of the real world datasets are drawn from SOSD [30], OpenStreetMap [47],
Libraries.io [28], MovieLens [22], Kaggle House [27], Public BI [18], and mlcourse.ai [42]. To con-
nect dataset characteristics with model choices, we group datasets by correlation (measured by
the R? coefficient of a least-squares linear fit) and repetition. Group A (High Correlation) con-
tains sorted sequences with R> > 0.9 (e.g., Linear has R> = 1.0 and Normal has R? = 0.95);
real SOSD indices (Books, Wiki) and Libio also fall in this regime. It also includes datasets bet-
ter captured by low-order polynomials (e.g., Planet reaches R? = 0.96 under quadratic fitting).
Group B (Medium Correlation) covers moderately regular data (0.5 < R? < 0.9), such as irregu-
larly sampled timestamps (ML) and stochastic event streams (Poisson). Group C (Low Correlation /
High Entropy) stresses robustness where linear models offer limited benefit (R? < 0.5): Facebook
has near-zero correlation, while OSM and Medicare are large, irregular ID-like columns; L3 falls
back to FOR-equivalent behavior while retaining GPU-friendly decoding. Group D (Non-Linear
Patterns) includes synthetic piecewise curves where quadratic fitting improves the linear-fit R?
by > 0.1 (Polylog, Exp, Poly), motivating polynomial models. Group E (High Repetition / RLE-
Friendly) contains discrete attributes with 94-99% identical adjacent values (Adult, Site, Weight),
where CONSTANT/RLE dominates over polynomial fitting.
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Table 2. Dataset Characteristics. All 20 integer datasets from prior work [36] are included. “Real” denotes
data derived from production systems; “Synth” denotes generated data.

Compressed Size (%)

Decompression
Throughput (GB/s)

Dataset  Source Items Type Real/Synth
Group A: High Correlation (Linear/Near-Linear Trends)
Linear Generated 200M uint32 Synth
Normal Generated 200M uint32 Synth
Books SOSD 200M  uint32 Real
Wikipedia SOSD 200M uint64 Real
Planet OpenStreetMap  200M  uint64 Real
Libio Libraries.io 200M  uint64 Real
Group B: Medium Correlation

ML UCI 14M  uint64 Real
Poisson Generated 87M  uint64 Synth
Group C: Low Correlation (High Entropy)

Facebook  SOSD 200M uint64 Real
OSM SOSD 800M uint64 Real
MovieID  MovieLens 20M uint32 Real
House Kaggle 2.2M  uint64 Real
Medicare  Public BI 1.5B  uint64 Real
Group D: Non-Linear Patterns

Cosmos Generated 1M int32 Synth
Polylog Generated 10M  uint64 Synth
Exp Generated 200M uint64 Synth
Poly Generated 200M uint64 Synth
Group E: High Repetition / RLE-Friendly

Adult mlcourse.ai 30K uint32 Real
Site mlcourse.ai 250K uint32 Real
Weight mlcourse.ai 25K uint32 Real
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Fig. 6. L3 vs nvCOMP on 12 datasets (H20). Top: compressed size (%). Bottom: decompression throughput.

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 201. Publication date: June 2026.



L3: A GPU-Native Co-Designed Data Format for Learned Lossless Lightweight Compression 201:17

5.2 End-to-End Performance Analysis

This section evaluates the end-to-end performance of the L3 format, focusing on its core design
trade-offs: decompression speed, space efficiency, compression (writing) speed, and random access
latency. For readability, Figures 6, 7, and 8 visualize 12 representative datasets (Linear, Normal, Li-
bio, Wiki, Books, Planet, Facebook, ML, Medicare, Poisson, House, OSM). We report the remaining
8 datasets (Movieid, Cosmos, Polylog, Exp, Poly, Adult, Site, Weight) in Figure 10 and Table 3, and
summarize all 20 datasets in Table 4.
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Fig. 7. L3 vs Tile-GPU and FastLanes-GPU on 12 datasets (H20). Top: compressed size (%). Bottom: decom-
pression throughput.

5.2.1 Decompression Performance and Space Efficiency. A primary design goal of L3 is to resolve
the trade-off between the high compression ratios of modern Learned Compression and the high
throughput of simpler GPU codecs. Figure 6 and Figure 7 report decompression throughput and
compression ratios.

SLAP Validation. To validate the cache-reuse model in Section 3.2, we profile the decoder using
NVIDIA Nsight Compute. On H20, the measured L1 sector hit rates match Equation 2 within 3%
error (e.g., 47-83% for W = 2-6 in our microbenchmarks), and we observe the same sector-based
loading behavior on RTX 4090 and RTX PRO 6000.

Throughput. L3 sustains 1.08-1.90 TB/s across all 12 datasets, comparable to the fastest light-
weight integer codecs on GPUs such as Tile-FOR (1.14-2.32 TB/s) and FastLanes-BitPack (1.28-
1.82 TB/s). It averages 1.37 TB/s, peaking at 1.90 TB/s on Libio and bottoming out at 1.08 TB/s on
Normal. Despite employing a more sophisticated learned model, L3 stays within the top through-
put tier due to the integrated design between its storage layout and the Warp-Cooperative De-
compression engine. Figure 7 further shows that L3 is close to Tile-FOR/FastLanes-BitPack and is
consistently faster than multi-layer variants (Tile-DFOR/RFOR and FastLanes-Delta), which drop
to 0.54-1.64 TB/s. In contrast, nvCOMP’s general-purpose codecs—including LZ4, Snappy, Zstd,
and ANS—reach only 8-795 GB/s (Figure 6); e.g., on Linear L3 achieves 1.17 TB/s whereas LZ4
reaches 579 GB/s, and on Wiki L3 exceeds 1.33 TB/s while Cascaded delivers 383 GB/s. This con-
firms that L3’s warp-cooperative decoding achieves full memory-bandwidth utilization and scales
efficiently across data patterns.

Compression Ratio. L3 not only sustains high throughput but also maintains superior com-
pression efficiency. On datasets with strong serial correlations, such as Linear, Normal, and Li-
bio, L3 achieves compression ratios of 15.4x, 13.8x, and 77.2x, respectively—competitive with Tile,
FastLanes-GPU and nvCOMP’s best ratios of 13.7x (Cascaded), 17.9x (Cascaded), and 150.1x (Zstd).
On less correlated datasets (Facebook, Medicare), L3 remains competitive, achieving ratios between
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1.68x and 3.3x and staying within the range of Tile/FastLanes-GPU and nvCOMP variants. These
results demonstrate that learned modeling enables L3 to exploit fine-grained statistical redundancy
that generic codecs overlook, achieving both compact representation and high decode speed.

Summary. Overall, L3 attains 2—-6x higher decompression throughput than nvCOMP and pro-
vides a competitive ratio-throughput frontier versus Tile and FastLanes-GPU. It achieves a bal-
anced operating point between throughput and ratio, approaching the speed of the simplest GPU
codecs while providing the compression efficiency of advanced learned models, validating L3’s
integrated design philosophy for GPU data processing.
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Fig. 8. Encoding time: Tile-GPU, FastLanes-GPU, and L3 on 12 datasets (H20, log scale).

5.2.2  Compression (Writing) Performance. A GPU-native format is only practical if it can be gener-
ated efficiently on the GPU. Figure 8 and Figure 9 compare the encoding time of L3’s on-GPU write
engine against other frameworks. Against Tile and FastLanes-GPU, whose compression is CPU-
based, L3’s GPU-native pipeline is 3—6x faster on average, finishing in 15-3939 ms compared to
their longer execution times. This demonstrates the benefit of an end-to-end, GPU-resident work-
flow. While general-purpose codecs in nvCOMP (especially Bitcomp and ANS) can have higher
raw encode throughput due to their simpler logic, L3 intentionally invests more GPU work into
delta-bits driven cost-optimal partitioning (Cost-Optimal) and per-partition model selection. This
extra modeling and partition refinement cost pays off in higher compression ratios and enables
the query-time optimizations discussed later.

Lza Snappy EEER Zstd B Bitcomp B Cascaded E== GDeflate [ Deflate HEE ANS [ L3

Compression Time (ms)
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Fig. 9. Encoding time: nvCOMP vs L3 on 12 datasets (H20, log scale).

5.2.3 The Case For Non-Linear Datasets. To understand when L3’s learned approach provides
the most benefit, we compare compression effectiveness across datasets with varying distribu-
tion characteristics (Figure 10). For datasets where simple delta encoders are competitive, such as
Movieid and Cosmos, specialized delta encoders (Tile-DFOR, FLS-Delta) achieve competitive or bet-
ter compression ratios. However, L3 consistently delivers the highest decompression throughput
on Movieid (998.6 GB/s vs. 845.7 GB/s for Tile-DFOR), demonstrating that its learned models can
still optimize for speed even when compression gains are modest.

The advantage of L3 becomes pronounced on non-linear datasets. On Polylog, L3 achieves only
3.62% of original size—nearly 2x better than Tile-DFOR (6.04%) and FLS-Delta (6.69%)—because its
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Fig. 10. Representative datasets: compressed size (%) vs decompression throughput (GB/s).

polynomial model families can capture the underlying mathematical structure rather than relying
on generic delta encoding.

For the highly compressible Site, Weight, and Adult datasets (Group E, Table 3), which con-
tain sorted categorical attributes (e.g., site IDs, body weights, ages) exhibiting over 94% repeated
adjacent values, L3 achieves compression ratios comparable to nvcomp-Bitcomp (0.84-4.91% vs.
0.73-3.89%) while delivering 14-15x higher decompression throughput. This demonstrates L3’s
key design goal: achieving near-optimal compression through learned models while maintaining
GPU-friendly decompression performance.

Table 3. Additional datasets: compressed size (% of original) and decompression throughput (GB/s).

Dataset Tile-DFOR  FLS-Delta nvcomp L3

Site 7.04% / 133.2  10.92% /259.8 3.89%/11.8 4.91%/179.7
Weight 5.14% / 16.3 10.52% / 27.4 0.88% /14  0.95%/20.1
Adult 5.13% / 19.2 9.81% / 31.7 0.73% / 1.8 0.84% / 25.8

5.2.4 Model Selection Analysis. Table 4 presents the model selection distribution across 20 diverse
datasets, revealing how L3’s adaptive partitioner tailors compression strategies to underlying data
characteristics.

L3 selects models by local regularity: LINEAR for near-linear trends, POLY2/POLY3 for smooth
nonlinear segments, CONSTANT/RLE for long runs, and FOR with minimum partitions for high en-
tropy. Linear is 100% LINEAR (Ab = 2.0, Avg=4076, 15.4x); OSM is 100% FOR (Avg=256, Ab = 36.6,
1.75x); Medicare is 100% FOR (Avg=256, Ab = 38.1, 1.68x).
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Fig. 11. Random access throughput comparison.
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Table 4. Partition statistics and model distribution. Avg=average partition size, Ab=residual bits/element.
C/L/P2/P3/F are model distributions. Percentages may not sum to 100 due to rounding.

Dataset N Parts Avg Ab C L P2 P3 F
Group A: High Correlation

Linear 200M 49K 4076 2.0 - 100% - - -
Normal 200M 82K 2451 2.0 - 98% 2% 1% -
Books 200M 411K 487 8.4 - 48% 26% 23% 3%
Wiki 200M 321K 623 5.5 10% 28% 37% 25% -
Planet 200M 532K 376 11.0 - 42% 20% 15% 23%
Libio 200M 51K 3920 12.7 100% - - - -
Group B: Medium Correlation

ML 14M 24K 590 6.1 - 72% 11% 17% -
Poisson 87M 326K 268 28.6 - 9% 2% - 89%
Group C: Low Correlation

Facebook 200M 689K 290 15.9 - 14% 8% 9% 70%
OSM 800M 3.1M 256 36.6 - - - - 100%
Movieid 20M 63K 315 141 - % 9% 5% T17%
House 2.2M 896 2483 10.1 93% 3% 2% 2% -
Medicare 1.5B  59M 256 38.1 - - - - 100%
Group D: Non-Linear Patterns

Cosmos 1M 39K 256 154 N - 31% 69% -
Polylog 10M 58K 1733 5.7 17% 59% 19% 5% -
Exp 200M 378K 529 85 1% 49% 29% 22% -
Poly 200M 368K 543 9.8 3% 49% 29% 19% -
Group E: High Repetition / RLE-Friendly

Site 250K 120 2083 11.2 88% 3% 7% 3% -
Weight 25K 7 3572 129 100% - - - -
Adult 30K 9 3333 129 89% - - - 11%

5.3 End-to-End System Evaluation on SSB

5.3.1  Parallel Random Access. The L3 format’s fine-grained, partitioned layout is designed to sup-
port efficient random access, a weakness of traditional coarse-grained formats. Figure 11 compares
the random-access (RA) query throughput between L3 and Tile. We focus on Tile as it is a state-
of-the-art GPU framework that explicitly supports random access. L3 maintains consistently high
throughput (1.2-2.6 B queries/s), comparable to the lightweight Tile-FOR and significantly outper-
forming the more complex Tile-DFOR and Tile-RFOR variants by 5-10x. These results demonstrate
that L3’s adaptive, cost-optimal learned partitioning preserves high random-access performance
while offering much higher compression efficiency.

To evaluate the end-to-end impact of L3’s design choices in a realistic analytical workload, we
use the Star Schema Benchmark (SSB) [46]. Following prior GPU database studies [2, 4, 13, 52], we
run SSB at a scale factor of 20.

5.3.2  Experimental Setup and Methodology. Baseline Implementation. We compare L3 against
six compression frameworks. For each baseline, we use the original source code and implement
identical SSB query kernels to ensure a fair comparison: (i) HeavyDB [23]: a production GPU data-
base; we use its built-in SQL interface. (ii) Tile [52]: we use the authors’ open-source implemen-
tation with FOR/DFOR/RFOR encodings. (iii) FastLanes-GPU [4]: we use the official GPU imple-
mentation with vectorized bit-unpacking. (iv) GPU-BP [40]: we use the original bit-packing library
and implement SSB queries following the Crystal [13] operator pattern. (v) nvCOMP [45]: we use
NVIDIA’s cascaded compression API (v3.0.6) with BitComp and ANS layers. (vi) Planner [14]: a
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cascaded compressor (FOR+Delta+RLE) with cost-based layer selection; since we could not find a
public codebase, we re-implemented it following the paper’s description.

Query Plan Unification. For selective OLAP queries with typical selectivity rates of 1-15% [29,
48], avoiding unnecessary column decoding is crucial. To isolate the impact of compression for-
mat from query execution strategy, all GPU-based implementations (except HeavyDB) use a uni-
fied query plan with two key optimizations: (i) Early Exit: after each filter stage, we check via
__ballot_sync() whether any thread in the warp has valid tuples; if not, the warp skips subse-
quent column decoding entirely. (ii) Late Materialization: aggregation columns (e.g., lo_revenue,
lo_extendedprice) are decoded only for rows that pass all filter predicates, avoiding unneces-
sary decompression work. This unified plan ensures that performance differences stem from the
underlying compression/decompression efficiency, not from query execution logic.

Data Preprocessing. SSB contains both numeric and string attributes. For clarity, we refer
to integer-typed SSB columns (e.g., lo_orderkey, lo_custkey, lo_quantity) as integer-heavy
attributes. Following standard practice in GPU databases [13, 52], we apply dictionary encoding
to all string columns (e.g., s_region, c_nation, p_brand) during data loading, converting them to
integer codes. Date columns (e.g., Llo_orderdate) are stored as integers in YYYYMMDD format. All
frameworks compress and query the same dictionary-encoded integer columns, ensuring identical
input data across experiments.

Time Measurement. We measure GPU kernel execution time with data already resident in
GPU memory in compressed form. Specifically: (i) For fused frameworks (L3, FastLanes-GPU,
Tile, GPU-BP, Planner), we report the time for the query kernel that performs decompression
and query processing together. All implementations use the same query plan with early-exit and
late-materialization optimizations. (ii) For nvCOMP, we report the sum of decompression time
plus query kernel time, as its API requires fully decompressing columns to global memory before
query processing can begin. (iii) For HeavyDB, we report end-to-end query execution time from
its profiler. Unless otherwise stated, our cross-framework comparisons (Figure 12) exclude host-
to-device transfer and compression time, focusing on the GPU-side execution time under a unified
query plan. We additionally report an end-to-end time breakdown (H2D, hash-table build, kernel,
total) for L3 and FastLanes-GPU in Table 5. Each query is executed 5 times after a warmup run,
and we report the average.

Bz HeavyDB Planner B8 GPU-BP nvCOMP EEE Tile FastLanes-GPU L3

Time Taken (ms)

Fig. 12. Execution time per SSB query.

5.3.3 SSB Query Execution. At A Glance. Figure 12 reports the GPU-side execution time per
query across 13 SSB queries for six baselines—HeavyDB (42.7 ms), nvCOMP (13.9 ms), Planner
(4.7 ms), GPU-BP (4.1ms), and Tile (3.8 ms, FastLanes-GPU (1.20 ms)—alongside L3 (1.14ms). L3
achieves the lowest average latency, outperforming Tile by 3.3x on average and up to 6.1x on
Q1.3. Both L3 and FastLanes-GPU complete all queries in under 2.5 ms, setting a new performance
ceiling for GPU-native analytical compression.
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Table 5. SSB end-to-end time breakdown by query group (ms): H2D transfer, hash-table build (HT), GPU
kernel (Kern), and total. L3 vs FastLanes-GPU with unified query plans.

L3 FastLanes-GPU
Query | H2D HT Kern Total | H2D HT Kern Total

Q1.X 32.10  0.00 0.37 32.47 | 33.70 0.00 044 34.14
Q2.X 58.50 0.83 124 60.57 | 6140 0.81 1.07  63.30
Q3.X 54.30 0.80 1.17 5630 | 57.00 0.83 1.20  59.03
Q4X 84.30 142 1.80 87.58 | 88.50 1.44 2.08  92.06

Avg ‘57.30 0.79 1.14 59.23 ‘ 60.15 0.79 1.20 62.13

L3 Time Breakdown. Table 5 reports an end-to-end breakdown across query groups for both
L3 and FastLanes-GPU. Since all baselines use identical query plans (Early Exit + Late Material-
ization), the key differentiator in the GPU-only comparisons is the Kernel time, which reflects the
efficiency of fused decompression and query execution. L3’s kernel time averages 1.14 ms across
all 13 queries, with Q1.X (filter-only) completing in under 0.4 ms. In the end-to-end breakdown,
H2D transfer dominates the total time and scales with compressed data size; L3’s slightly higher
compression ratio yields ~5% lower H2D time.

Summary. Across the full SSB workload, L3 achieves 37x lower latency than HeavyDB and 3-
12x Jower than other GPU compression frameworks. The unified query plan ensures these gains
stem from L3’s format efficiency—learned residuals, adaptive partitioning, and metadata-driven
pruning—rather than execution-level differences.

5.4 Format Trade-off Analysis

To clarify the design space of GPU lightweight compression, we provide a comprehensive compar-
ison of feature support and practical trade-offs across formats. Table 6 compares feature support.
Only L3 provides all six capabilities: GPU encoding, GPU decoding, random access, adaptive mod-
els, adaptive partitioning, and cascaded compression.

Table 6. Comparison of GPU Lightweight Compression Formats. v'= supported, X= not supported.

| nvCOMP  Tile-GPU FastLanes L3

GPU Encoding v X X v
GPU Decoding v v 4 v
Random Access X v v v
Adaptive Models X X X v
Adaptive Partition X X X v
Cascaded Compression 4 4 X v

6 Related Work

From Lightweight To Learned Compression On CPUs. Traditional compression spans dictionary-
based [7, 70], entropy-based [53], and general-purpose block compressors (zstd [41], Gzip [19],
LZ4 [39]). In analytical databases, lightweight codecs such as PForDelta [73] and FSST [7] enable
scan-time decompression and in-place query processing [1, 10, 26] via operator pushdown [11,
21, 34]. Recent work further explores compressed data direct computing, where computation is
performed directly on compressed representations [65-68]. Learned Compression advances this
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line by fitting regression-style models (also used in learned indexes such as RMI [31] and PGM-
Index [16]) and storing residuals, achieving higher ratios [25, 61, 62]. Yet its core mechanism—
adaptive, variable-length partitioning [43, 56, 60, 65]—typically relies on serial, CPU-centric algo-
rithms, which does not map cleanly to massively parallel architectures.

Parallel Data Compression On GPU. GPUs have limited memory but high bandwidth, mak-
ing compression attractive for accelerating analytics. Early GPU systems use multi-pass, cascaded
decompression [14, 35], but intermediate writes to global memory can become bottlenecks [52].
Modern designs shift to tile-based/vectorized execution that fuses decompression with query pro-
cessing [51], enabling specialized bit-packing [40, 52] and data-parallel layouts that remove serial
dependencies in Delta and RLE [2].

GPU Databases And Compression-Aware Query Engines. Recent GPU database systems
show that compression directly impacts query performance and data movement. HippogriffDB [35]
demonstrates GPU-resident OLAP by streaming compressed columns from NVMe into device
memory and overlapping I/O, decompression, and kernel execution. Crystal [13], PumpUp [38],
and AresDB [54] unify caching, I/O, and columnar GPU execution for real-time analytics, while
production engines such as HeavyDB [23] embed vectorized decompression within scan opera-
tors. Quantitative studies further highlight this coupling: lightweight delta or bit-pack schemes
best utilize PCle and NVLink bandwidth [44], whereas heavier codecs can underuse SMs. Mean-
while, warp-cooperative entropy coding can still reach multi-terabyte throughput [58]. Collec-
tively, these works establish a principle central to L3: compression should be an in situ GPU stage,
not a preprocessing step.

7 Conclusion

We presented L3, a GPU-native format for Learned Lightweight Lossless Compression that re-
thinks CPU-oriented designs for massively parallel architectures. L3 provides a GPU-resident
workflow that, once inputs reside on device, unifies data layout, compression, and query execu-
tion within a single framework, with only minor host-side control. By integrating learned model-
ing with warp-cooperative execution, it removes sequential dependency chains and enables high-
throughput, selective decompression on GPUs. Across diverse datasets and workloads, L3 encodes
3-6x faster than Tile and FastLanes-GPU, sustains 1.08-1.90 TB/s decompression throughput, and
reaches up to 77x compression on correlated data while remaining competitive on high-entropy
inputs. On SSB with unified query plans, L3 achieves the lowest average latency and improves
over other GPU compression frameworks by 3-12x. L3 bridges the gap between learned compres-
sion and GPU parallelism, establishing a unified, high-efficiency foundation for next-generation
analytical systems. Beyond compression, L3’s partitioned format metadata (including optional per-
partition bounds) and warp-cooperative primitives provide a reusable substrate for in-situ analyt-
ics over compressed data.
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