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Abstract

While Learned Data Compression (LDC) has
achieved superior compression ratios, balanc-
ing precise probability modeling with system
efficiency remains challenging. Crucially, uni-
form single-stream architectures struggle to
simultaneously capture micro-syntactic and
macro-semantic features, necessitating deep se-
rial stacking that exacerbates latency. Com-
pounding this, heterogeneous systems are con-
strained by device speed mismatches, where
throughput is capped by Amdahl’s Law due
to serial processing. To this end, we pro-
pose a Dual-Stream Multi-Scale Decoupler
that disentangles local and global contexts to
replace deep serial processing with shallow
parallel streams, and incorporate a Hierarchi-
cal Gated Refiner for adaptive feature refine-
ment and precise probability modeling. Fur-
thermore, we design a Concurrent Stream-
Parallel Pipeline, which overcomes systemic
bottlenecks to achieve full-pipeline parallelism.
Extensive experiments demonstrate that our
method achieves state-of-the-art performance
in both compression ratio and throughput,
while maintaining the lowest latency and mem-
ory usage. The code is available at https:
//github.com/huidong-ma/FADE.

1 Introduction

With the rapid evolution of the Internet and
Al-generated content technologies, multi-source
data (spanning text, multimedia, and scientific se-
quences such as genomes and floating-point data) is
experiencing explosive growth at a pace far surpass-
ing Moore’s Law (Sun et al., 2024a,b, 2025c¢,b,a).
This surge imposes tremendous pressure on data
transmission bandwidth and storage infrastructure.
Traditional lossless compression algorithms, repre-
sented by Gzip (Gailly and Adler, 1992), zstd (Col-
let, 2015), and others (Seward, 1996; Deutsch,
1996), rely primarily on heuristic dictionary match-
ing (e.g., LZ77 (Ziv and Lempel, 1977)) or sta-
tistical coding (e.g., Huffman (Huffman, 1952),
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Figure 1: Trade-off between compression ratio and
throughput. Top-right is better.

ANS (Duda, 2013)). However, they struggle to
effectively capture the high-order semantic redun-
dancy in complex data, resulting in limited com-
pression capability.

Recently, deep learning has revolutionized se-
quence modeling, enabling LDC to significantly
outperform traditional methods in compression ra-
tio (Sun et al., 2025b). Despite this progress, bal-
ancing precise probability modeling with system-
level efficiency remains challenging due to two
structural limitations: First, uniform single-stream
architectures struggle to capture heterogeneous
micro-macro patterns using unified parameters.
Consequently, existing methods rely on deep Mul-
tilayer Perceptron (MLP) stacking to approximate
complex distributions, a strategy that inevitably
lengthens computational paths and severely exacer-
bates autoregressive decoding latency. Second, het-
erogeneous systems suffer from systemic through-
put bottlenecks. The inherent speed mismatch be-
tween GPU probability generation and CPU arith-
metic coding causes pipeline stalls, while autore-
gressive serial decoding remains strictly bound by
Amdahl’s Law (Amdahl, 1967), preventing parallel
acceleration and restricting overall throughput.
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In this paper, we propose an efficient learned
data compression method (FADE) that achieves
superior compression ratios and high throughput,
while maintaining low latency and GPU memory
usage. Unlike existing methods, FADE reframes
the modeling of complex dependencies by decou-
pling conventional deep serial processing into shal-
low parallel streams. Specifically, FADE employs a
Dual-Stream Multi-Scale Decoupler (DMD) to dis-
entangle features into a micro-syntactic Convolu-
tional Neural Network (CNN) (LeCun et al., 2002;
Ma et al., 2023a,b) branch and a macro-semantic
MLP branch, and fuses these local and global fea-
tures via the proposed Content-Adaptive Router.
To ensure precise probability estimation, we incor-
porate a Hierarchical Gated Refiner (HGR) that
leverages dynamic gating to inject stream-specific
persistent memory for instance adaptation, while
utilizing a high-capacity network to capture com-
plex global dependencies. Furthermore, to break
autoregressive serial constraints, we design a Con-
current Stream-Parallel Pipeline (CSPP) that hy-
bridizes data parallelism with thread-safe, double-
buffered temporal parallelism. Our contributions
are summarized as follows:

* Dual-Stream Multi-Scale Decoupler. We pro-
pose the DMD, which decouples features into
macro-semantics and micro-syntax, processes
them concurrently via MLP and CNN branches,
and fuses them using a content-adaptive router.

* Hierarchical Gated Refiner. We introduce the
HGR, which performs coarse-to-fine refinement
by constructing stream-aware context and achiev-
ing precise feature memorization and modeling
to optimize the compression ratio.

* Concurrent Stream-Parallel Pipeline. We de-
sign the CSPP, which hybridizes data parallelism
with thread-safe and double-buffered temporal
parallelism, to achieve zero-wait processing and
higher throughput.

* SOTA Performance. Extensive experiments on
standard datasets demonstrate that FADE outper-
forms state-of-the-art methods in both compres-
sion ratio and throughput (see Figure 1).

2 Related Work

LDC methods typically combine a probability pre-
diction model and an entropy coding algorithm.
While the primary focus of current research lies in
constructing accurate and lightweight probability
models, a few recent works have targeted pipeline

optimization to enhance throughput.

Neural Autoregressive Probability Models.
Early research mainly leveraged Recurrent Neural
Networks (RNNs) (Elman, 1990) and their vari-
ants to model sequential patterns. Specifically,
LSTM-Compress (Knoll, 2017), NNCP (Bellard,
2019), DeepZip (Goyal et al., 2018), and Dec-
Mac (Liu et al., 2019) all adopted Long Short-
Term Memory (LSTM) (Sepp and Jiirgen, 1997)
as their prediction model to capture long-range
dependencies. To balance efficiency and per-
formance, DZip (Goyal et al., 2021) proposed
a semi-adaptive framework combining bootstrap
and supporter models. Subsequently, the latest
MSDLC (Ma et al., 2025b) improved modeling
capability by introducing xLSTM (Beck et al.,
2024). With technological evolution, methods
based on Transformers (Vaswani et al., 2017) and
Large Language Models (LLMs) have developed
rapidly. NNCP v2 (Bellard, 2021) achieved ex-
cellent performance through relative positional en-
coding. TRACE (Mao et al., 2022b) significantly
reduced inference latency by introducing a linear
attention mechanism SLiM (Likhosherstov et al.,
2021; Choromanski et al., 2020); LMIC (Delétang
et al., 2023) and LLMZip (Valmeekam et al., 2023)
established new state-of-the-art compression ratios
leveraging pre-trained models but face enormous
computational overhead. Hybrid ensembles like
CMIX (Knoll, 2016) achieve exceptional compres-
sion performance but are practically limited by ex-
cessive computational complexity.

Lightweight Architectures and Feature Re-
finement. To address the slow inference of deep
networks, MLP-based lightweight compression ar-
chitectures such as OREO (Mao et al., 2022a) and
PAC (Mao et al., 2023) have become a research
hotspot, substantially boosting speed through mask-
ing and caching mechanisms. Recent research has
further explored MLP potential to enhance feature
representation. MSDZip (Ma et al., 2025a) de-
signed a local-global-deep mixing block to stabilize
cold-start training. SEP (Wan et al., 2025) intro-
duced a semantics enhancement module to capture
complex intra-patch relationships. EDPC (Lu et al.,
2025) proposed a dual-path framework and a latent
transformation engine to enrich feature flow and
reduce GPU memory usage.

Parallelism and System Optimization. Beyond
model architecture, parallelism is key to improving
throughput. In terms of data parallelism, MSDLC
introduced a parallel expansion mapper for chunk-
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Figure 2: Overview of the proposed method. The embedded input X is disentangled into local and global contexts
by the DMD, then fused and dynamically refined by the HGR to generate the final representation H.

based data processing, while MSDZip proposed a
stepwise-parallel strategy to accelerate large-scale
data compression using multiple GPUs. Regarding
pipeline optimization, SEP designed multi-stream
pipelines, effectively masking I/O and transmis-
sion latencies. EDPC further decoupled probability
prediction from arithmetic coding, realizing hetero-
geneous GPU-CPU parallelism.

3 Method

3.1 Preliminaries

Problem Formulation. LDC aims to map a dis-
crete sequence of symbols S {z1,..., 2}
into the shortest bitstream. According to Shan-
non’s source coding theorem, the expected coding
length is lower-bounded by the entropy H(S) =
— > P(S)log, P(S). Since the joint probability
decomposes as P(S) = [[, P(x¢|r<;), approach-
ing this theoretical limit relies on the accurate esti-
mation of the conditional probability P(x¢|z<;).
Autoregressive Framework. As shown in Alg. 1,
to approximate this theoretical limit, LDC adopts
an autoregressive framework including two phases:
* Compression Phase. At step ¢, the network M
processes the history context x; to predict the
conditional distribution p;. An entropy encoder
(e.g., Arithmetic Coding (Witten et al., 1987))
then utilizes this probability estimate to compress
the target symbol x; into the bitstream.
* Decompression Phase. Operating as the inverse
process while maintaining strict causality, the

decoder employs the identical network M on

the previously decoded context to reconstruct

P¢. Subsequently, the entropy coding algorithm

recovers x; from the bitstream and appends it to

the history for the next iteration.

Building upon this autoregressive framework,
we propose FADE. The overall architecture is il-
lustrated in Figure 2. The subsequent sections will
elaborate on the primary innovations within our
predictor design.

3.2 Dual-Stream Multi-Scale Decoupler

Analysis. Information-theoretic studies (Shannon,
1948; Khandelwal et al., 2018) reveal that data se-
quences exhibit dual dependency patterns: micro-
syntactic dependencies governed by local regular-
ities (e.g., N-gram patterns) and macro-semantic
dependencies spanning long-range context, empiri-
cally verified in Figure 3. Existing LDC methods
primarily employ MLPs for rapid inference. How-
ever, the single-stream MLP inherently functions
as a full-scale mixer, attempting to fit these het-
erogeneous features using a shared set of parame-
ters. As illustrated in Figure 3 (c), this results in
a diffuse saliency distribution that fails to capture
sharp micro-syntactic fluctuations, leading to multi-
scale interference. To compensate for this lack of
specialized inductive bias, existing methods are
often compelled to stack deeper layers to approx-
imate complex distributions. While this strategy
marginally improves representation, the increased
computational depth forces a long sequential exe-
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Figure 3: Verification of dual dependency patterns on Silesia. (a) Mutual information decay exhibits a sharp initial
drop (micro-syntactic) followed by a persistent non-zero tail (macro-semantic). (b) The self-similarity matrix
corroborates this observation via a prominent diagonal band and recurring off-diagonal blocks. (c) Feature saliency
heatmaps of the Global and Local streams, illustrating the distinct patterns captured by each branch.

cution path, directly translating to higher latency.
Design. We propose the Dual-Stream Multi-Scale
Decoupler (DMD). By implementing explicit fea-
ture decoupling, DMD processes features via par-
allel streams with distinct inductive biases. Cru-
cially, this design simultaneously compensates for
saliency dilution and replaces deep serial stacking
with shallow parallel execution. Formally, given
the input sequence embedding X, € REXT*D
(with batch size B, time steps T, and embedding
dimension D) and the flattened normalized input
X € RBX1XDh (where D), = T x D), the process-
ing workflow is formulated as follows:

(1) Global Stream for Macro-scale Modeling.
Dedicated to macro-semantic modeling, this stream
employs a GeGLU-based Rolling Cache (Dauphin
et al., 2017; Shazeer, 2020; Mao et al., 2023; Lu
et al., 2025) to capture long-range dependencies.
This design enhances the nonlinear expressivity of
historical context while maintaining inference ef-
ficiency. Specifically, we maintain a latent cache
M € RB*1XDeache which is updated at step ¢ by
integrating the latest feature via a rolling operation:

GeGLU(X;) = ¢(XiW,) © (XiW,) (1)
M, = Roll(M,_,GeGLU(X;))  (2)

where X; € RP*1*D denotes the embedding of
the latest symbol (i.e., the last D channels of the
input X'), ® denotes element-wise multiplication,
and v is the GeLU activation function (Hendrycks
and Gimpel, 2016). The updated cache is then
projected back into the output space to yield the
global feature Hjoha € REX1xDp.

Hglobal = w(Mth) + )\m - X (3)

where W,,, € RPeceXDn denotes the projection
matrix, and A, is a learnable residual scaling fac-
tor initialized to 1.

(2) Local Stream for Micro-scale Modeling. To
address the multi-scale interference, we introduce
a lightweight Local Stream serving as a micro-
syntactic decoupler. This branch employs a 1D
convolution (Bai et al., 2018) to impose a strong
local inductive bias, yielding the local feature
Hjyq € REBX1xDh.

Hjoca = Flatten(¢)(Conv(LN(Xemp))))  (4)

where LN(-) denotes Layer Normalization (Ba
et al., 2016). As illustrated in Figure 3 (c), this
branch exhibits a sharply localized response pattern.
It precisely captures micro-syntactic N-gram pat-
terns while filtering out long-range noise, thereby
successfully offloading the syntactic matching task
from the global stream.

(3) Content-Adaptive Router. To achieve dy-
namic fusion of multi-scale features, we introduce
a Content-Adaptive Router. This module generates
routing weights o € RB*1*Pr conditioned on the
input context via a matrix W, € RP»*Dh:

a=o(XW,) 5)

where o represents the Sigmoid activation function.
The final fused representation Hy,ix € RBX1xDp
is computed as:

Hpx =a 0 Hglobal + (1 - a) © Higca  (6)

3.3 Hierarchical Gated Refiner

Analysis. While the DMD effectively integrates
multi-scale features along the temporal dimension,
its reliance on globally shared parameters limits its
adaptability to the non-stationary feature distribu-
tion shifts inherent in online compression. In real-
world scenarios, instance-specific context exhibits
highly heterogeneous channel interaction patterns.
Consequently, shared weights fail to achieve deep
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instance adaptation. Crucially, merely increasing
network depth to capture these variations is ineffec-
tive; without selective filtering, it amplifies noise,
compromising the probability estimation.

Design. To tackle these challenges, we introduce
the Hierarchical Gated Refiner (HGR). This mod-
ule adopts a cascaded strategy transitioning from
coarse-grained channel interaction to fine-grained
nonlinear refinement, facilitating deep instance
adaptation by selectively enhancing high-order se-
mantic features while suppressing noise propaga-
tion. Formally, given H p;, € REX1XDn;

(1) Coarse-grained Channel Interaction. HGR
captures global correlations via Block Matrix Mul-
tiplication. Crucially, since we employ online
adaptation with stateful batching, the batch index
k corresponds to a fixed data stream. Thus, we
define Wiy € RB*dnxdn a5 a persistent mem-
ory, where the k-th slice evolves via backpropa-
gation to capture unique patterns. This effectively
achieves sample-adaptive channel mixing, thereby
tailoring channel interactions to each specific in-
put. We denote the resulting adaptive feature as
Ha c RB X1Xx Dy .

H, = Up(BMM (Down(LN(Hnix)), Wir)), (7)

where Down(-) and Up(-) denote the
dimensionality-reducing and expanding projections
(mapping between Dy, and dy), respectively (Lu
et al., 2025). To mitigate noise accumulation
from high-order interactions, HGR employs a
content-aware self-gating mechanism to selectively
suppress irrelevant features, yielding Hcoarse Via a
matrix W, € RP»xDn;

Hoorse = (Ha ®© U(Hmich)) + A Hmi)n (8)

(2) Fine-grained Nonlinear Refinement. Build-
ing upon the coarse-grained interaction, we fur-
ther conduct element-wise feature refinement via
GeGLU and a projection matrix Wy € RP=xDPr,
yielding the expanded representation Hexpang and
the final output H € RE*1XDn;

Hexpand — GeGLU(LN(HcoaIse)) (9)
H = Q!)(LN(IJexpandVVf)) + Ao - Heoarse  (10)

3.4 Concurrent Stream-Parallel Pipeline

Analysis. While advanced pipelines (Wan et al.,
2025; Lu et al., 2025) mask device heterogeneity,
they suffer from a critical limitation: Asymmetry

A
s
g P, w E; 1w Py 0 Eiq 0 P, 10
EE P, wi P, wh, P, wi, P, wh, P, wi
S i B Wi Bypg Wie Bz Wis g Wi
23
— B A B A B
Kz 8 R, B; 1 R BE; RL Ejq R B9 R Eiig
£
0
£ ’ »
8<=5 Pi /0% 110 PZ-Jr1 ”O?E‘ 110 PZ-Jr2 |/o_[§. 110 -Pi+3
<
a

A\ 4

Timeline

Figure 4: Illustration of execution strategies: Serial,
Temporal Parallelism, and Data Parallelism. P and
denote the probability distribution prediction executed
on the GPU and the entropy coding process performed
on the CPU, respectively. W4/5 and R*/® represent
writing to and reading from Buffer A/B, respectively.

of Parallelism. Existing methods accelerate com-
pression but often revert to strictly serial execu-
tion during decompression due to autoregressive
causality (i.e., xy depends on x ;). This results in a
performance imbalance where decompression lags
significantly behind.

Design. To address this, we propose the Concur-
rent Stream-Parallel Pipeline (CSPP), a framework
that synchronizes execution strategies across tem-
poral and data dimensions (Figure 4).

(1) Temporal Parallelism. To bridge the speed
mismatch, we implement an asynchronous pipeline
with thread-safe ping-pong buffering. This de-
sign decouples producer-consumer threads into iso-
lated memory regions. Unlike single-buffer queues
prone to locking overhead, our zero-copy pointer
swapping strategy eliminates memory contention.
Crucially, this allows the GPU to continuously pre-
fetch the next chunk while the CPU processes the
current one, masking transmission latency.

(2) Data Parallelism. To resolve the autoregres-
sive bottleneck, we tailor the data parallelism strat-
egy specifically for the autoregressive workflow
via a micro-step mechanism. We partition the in-
put stream into N independent sub-streams to cir-
cumvent sequential dependency. While each sub-
stream maintains internal causality, we orchestrate
N workers to execute them concurrently via a dual-
barrier protocol. This effectively transforms the
complexity from strictly serial O(B) to parallel
O(B/N), boosting overall throughput to match
the efficiency of compression.

In the compression phase, we integrate both Tem-
poral and Data Parallelism to maximize throughput.
In the decompression phase, due to autoregressive
causality, we rely exclusively on Data Parallelism.
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Dataset Type Size (MB) Hartley (Hy)
Enwik9 text 954 7.69
LJSpeech audio 281 8.00
TestImages image 449 8.00
UVG video 890 7.79
CESM float 954 8.00
DNACorpus genome 654 2.00
Silesia heterogeneous 202 8.00

Table 1: Statistical information of the datasets. Hy =
log|.A|, where A represents the alphabet set.

4 Experiments

4.1 Setup

Dataset. We employs representative datasets span-
ning 7 distinct domains, including Enwik9 (Ma-
honey, 2006), LJSpeech (Ito and Johnson, 2017),
TestImages (Rawzor, 2008), UVG (Mercat et al.,
2020), CESM (Zhao et al., 2020), DNACor-
pus (Pratas and Pinho, 2019), and Silesia (Deorow-
icz, 1985). Details are provided in Table 1.
Baselines. We compare our algorithm with
10 baselines, including 4 classic traditional al-
gorithms: Gzip, 7z (Pavlov, 1999), zstd, and
PBZip2 (Gilchrist, 2003); and 6 advanced online
LDC algorithms: DZip, TRACE, PAC, MSDZip,
EDPC, and SEP (based on PAC). Notably, to en-
sure a fair comparison at the algorithmic level, we
forgo the multi-GPU setups used in MSDZip and
SEP and instead evaluate all methods on a single
GPU using PyTorch’s default kernels.

Metrics. In this paper, we evaluate performance us-
ing Compression Ratio (CR) and Throughput (TP).
Settings. To ensure fair comparison, we set the
batch size to 512 for all algorithms; all other hyper-
parameters follow their default settings. Consistent
with the advanced method EDPC (Lu et al., 2025),

we set the time steps to 16 and the embedding di-
mension to 32.

All experiments were conducted on a server
equipped with an AMD EPYC 7402 24-Core Pro-
cessor, and 4 x NVIDIA GeForce RTX 4090 GPUs.
The server runs Ubuntu 22.04.5 LTS.

4.2 Results

4.2.1 Compression Ratio

We evaluate the CR of all methods on 7 datasets
in Table 2. Overall, LDC methods significantly
outperform traditional approaches. Among base-
lines, DZip and TRACE are constrained by limited
dependency modeling or attention approximations.
While PAC and MSDZip improve performance via
masking strategies, and EDPC achieves a strong
average CR of 3.667, FADE outperforms these ap-
proaches, establishing a new state-of-the-art with
an average CR of 3.716. Benefiting from the macro-
micro feature decoupling and hierarchical gated re-
finement, FADE captures multi-scale features more
precisely, yielding remarkable gains on Enwik9
(6.288) and Silesia (5.400).

4.2.2 Throughput

Table 3 shows that FADE achieves the highest total
throughput of 4347 KB/min, outperforming base-
lines by margins ranging from 25.6% to 525.5%.
This disparity stems from pipeline architectures:
conventional methods (e.g., PAC) are capped by
serial stop-and-wait overheads, while EDPC is bot-
tlenecked by serial decompression (2856 KB/min)
despite parallel compression. In contrast, FADE
utilizes CSPP to achieve full-pipeline parallelism.
Crucially, by breaking autoregressive constraints

Method Venue Enwik9 LJ Spe.ech Teftlmages U.VG CESM DNACorpus Silesia Average?
text audio image video  float genome hete.
Traditional Compressor
Gzip - 3.100 1.168 1.359 1.578  1.369 3.685 3.133 2.199
7z - 4.689 1.370 1.670 1.887 1.829 4.450 4.352 2.892
PBZip2 - 3.936 1.363 1.723 2.054 1413 3.805 3.878 2.596
zstd - 4.249 1.238 1.524 1.819  1.404 4276 4.008 2.645
Learned Compressor

DZip DCC’21 5.758 1.257 2.146 2456  2.488 4.448 4.661 3.316
TRACE WWW’22  5.142 1.783 2.290 2336  2.696 4.278 4.517 3.292
PAC DAC’23 5.815 1.734 2.380 2416 2230 4.440 4.987 3.429
MSDZip WWW’25  5.987 1.853 2.386 2411  2.765 4.459 5.149 3.573
SEP IJCAI'25 6.129 1.858 2.376 2425 2859 4.443 5.120 3.601
EDPC MM’25 6.176 1.879 2.392 2520 2910 4472 5.321 3.667
FADE (Ours) - 6.288 1.880 2.402 2.603 2.939 4.503 5.400 3.716

Table 2: Compression ratios 1 of all 11 compressors on 7 datasets. Bold values denote the best results.

7156



Method Pipeline Throughput (KB/min){ Impr. | FLOPs| Params| Latency)] PGMUJ
(Cmp. | Decmp.) | Cmp. Decmp. Total (%) (G) (M) (ms) (GB)
DZip Serial | Serial 466 1365 695 5255 16.56 26.18 1.98 0.496
TRACE Serial | Serial 2755 2187 2438 783 9.13 2.37 1.87 0.431
PAC Serial | Serial 2898 2349 2595 675 4.33 8.48 1.63 0.386
MSDZip Serial | Serial 1988 1814 1897 129.2 6.52 12.72 2.63 0.563
SEP Parallel | Serial 1954 1636 1781  144.1 5.41 10.57 2.26 1.053
EDPC Parallel | Serial 4391 2856 3461  25.6 7.10 13.84 1.09 0.394
FADE (Ours)  Parallel | Parallel | 4571 4144 4347 - 7.83 15.20 1.01 0.367

Table 3: Efficiencies of LDC methods on Silesia. PGMU represents Peak GPU Memory Usage.

TP (KB/min)1

Module Base + CR?T Cmp. Decmp. Total
DMD MLP 3412 6353 4853 5502
CNN 4.086 5600 4372 4910

777777 CClw/o gate 4.408 4983 3995 4435
HGR  CCIw/gate 4.565 4755 3836 4246
FNR 5400 3730 3188 3438

CCSPP CSPP 5400 4571 4144 4347

Table 4: Ablation study on the progressive integration
of proposed components on Silesia.

via Concurrent Data Parallelism, FADE reduces de-
coding complexity from O(B) to O(B/N). This
boosts decompression throughput to 4144 KB/min
(45.1% higher than EDPC), ensuring balanced and
maximized system efficiency.

4.2.3

Table 3 compares the computational efficiency of
all models. The RNN-based DZip exhibits the high-
est FLOPs and parameter count, while TRACE suf-
fers from high FLOPs. MSDZip and SEP show
high Latency and PGMU. Notably, despite higher
parameter count due to DMD and HGR, FADE
achieves the lowest Latency and PGMU. This effi-
ciency stems from the parallel execution of DMD
branches and the use of fewer, computationally
denser modules (large matrix operations) rather
than deep stacking. This design minimizes kernel
launch overhead, enabling superior compression
and faster inference simultaneously.

Model Performance

4.3 Ablation Studies

4.3.1 Effectiveness of Components

To investigate the efficacy of each component, we
conduct a progressive ablation study on the Sile-
sia dataset, starting from the baseline model. De-
tailed results are provided in Table 4. Building
on the MLP baseline, DMD utilizes local convolu-
tions to resolve multi-scale interference, elevating
the CR from 3.412 to 4.086. Subsequently, the
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Figure 5: Analysis of different settings on Silesia.

integrated HGR employs coarse-grained channel
interaction and fine-grained nonlinear refinement
to facilitate deep instance adaptation while effec-
tively suppressing noise propagation, significantly
propelling the CR to 5.400. However, the asso-
ciated computational overhead reduces the TP to
3438 KB/min. Finally, by applying the CSPP we
resolve this system bottleneck via fine-grained par-
allel optimization. This restores the Total TP to
4347 KB/min (representing a substantial 26.4%
gain) while preserving optimal compression per-
formance, achieving a superior balance between
efficiency and effectiveness.

4.3.2 Impact of Hidden Dimensions

We determine optimal model capacity via a grid
search on Silesia, varying the hidden dimensions
of Rolling Cache (Cachegjy,) and FNR (FNRgjy,)
from 2048 to 16384. As shown in Figure 5, larger
dimensions improve CR at the cost of latency. To
identify the optimal trade-off among Pareto candi-
dates, we calculate the Weighted Normalized Score
which is defined as:

CR — CR TP — TP,

min 4 (1

min (11
CRmax — CRmin

Score = w - e
TPmax — TPmin

7&))

where w = 0.5 balances the metrics, and min/max
denote search space extremes. Under constraints
of CR > 5.30 and TP > 70 KB/s, the combination
of Cachegin,=4096 and FNRy;,=8192 yields the
highest score (0.639). Consequently, we adopt this
configuration as the default for all evaluations.
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(b) NLL vs. Router Activation

(c) TP vs. Num of Workers (d) TP vs. Batch Size
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Figure 6: (a-b) NLL characteristics of the dual-stream architecture. (c-d) Impact of worker count and batch size on
throughput. CT/DT and CTP/DTP denote Running Time and Throughput of Cmp./Decmp.

4.3.3 Single-Stream vs. Dual-Stream

To quantify the efficacy of the Dual-Stream
Multi-Scale Decoupler, we employ Negative Log-
Likelihood (NLL) to assess distribution fitting ca-
pability. The average NLL is defined as

T
1
LNLL = —7 Z In P(x¢|z<t) (12)

t=1

Figure 6 (a) illustrates the NLL gains (AnLL =
Lsingle — Lpuar) of the dual-stream architecture over
single-stream baselines. The significant gain over
the MLP baseline confirms the local stream effec-
tively offloads micro-syntactic tasks. Meanwhile,
the advantage over CNN indicates that N-gram fea-
tures alone are insufficient for modeling complex
semantics. Thus, the dual-stream design establishes
a benchmark unattainable by isolated architectures.
Furthermore, Figure 6 (b) reveals the correlation
between router activation and prediction difficulty,
exhibiting an inverted-U trend. Both ends corre-
spond to confidence zones with low NLL, demon-
strating accurate routing to specialized branches.
Conversely, peak NLL concentrates in the central
ambiguity zone. Notably, the gap in the left re-
gion validates the local branch’s decisive role in
correcting micro-blind spots of the global model.

4.3.4 Scalability and Generalizability of CSPP

We investigate the impact of worker count and
batch size on throughput, shown in Figure 6 (c)
and (d). First, with batch size fixed at 512, in-
creasing workers significantly increases both de-
compression TP (DTP) and total TP. The growth
exhibits diminishing marginal returns, peaking at
4347 KB/min with 8 workers, which verifies the
critical role of Data Parallelism in accelerating de-
coding. Conversely, CTP remains largely insensi-
tive to worker count due to its reliance on Tempo-
ral Parallelism. Notably, a slight decline in CTP

Pipeline TRACE PAC MSDZip SEP EDPC

Standard 2438 2595 1897 1781 3461
w/ CSPP (Ours) 3130 3260 2295 2046 4257

Impr. (%) 28.38 25.63 2098 14.88 23.00

Table 5: Analysis of the CSPP across LDC methods.

is observed at 8 workers, attributed to increased
scheduling overhead and resource contention from
managing threads. Consequently, we adopt 8 work-
ers as the default for FADE. Second, fixing worker
count at 8, both serial and parallel total TP increase
with batch size. However, the parallel configuration
exhibits much steeper growth, widening the perfor-
mance gap against the serial baseline. Throughput
saturates at a batch size of 8192, reaching a peak of
11,216 KB/min. This scalability confirms the effi-
cacy of CSPP in maximizing hardware utilization.

To validate CSPP as a generic framework, we
integrated it into baselines. As shown in Ta-
ble 5, CSPP delivers consistent gains ranging from
14.88% to 28.38% across all methods. Notably, it
accelerates serial baselines by enabling temporal
and data parallelism. Crucially, CSPP even boosts
the parallel-optimized EDPC by 23.00%, proving
its portability in resolving residual bottlenecks.

5 Conclusion

In this paper, we propose FADE, a general-purpose
lossless data compressor that establishes a new
state-of-the-art. FADE incorporates the Dual-
Stream Multi-Scale Decoupler to decouple fea-
tures and integrates the Hierarchical Gated Refiner
for precise refinement. Furthermore, we propose
the Concurrent Stream-Parallel Pipeline, which re-
solves the serial processing bottleneck and signif-
icantly boosts throughput. Experiments demon-
strate that FADE achieves superior CR compared
to baselines, while simultaneously maintaining the
highest throughput and lowest GPU memory usage.
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Limitations

Currently, Compression Ratio and Throughput
stand as the paramount metrics in modern data
compression. The design philosophy of FADE pri-
oritizes these core objectives to meet stringent prac-
tical deployment demands. To eliminate the pro-
hibitive serial processing bottleneck, FADE transi-
tions strategically from a conventional deep serial
architecture to a shallow parallel dual-stream frame-
work via feature decoupling, hierarchical gated re-
finement, and a parallel pipeline. This architectural
shift results in a marginal increase in FLOPs and
parameters compared to LDC baselines other than
DZip, as shown in Table 3. We consider this a
deliberate trade-off necessary to achieve maximal
parallelism. Crucially, this theoretical increase in
computational cost does not impede real-world ef-
ficiency; as evidenced by our experiments, FADE
maintains the lowest inference Latency and Peak
GPU Memory Usage, successfully translating par-
allel computational capacity into superior speed.
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A Algorithm Description

The procedure of the online LDC method is outlined in Algorithm 1. The model requires no pre-training;
instead, parameters are initialized randomly and updated via backpropagation at each step (Line 9), which
is synchronously replicated by the decoder to guarantee lossless reconstruction.

Algorithm 1: Compression Process of LDC method

Input: Byte Stream S = {xi}ﬁlo_l, Time Step ¢

Output: Compressed File

P < Initialize the Probability Predictor;

FE <+ Initialize the Arithmetic Encoder;

fori =0tot—1do

p(z;) < Average probability ﬁ;

e(x;) < Apply E to encode x; according to p(z;);

fori =tto|S|—1do

p(xi|Ti—t,...,zi—1) < Get probability of x; using P;

€(x;) + Apply E to encode x; according to p(z;);
Backpropagate to update P to minimize the loss;

[V I O

e e 9

10 Write binary data {e(z;)} Li‘o_ ! to the file ®;

B Dataset Description

The detailed descriptions and links of used multi-source datasets are shown in Table 6.

Dataset Type Description Link
Enwik9 text First 107 bytes of the English Wikipedia dump on 2006. Page
LJSpeech audio First 10,000 files of the LISpeech audio dataset. Page
Testlmages image A classical 8-bit benchmark dataset for image compression evaluation. Page
UvG video The video ShakeNDry from the UVG benchmark featuring 1080p 8-bit YUV format. Page
CESM float First 10° bytes of floating-point data from the CESM-ATM climate dataset. Page
DNACorpus  genome A corpus of DNA sequences from 15 different species. Page
Silesia  heterogeneous A heterogeneous corpus of 12 files covering various file formats. Page

Table 6: Descriptions and links of multi-source datasets.
C Detailed Information of Baselines

The implementation details and characteristics of the baselines are show in Table 7.

Method Ref. Version Language Methods Link
Traditional Compressor
Gzip (Gailly and Adler, 1992) 1.10 C/C++ LZz77, HC Page
7z (Pavlov, 1999) 24.08 C/C++ LZ77, AC Page
PBZip2 (Gilchrist, 2003) 1.1.13 C/C++ BWT, HC Page
zstd (Collet, 2015) 1.5.6 C/C++ Lz77, HC Page
Learned Compressor
DZip (Goyal et al., 2021) 1.0 Python RNN, AC Page
TRACE (Mao et al., 2022b) 1.0 Python Transformer, AC Page
PAC (Mao et al., 2023) 1.0 Python MLP, AC Page
MSDZip (Ma et al., 2025a) 1.0 Python MLP, AC Page
SEP (Wan et al., 2025) 1.0 Python MLP, AC Page
EDPC (Lu et al., 2025) 1.0 Python MLP, AC Page
FADE - 1.0 Python MLP, CNN, AC Page

Table 7: Implementation details and characteristics of the baseline methods. LZ77: repeated strings are coded
by offset and length of previous occurrence; HC: Huffman Coding; BWT: Burrows-Wheeler Transform; AC:
Arithmetic Coding.
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D More Experimental Results

D.1 Progressive Ablation Analysis via Loss Trends

In Section 4.3.1, we quantitatively validated the effectiveness of each component using CR. To provide a
more intuitive verification, we further analyze the validation loss trajectories throughout the inference
process, as visualized in Figure 7. The pure MLP baseline exhibits the highest entropy and significant
volatility, highlighting the inherent instability of relying solely on global features. Notably, introducing
the CNN-based local stream triggers a sharp reduction in loss, confirming the validity of the dual-stream
decoupling strategy. Furthermore, the gated CCI variant consistently outperforms the non-gated version,
proving that the gate effectively filters noise. Finally, the integration of the FNR achieves the lowest loss
floor and the most stable convergence trajectory.

3.5
—— MLP (Base)
—— +CNN
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Figure 7: Model loss trajectories of progressive ablation study.

D.2 Analysis of Content-Adaptive Router

To verify the effectiveness of the Content-Adaptive Router, we visualize the dynamic variation of the
routing weight « in the first 200 inference steps. As shown in Figure 8 (a), the router value exhibits
high-frequency fluctuations (ranging from 0.278 to 0.546) rather than converging to a static constant.
This rapid oscillation confirms the router’s sensitivity to micro-contextual changes, allowing it to adjust
the fusion strategy symbol-by-symbol. Consistent with these statistics, the distribution in Figure 8 (b)
displays a unimodal pattern concentrated around this mean value. This indicates a general preference for
the Local Stream while retaining the flexibility to incorporate global context when necessary.

10 (a) Router Variation in First 200 Time Steps (b) Router Value distribution
. 8<
—— Router Value
---- Mean: 0.370
0.81 Mean=+Std
g
50.61 Max: 0.546
>
&
30.41
14
0.2 Min: 0.278
0.0 : . : ; ; ; ; oA
0 25 50 75 100 125 150 175 200 0.3 0.4 0.5 0.6
Inference Step Average Router Value

Figure 8: Analysis of the content-adaptive router value dynamics.
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D.3 Impact of Batch Size on CR

To ensure a fair comparison with existing baselines, we set the default batch size to 512 for the primary
evaluation in Section 4, consistent with their standard settings. Furthermore, we extend our investigation to
analyze the impact of batch size on the CR across multi-source datasets, with detailed results presented in
Table 8. The results indicate that larger batch sizes generally favor compression performance. Specifically,
the model achieves the optimal average CR of 3.755 and 3.754 at batch sizes of 4096 and 8192, respectively.
Breaking this down by domain, datasets like Enwik9, UVG, and DNACorpus peak at a batch size of 8192.
In contrast, the heterogeneous dataset Silesia achieves its best compression at a smaller batch size of 1024,
followed by a gradual decline.

. Enwik9 LJSpeech TestlImages UVG CESM DNACorpus Silesia FLOPs PGMU
Batch Size Avg. CR

text audio image video float genome hete. G) (GB)

512 (default)  6.288 1.880 2.402 2.603 2.939 4.503 5.400 3.716 7.83 0.367
1024 6.365 1.884 2.407 2.613 2.952 4.515 5.409 3.735 15.65  0.509
2048 6.423 1.888 2410 2.623 2951 4.548 5.390 3.748 31.31  0.796
4096 6.465 1.888 2411 2.631 2954 4.566 5.371 3.755 62.61 1.375
8192 6.491 1.887 2.409 2.643 2.948 4.568 5.335 3.754 12522 2.532
16384 6.486 1.883 2.404 2.639 2936 4.561 5.268 3740 | 25044  4.847

Table 8: Impact of batch size on compression ratio and performance.

To investigate the root cause of this divergence, we visualized the local entropy variations for Enwik9
and Silesia in Figure 9. As observed, Enwik9 exhibits consistent high-frequency fluctuations, indicating
a stationary data distribution. Conversely, Silesia displays abrupt jumps and distinct blocky patterns,
reflecting its non-stationary and highly heterogeneous nature. This suggests that for stationary sequences,
larger batch sizes provide stable global statistics that enhance the HGR’s refinement capability. However,
for non-stationary data, excessive batch expansion dilutes local distinctiveness, making smaller batches
more effective for capturing rapid distribution shifts.

(a) Local Entropy Variation of Enwik9 (b) Local Entropy Variation of Silesia
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Figure 9: Analysis of datasets via local entropy.

Notably, this scaling benefit is not unbounded. When the batch size increases further to 16,384, the
CR degrades across all datasets compared to 8192. This is attributed to context fragmentation, where
the cumulative overhead from cold starts outweighs the statistical benefits. Consequently, for practical
deployments, we recommend setting the batch size to 4096 or 8192 (contingent on hardware capacity) to
achieve an optimal equilibrium between superior compression density and maximum throughput.
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