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Abstract001

Lossless compression has made significant ad-002
vancements in Genomics Data (GD) storage,003
sharing and management. Current learning-004
based methods are non-evolvable with prob-005
lems of low-level compression modeling, lim-006
ited adaptability, and user-unfriendly interface.007
To this end, we propose AgentGC 1, the first008
evolutionary Agent-based GD Compressor,009
consisting of 3 layers with multi-agent named010
Leader and Worker. Specifically, the 1) User011
layer provides a user-friendly interface via012
Leader combined with LLM; 2) Cognitive layer,013
driven by the Leader, integrates LLM to con-014
sider joint optimization of algorithm-dataset-015
system, addressing the issues of low-level mod-016
eling and limited adaptability; and 3) Com-017
pression layer, headed by Worker, performs018
compression & decompression via a automated019
multi-knowledge learning-based compression020
framework. On top of AgentGC, we design021
3 modes to support diverse scenarios: CP for022
compression-ratio priority, TP for throughput023
priority, and BM for balanced mode. Compared024
with 14 baselines on 9 datasets, the average025
compression ratios gains are 16.66%, 16.11%,026
and 16.33% , the throughput gains are 4.73×,027
9.23×, and 9.15×, respectively.028

1 Introduction029

Genomic Data (GD), consisted of {A, C, G, T},030

plays a crucial role in precision medicine, virus031

tracing, and new drug development (Sun et al.,032

2025a; Cheng and Hui, 2023). Recently, with033

the advancement of AI-driven bio-informatics034

Large Language Models (LLMs) such as Al-035

phaFold2 (Yang et al., 2023b), GENERanno (Li036

et al., 2025a), and GenomeOcean (Zhou et al.,037

2025), along with third-generation genome se-038

quencing technologies, GD has entered an era of039

massive big data (Ma et al., 2023; Sun et al., 2025c).040

1https://anonymous.4open.science/r/AgentGC-C0F7.
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Figure 1: (a) The traditional non-evolutionary learning-
based and (b) the proposed evolutionary scheme in
AgentGC, which realizes collaborative modeling of
“Algorithm-Dataset-Hardware”.

For example, as of January 2026, the China Na- 041

tional GeneBank Sequence Archive has backed up 042

over 18,441.33 TB of big GD 2. As a result, this 043

presents significant challenges for GD storage and 044

management. AI-based compression technology is 045

an effective approach to alleviating this dilemma. 046

Although several multi-modal data compres- 047

sors like MSDZip (Ma et al., 2025a) and 048

LLMZip (Valmeekam et al., 2023) have been pro- 049

posed, they fail to leverage the redundancy charac- 050

teristics of GD for dedicate optimization, resulting 051

in suboptimal compression ratio and throughput. 052

Fortunately, GD-dedicated Learning-based Com- 053

pressors (GDLCs), such as DeepGeCo (Sun et al., 054

2025d) and GenCoder (Sheena and Nair, 2024), 055

have filled this gap through refined data modeling. 056

However, in our investigation, existing GDLCs are 057

non-evolutionary with fixed parameters and face 058

the following challenges: 059

Low-level Compression Modeling. As illus- 060

trated in Figure 1(a), traditional GDLCs are non- 061

evolutionary: they only capture latent correlations 062

between algorithms and datasets, reflecting a lim- 063

ited modeling granularity. In contrast, as shown in 064

Figure 1(b), we reframe compression as a system- 065

level task by jointly considering the design of 066

dataset, algorithm, and hardware memory. 067

2https://db.cngb.org/cnsa/statistic
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Q: Can you help me compress the PuPu dataset 
using 70% of system resource? I need to keep my 
device partially idle to handle other tasks.

A: Do you care about compression time and ratio? 
Or rather, I want to know application scenario.

Q: I want to back it up for a long time. Please make 
it occupy as little disk space as possible.

 ......

       
      
      

A: Finished it! compression time: 8 minutes,
using memory: 20 GB, extreme compression 

PuPu file from 60GB to 2GB.

Figure 2: An example of genomic data lossless com-
pression through interaction of LLM-based AgentGC.

Limited Adaptability. Existing GD-dedicated068

compressors are typically tailored to single-use sce-069

narios, limiting their effectiveness in complex en-070

vironments. For example: 1) Data persistence and071

backup applications require higher compression072

ratios; 2) Real-time transmission demands faster073

compression and decompression speeds; 3) Under074

memory constraints, balancing efficiency and per-075

formance becomes critical.076

User-unfriendly Interface. The GDLCs in-077

volve the complex learning-based modeling, which078

introduces two disadvantages: 1) GDLCs encom-079

pass intricate model architectures, data distribution,080

parallelism, and additional configurations, making081

usage highly restricted for non-AI experts; and 2)082

Joint tuning of multiple parameters in GDLCs are083

complex, and incorrect parameter configurations084

negatively impact overall performance.085

To address these issues, as shown in Figure 2,086

we propose AgentGC, the first novel evolutionary087

compression system for GD. The innovations and088

contributions of this paper are threefold:089

1) We propose the first GD compression al-090

gorithm, AgentGC, which comprises a group of091

carefully designed leader agent and worker agent.092

Through dialogue-driven compression and auto-093

mated LLM-based parameter tuning, AgentGC094

achieves more sophisticated modeling and provides095

a more user-friendly interface.096

2) Through prompt optimization and archi-097

tectural design, we designed three modes for098

AgentGC, the a) CP for compression-ratio prior-099

ity, b) TP for throughput priority, and c) BM for100

balanced mode, offering enhanced flexibility and101

adaptability across diverse scenarios.102

3) We conducted a comprehensive compari-103

son between AgentGC and 14 baselines across104

9 datasets. AgentGC achieved up to a 75.456%105

improvement in average compression ratio and a 106

18.995× increase in throughput. AgentGC also 107

demonstrated overall superiority in compression 108

robustness and CPU & GPU resource usage. 109

2 Problem Definition 110

Let x = {xi}m−1
i=0 ∈ R1×d0 denote the inputed 111

GD with length of m, the GDLC aim to generate 112

a compact binary output y = {yj}n−1
j=0 ∈ Rd1 with 113

length of n. Here, d0 and d1 denote the length GD 114

alphabet and the binary alphabet after compression, 115

respectively. Generally, GDLC involves two stages: 116

1) Modeling, using an entropy function F to ob- 117

tain the true probability distribution of x; and 2) 118

Encoding, connecting an arithmetic encoder E to 119

generate a compact representation. This process 120

can be expressed as: 121

y = E(F(x)). (1) 122

GDLC focus on modeling E(x) because it deter- 123

mines the compression efficiency of the encoder 124

E . However, obtaining the real-world F(x) for 125

GD is challenging (Goyal et al., 2021; Sun et al., 126

2025d). Thus, GDLC fits Fθ(x, v) by fixing a set 127

of user-defined hyperparameters v and utilizing 128

neural network techniques, where θ denotes the 129

learned parameters. Therefore, the optimization 130

objective of GDLC aims to minimize the differ- 131

ence D between F(x) and Fθ(x, v): 132

y ≃ E{Dmin.(F(x),Fθ(x, v))}. (2) 133

The Cross-Entropy (CE) loss is widely used to 134

learn this difference due to its close relationship 135

with Shannon entropy (Shannon, 1948). Therefore, 136

Dmin. can be denoted as: 137

Lmin. ≃
m∑

i=c+1

CE(f̂i, fi)

=
m∑

i=c+1

d0−1∑
j=0

(f̂i,jlog
1

fi,j
).

(3) 138

Here, c ∈ R (1 ≤ c ≤ m − 1) is a user- 139

defined context length. f̂i ∈ R1×d0 and fi ≃ 140

F i
θ{(xi|xi−t, ..., xi−1), v} ∈ R1×d0 denote the 141

one-hot encoded ground truth and neural-network- 142

predicated probability vector for target symbol xi 143

using historical symbols {xi|xi−t, ..., xi−1}. 144

In the enhanced GD compression system, the 145

compressor automatically perceives and tunes the 146

parameters v through an LLM-driven agent and the 147
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user-provided prompt t. The preliminary definition148

is as:149

v ≃ LLMφ(t) (4)150

Here, φ denotes the weight parameters of LLM.151

The LLM-driven compression system can be for-152

mally defined as:153

ŷ ≃ P(x|v) = P{E(F(x | LLMφ(t)))} (5)154

Among them, P denotes the LLM-driven agent-155

based compression system, and ŷ is the optimized156

binary output.157

3 Related Work158

Based on the learning process, we categorize159

GDLCs into static, dynamic, and hybrid.160

Static: It consists of two independent stages:161

1) Training a static neural network model Fstatic162

on the to-be-compressed data x, and 2) com-163

pressing x using well-trained Fstatic and input x.164

These compression methods include LSTM-based165

DeepDNA (Wang et al., 2018), biLSTM-attention-166

based DNA-BiLSTM (Cui et al., 2020), BERT-167

language-model-based CompressBERT (Yang168

et al., 2023a), convolutional-auto-encoder-based169

GenCoder (Sheena and Nair, 2024), Transformer-170

with-multi-level-grouping-based and Group of171

Bases (GoB)-LSTM-based LEC-Codec (Sun et al.,172

2024c), and GeneFormer (Cui et al., 2024). Re-173

cently, general-purpose compressors for multi-174

modal data have also performed well in com-175

pressing GD. These include traditional learning-176

based architectures such as DecMac (Liu et al.,177

2019) and DeepZip (Goyal et al., 2018), as well178

as LLM-based methods LMIC (Delétang et al.,179

2023), LLMZip (Valmeekam et al., 2023), and LM-180

Compress (Li et al., 2025b). Static methods are181

compression-efficient for large-scale GD but face182

challenges: 1) High pretraining time, leading to183

significant computational costs; 2) The necessity184

of storing the pretrained model, which affects gen-185

eralization when applied to small-scale datasets;186

and 3) Expensive training resources, especially for187

LLM-based methods.188

Dynamic: It adaptively updates the model189

Fdynamic during compression, eliminating the need190

for pretraining and model storage. Compared to191

static, it offers greater flexibility and efficiency in192

time consumption, but at the cost of compression193

ratio loss. AGDLC (Sun et al., 2025b) is the first194

dynamic GD compressor, consisting of two stages:195

1) Extracting a coarse-grained redundancy feature196

using multi-(s,k)-mer representations; 2) Refin- 197

ing the probability distribution via XLSTM (Beck 198

et al., 2024)-based modeling and performing real- 199

time compression with arithmetic encoding. Some 200

multi-modal compressors also follow this approach, 201

like TRACE (Mao et al., 2022), PAC(Mao et al., 202

2023), ByteZip (Das et al., 2024), MSDLC (Ma 203

et al., 2025b), MSDZip (Ma et al., 2025a) etal. 204

Hybrid: It is a combination of the above two 205

architectures, aiming to balance compression ra- 206

tio and time performance. DZip-Supporter (Goyal 207

et al., 2021) is the earliest implementation of 208

this type of method. It computes hybrid proba- 209

bilities for multimodal data using a combination 210

of pretrained model Fstatic and adaptive model 211

Fdynamic. DeepGeCo (Sun et al., 2025d) employs 212

a Transformer-based dynamic model as its back- 213

bone while incorporating a BiLSTM-based static 214

model to address the cold start problem. Addition- 215

ally, it introduces three specialized modes (MINI, 216

PLIS, and ULTRA) to accommodate complex sce- 217

narios. PMKLC (Sun et al., 2025a) is the lat- 218

est hybrid architecture, designed with the Auto- 219

mated Multi-Knowledge Learning-based Compres- 220

sion Framework (AMKLCF) as its backbone. On 221

top of this, it incorporates GPU-accelerated (s,k)- 222

mer encoding and the Step-wise Model Passing 223

(SMP) mechanism to accelerate computation. 224

Among the three aforementioned architectures, 225

the hybrid approach offers a balanced solution. 226

However, its complex parameter configurations and 227

user-unfriendly operation limit its widespread adop- 228

tion. Our proposed AgentGC integrates LLM and 229

multi-agent system to effectively bridge this gap. 230

4 AgentGC Design 231

As shown in Figure 3, AgentGC consists of three 232

layers and two group of agents (leader and worker). 233

Among them, (a) User layer: It only exposes the 234

chat interface (Figure 2), and the leader agent 235

perceives compression scenarios and parameters 236

through user Question & Answer; (b) Cognitive 237

Layer: The leader agent interprets and optimizes 238

parameters through LLMs, then returns the results 239

to the worker for intelligent compression execu- 240

tion; and (c) Compression Layer: The worker agent 241

learns the probability distribution of raw data based 242

on the AMKLCF framework and generates a com- 243

pact binary output file through arithmetic encoding. 244

Meanwhile, the leader agent maintains interaction 245

with it, continuously monitoring the system and 246
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Figure 3: The pipeline of the proposed AgentGC compression system

returning log files in real time. Following, we will247

detail the cognitive and compression layers driven248

by the leader and worker agents.249

4.1 The Leader Agent250

As shown in Figure 3(b), the leader agent commu-251

nicates with the user and executes global parameter252

optimization through the following cognitive per-253

ception sub-agents:254

① Memory Analysis: It determines the avail-255

able GPU memory by interacting with the system256

and sets the memory threshold α ∈ R through in-257

teraction with the user. For example, in the leader258

agent inference mechanism, the user can input 70%259

resource utilization, after which the leader agent260

interacts with the LLM and system to infer the opti-261

mal CUDA memory usage. This ensures controlled262

resource allocation while enhancing the compres-263

sion robustness.264

② Data Analysis: It vectorizes the input GD265

x = {xi}mi=0 to establish potential connections be-266

tween the compressor and the dataset. To get the267

data vector β ∈ R1×(4k+1), we introduce a GPU-268

accelerated (s, k)-mer (Sun et al., 2025a) with orig-269

inal data size, here s and k denote the stride and270

window length. It introduces the following advan-271

tages: 1) (s,k)-mer uses the redundancy of GD and272

is widely applied in computational biology (Xiao273

et al., 2018); 2) It is a fundamental component of274

the AMKLCF framework (as shown in Figure 3(b)),275

where parameter sharing simplifies computations276

and enhances efficiency; and 3) The (s,k)-mer does277

not expose raw data, it only computes probabilistic278

features, ensuring no risk of data privacy leakage.279

③ Similar Retrieval: Assuming the database 280

contains h vectors of historical compression param- 281

eters, this stage identifies potential q ∈ R (1 ≤ 282

q ≤ h) vectors by sequentially computing the Eu- 283

clidean Distance between each vector in database 284

and the concatenated vector v̂ = [α, β]. Here, 285

the retrieved similar vectors are denoted as the 286

bi = [ci, αi, βi, γi, δi, ϵi, ζi] (i = {0, 1, ..., q − 1}), 287

where the ci, αi, βi, γi, δi, ϵi, and ζi denote the 288

context-length, peak memory resource usage, data 289

vector, AMKLCF framework parameters, compres- 290

sion ratio, throughput, and GPU training batch-size 291

of the i-th sample. 292

④ Parameter Tuning: As shown in Figure 4, 293

the leader agent merges the q most similar retrieved 294

historical vectors and into a prompt tailored for a 295

specific application scenario, enabling the LLM to 296

perform few-shot learning. Compared to Bayesian 297

optimization and neural network fitting, it offers 298

several advantages: 1) High data efficiency for 299

compression scenarios where collecting large sam- 300

ples is difficult. 2) Low computational resource 301

requirements, making cloud-hosted LLMs friendly 302

for low-power devices or rapid deployment scenar- 303

ios. 3) Quick adaptability, as LLM-based few-shot 304

learning can efficiently adjust to new tasks. 305

⑤ Lossless Compression: At this stage, the 306

leader agent invokes the worker agent to perform 307

learning-based lossless compression, while dynam- 308

ically monitoring and returning results throughout 309

the compression process. This modular and trans- 310

parent design enables the proposed AgentGC to 311

quickly adapt to multi-file level parallelism by ini- 312

tializing worker agents. 313
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Below is a filling scheme that both maximizes the 
compression ratio and maintains consistency with 
the existing sample patterns. {reasoning process}. 
Thus, the optimized vector is {final result}.

       
       

       
      

       
            

   

We have p vectors {retrieved vectors}, each
dimension denote 1) context-length, 2) memory
resource usage, 3) data vector, 4) framework
parameters, 5) compression ratio, 6) throughput,
and 7) GPU batch-size, respectively. I want
optimize the parameters [c, α, β, ?, ?, ?, ?] with the 

{maximize the compression ratio}.

Figure 4: An example of the agent system derives
optimized parameter vector via LLM-based few-shot
prompt learning.

Algorithm 1: Compression Process
Input: input GD string x = {xi}m−1

i=0 ; the
agent-optimized context-length c, models
parameter γ, batch size ζ; as well as the (s,
k)-mer encoder.

Output: compressed file y.
1 F ← Initializing probability predictor via γ and ζ;
2 E ← Initialize the arithmetic encoder;
3 {tj}⌊(m−k)/s⌋

j=0 ← Encoding x via (s,k)-mer;
4 for i = 0 to c− 1 do
5 f(ti)← Getting average probability 1

4k
using a

uniform distribution;
6 E(f(ti))← Applying E to encode ti via f(ti);

7 for i = c to ⌊(m− k)/s⌋ do
8 f(ti)← Getting the probability using

learning-based predictor
F(ti|{ti−c, ..., ti−1});

9 E(f(ti))← Applying E to encode ti via f(ti);
10 Updating F to minimize the loss as shown in

Eq. (3);

11 y←Merge all binary streams E(f(ti))⌊(m−k)/s⌋
i=0 ;

4.2 The Worker Agent314

As shown in Figure 3(c), the worker agent performs315

compression with two parts: the core AMKLCF,316

which provides the data’s probability distribution,317

and the auxiliary arithmetic encoder, which gener-318

ates the compact representation. The worker agent319

focuses on the prediction component, as it deter-320

mines the effectiveness of the final arithmetic en-321

coding. In this paper, the arithmetic encoding fol-322

lows the configuration realized by (Goyal et al.,323

2021; Sun et al., 2025a).324

The core components of AMKLCF include325

BiLSTM-based (Sun et al., 2025d) Static Public326

Model (SPuM), BiLSTM-based (Goyal et al., 2021)327

Static Private Model (SPrM), and Transformer-328

based (Mao et al., 2022) Dynamic Model (DM).329

During the compression process, the parameters of330

SPrM and SPuM are frozen, while those of DM331

need to be updated in real time. The probability332

mixture is implemented through a set of Model 333

Selector (MS) and Probability Mixer (PM). The 334

algorithm 1 presents the procedure by which the 335

worker agent performs data compression. 336

Moreover, arithmetic encoding is reversible, by 337

preserving the static models SPrM and SPuM and 338

the dynamic DM, the worker agent can losslessly 339

reconstruct the original string x from the com- 340

pressed file y. Theoretical analysis can be found 341

in (Jr., 1984; Delétang et al., 2023). Furthermore, 342

we verify the integrity of the losslessly decom- 343

pressed data via hash-based consistency checks. 344

Details of the compression architecture see (Sun 345

et al., 2025a). The detailed prompts for AgentGC 346

are provided in the Appendix. 347

4.3 Compression Modes for AgentGC 348

We design three compression modes for AgentGC, 349

determined by sorting the retrieved q sequence 350

pairs according to their corresponding optimization 351

object: 1) Compression-ratio Priority, CP: Based 352

on distance computation, this mode retrieves the 353

q samples with the lowest compression ratio for 354

few-shot learning. It is suitable for long-term data 355

management scenarios; 2) Throughput Priority, TP: 356

It uses throughput as the primary objective for the 357

compressor, making it particularly suitable for real- 358

time transmission scenarios; 3) Balance Mode, BM: 359

It represents a balanced working mode that jointly 360

optimizes compression ratio, resource consump- 361

tion, and throughput, making it suitable for general- 362

purpose application scenarios. 363

Among the three modes, the leader agent of 364

AgentGC autonomously perceives and selects the 365

appropriate mode based on the inputted prompt 366

which detailed in Appendix. 367

5 Experimental Results 368

5.1 Settings 369

Experiments were conducted on a Ubuntu server 370

with 4 Intel Xeon 4310 CPUs and 4 NVIDIA 371

GeForce RTX 4090 GPUs. 372

Datasets: As shown in Appendix Table 11, 373

we conduct experimental evaluations on 9 real- 374

world datasets covering diverse species and data 375

scales. We also constructed an initialization vec- 376

tor database including 112 high-quality vector-text 377

pairs derived from a multi-species dataset (Chen 378

et al., 2020; Pratas and Pinho, 2019). 379

Baselines: As shown in Appendix Table 12, 380

we compared AgenGC with 14 state-of-the-art 381
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Table 1: Compression Ratio (bits/base ↓) of AgentGC and baselines. The CP, TP, and BM denote the three modes of
the AgentGC: Compression-ratio Priority, Throughput Priority, and Balance Mode. DNA-BiLSTM* denotes the
incorporation of a trained static model in the compressed file computation. The Adv. (↑) denote the compression
ratio improvement defined as {Baseline−Ours(CP mode)}/Baseline× 100%.

Methods PlFa WaMe DrMe GaGa SnSt MoGu ArTh AcSc TaGu Average Adv.(%)
JARVIS3 1.896 2.015 1.952 1.946 1.951 1.940 1.855 1.873 1.940 1.930 +4.111
Spring 1.859 1.988 1.939 1.904 1.886 1.680 1.934 1.877 1.883 1.883 +1.746
NAF 1.874 1.988 1.990 1.959 1.967 1.799 1.929 1.905 1.943 1.928 +4.034
LZMA2 1.866 2.070 1.992 1.947 1.974 1.693 1.904 1.878 1.914 1.915 +3.388
XZ 1.868 2.074 1.993 1.948 1.978 1.694 1.907 1.879 1.916 1.917 +3.494
PPMD 1.906 2.109 2.054 2.026 1.995 1.780 2.008 1.972 1.998 1.983 +6.690
PBzip2 2.093 2.168 2.159 2.137 2.102 1.927 2.138 2.083 2.117 2.103 +11.995
PMKLC 1.827 1.953 1.907 1.858 1.877 1.652 1.897 1.867 1.844 1.854 +0.168
Gzip 2.120 2.250 2.220 2.187 2.195 2.030 2.185 2.140 2.163 2.166 +14.551
SnZip 3.640 3.742 3.694 3.698 3.711 3.526 3.695 3.638 3.663 3.667 +49.544
Lstm-compress 7.284 7.155 6.075 7.244 2.147 7.836 6.311 7.392 8.181 6.625 +72.069
DeepZip 1.901 2.034 1.916 1.862 1.982 1.650 1.935 1.868 1.851 1.889 +2.030
AGDLC 1.832 1.951 1.925 1.891 1.915 1.662 1.901 1.899 1.866 1.871 +1.116
DNA-BiLSTM* 12.523 12.428 4.904 2.559 17.235 2.421 6.780 2.053 2.015 6.991 +73.531
DNA-BiLSTM 1.856 1.946 1.926 1.914 1.908 1.861 1.913 1.919 1.924 1.907 +2.988
(Ours) AgentGC-CP 1.817 1.950 1.904 1.859 1.869 1.650 1.895 1.866 1.844 1.850
(Ours) AgentGC-TP 1.851 1.967 1.916 1.868 1.870 1.656 1.905 1.871 1.853 1.862 —
(Ours) AgentGC-BM 1.829 1.952 1.905 1.859 1.881 1.656 1.896 1.871 1.847 1.855 —

compression methods, including 6 AI-based DNA-382

BiLSTM, DeepZip, Lstm-compress, AGDLC,383

PMKLC, and JARIVS3, as well as 8 traditional384

methods Spring, NAF, LZMA2, XZ, PPMD,385

PBZip2, Gzip, and SnZip.386

Metrics: We evaluated AgentGC and baselines387

using Compression Ratio (CR), Throughput (THP),388

Compression Robustness Performance (CRP), as389

well as Average CPU (Avg-CPM) and GPU Mem-390

ory usage (Avg-GPM). The CR reflects the number391

of bits required to store a single character. It is392

defined as (Sun et al., 2025c, 2024b,a):393

CR ↓ =
Compressed_Size
Original_Size

× 8 bits/base. (6)394

Throughput is time-related and reflects the compu-395

tational efficiency of the algorithm:396

THP ↑ =
Original_File_Size

Total_Time
. (7)397

Compression Robustness R is defined as the coeffi-398

cient of variation (Sun et al., 2025a):399

CRP ↓ =

√
1
N ×

N−1∑
i=0

(CRi − CRu)2

CRu
× 100%,

(8)400

where N is the total number of datasets, CRi and401

CRu denote the CR value for i-th dataset and aver-402

age CR, respectively.403

LLM Settings: AgentGC is implemented based 404

on the Google Agent Development Kit (ADK) 3. 405

Designed for cost-efficiency, AgentGC transmits 406

only a small number of samples and prompts to a 407

cloud-hosted LLM. Accordingly, we select GPT- 408

5 API 4 as the backbone model, using its default 409

LLM parameter configuration. 410

Parameters: AgentGC follows the parame- 411

ter configurations in prior methods (Sun et al., 412

2025a,d) and experimental testing (see Fig. 5). 413

Specifically, we configure s = 3, k = 3, and q = 5. 414

Besides, the AMKLCF of AgentGC also employs a 415

stepwise model-passing parallel strategy (Sun et al., 416

2025a; Ma et al., 2025a) to accelerate computation. 417

5.2 Compression Ratio 418

As illustrated in Table 1, AgentGC achieves overall 419

optimal results across all datasets. The top three 420

methods in CR are AgentGC-CP, PMKLC, and 421

AgentGC-BM. Using the CP mode as the bench- 422

mark, AgentGC-CP achieves an average compres- 423

sion ratio improvement in 0.168-73.531% over the 424

baselines. This advantage stems from AgentGC’s 425

integration of few-shot LLM-based parameter tun- 426

ing and AMKLCF compression modeling. 427

Although the AgentGC’s CR gains over PMKLC 428

and AGDLC are relatively limited, AgentGC-CP 429

demonstrates superior performance in THP and 430

3https://google.github.io/adk-docs
4https://openai.com
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Table 2: Throughput (KB/s ↑) of AgentGC and baselines. CP, TP, and BM denote the CR Priority, THP Priority, and
Balance Mode, respectively. The Overall (↑) is calculated at scale, using total time and total size of all files.

Methods PlFa WaMe DrMe GaGa SnSt MoGu ArTh AcSc TaGu Overall
DNA-BiLSTM 12.588 12.595 12.426 11.119 12.668 10.915 12.611 6.837 5.427 6.484
DeepZip 17.239 17.072 17.400 17.346 16.959 17.706 16.636 16.635 17.993 17.424
AGDLC 12.905 12.718 13.002 12.968 12.668 13.071 13.030 13.098 11.916 12.480
PMKLC 60.941 60.699 71.416 75.581 58.070 75.457 69.664 38.156 38.093 41.812
(Ours) AgentGC-CP 18.592 62.859 72.566 138.519 18.447 85.891 69.902 51.040 50.724 54.477
(Ours) AgentGC-TP 127.015 120.443 170.710 207.778 105.121 190.470 157.497 204.732 202.151 198.830
(Ours) AgentGC-BM 68.522 70.234 81.181 143.307 74.344 144.257 78.145 204.732 100.811 125.790

Table 3: Results of Compression Robustness CRP (% ↓), Average CPU Memory Avg-CPM (GB ↓), and Average
CPU Memory Avg-GPM (GB ↓). Adv. denote the improvement of AgentGC take each mode as the benchmark.

Metrics and Improvement
Baselines Our Proposed

DNA-BiLSTM DeepZip AGDLC PMKLC AgentGC-CP AgentGC-TP AgentGC-BM
Compression Robustness (%) 81.418 5.690 4.572 4.546 4.552 4.597 4.465
Adv. vs. AgentGC-CP (%) +94.409 +19.997 +0.437 −0.131 +0.979 −1.958
Adv. vs. AgentGC-TP (%) +94.354 +19.206 −0.547 −1.121 −0.989 −2.966
Adv. vs. AgentGC-BM (%) +94.516 +21.534 +2.349 +1.792 +1.920 +2.881
Average CPU Memory (GB) 9.306 9.126 6.527 3.100 3.099 1.354 1.352
Adv. vs. AgentGC-CP (%) +66.701 +66.043 +52.527 +0.052 +0.883 +0.620
Adv. vs. AgentGC-TP (%) +85.449 +85.161 +79.255 +56.324 +56.301 −0.152
Adv. vs. AgentGC-BM (%) +85.471 85.158 +79.286 +56.390 +56.368 +0.152
Average GPU Memory (GB) 1.957 1.481 0.982 0.832 1.192 1.051 1.451
Adv. vs. AgentGC-CP (%) +39.112 +19.525 −21.425 −43.248 −13.420 +17.886
Adv. vs. AgentGC-TP (%) +46.317 +29.047 −7.058 −26.299 +11.832 −27.602
Adv. vs. AgentGC-BM (%) +25.850 +1.996 −47.873 −74.451 −21.782 −38.125

memory cost, as shown in Tables 2 and 3. For exam-431

ple, compared to PMKLC, AgentGC-CP achieves a432

THP advantage of 30.291%. Compared to AGDLC,433

the three modes of AgentGC achieve speedup fac-434

tors of 4.37×, 15.93×, and 10.08×, as well as435

achieve 52.53%, 79.26% and 79.28% CPU mem-436

ory saving in CP, TP and BM mode, respectively.437

5.3 Throughput438

To ensure a fair evaluation, Table 2 gives the THP439

of AgentGC alongside learning-based baselines im-440

plemented via Python. Among them, AgentGC441

delivers substantial throughput gains. Specifi-442

cally, the CP mode achieves speedups of 7.401×,443

2.127×, 3.365×, and 0.303× over DNA-BiLSTM,444

DeepZip, AGDLC, and PMKLC-M, respectively.445

The BM mode yields improvements of 18.399×,446

6.219×, 9.079×, and 2.008×, while the TP mode447

offers speedups of 29.663×, 10.411×, 14.932×,448

and 3.755× against the same baselines. This ad-449

vantage stems from AgentGC’s design, which mod-450

els memory as a tunable parameter, elevating the451

modeling process from algorithmic to system level.452

5.4 Compression Robustness453

As shown in Table 3, AgentGC (BM) achieves the454

overall best compression robustness performance455

compared to DNA-BiLSTM, DeepZip, AGDLC, 456

and PMKLC, with improvements of 94.516%, 457

21.534%, 2.349%, and 1.792%, respectively. This 458

indicates that AgentGC is less sensitive to pertur- 459

bations in data probability distributions, yielding 460

stronger compression robustness. In addition, both 461

CP and TP modes outperform DNA-BiLSTM and 462

DeepZip overall, while slightly underperforming 463

AGDLC and PMKLC. 464

5.5 Memory Usage 465

As illustrated in Table 3, AgentGC consistently 466

achieves lower Avg-CPM than all baselines across 467

its three modes, and demonstrates superior over- 468

all Avg-GPM (vs. DNA-BiLSTM and DeepZip). 469

Using the BM mode as benchmark, AgentGC re- 470

duces Avg-CPM by 85.471%, 85.158%, 79.286%, 471

and 56.390%, respectively. These results high- 472

light AgentGC’s strong potential for robust deploy- 473

ment on memory-constrained devices. AgentGC 474

has a slightly higher GPU memory overhead than 475

AGDLC and PMKLC, but its prompt-driven GPU 476

tunability yields greater flexibility 477

5.6 Ablation Study 478

AgentGC’s worker agents is operated upon the 479

AMKLCF (Sun et al., 2025a), the ablation ex- 480
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Table 4: Ablation study results of AgentGC. SPuM, SprM, DM, GskE, MS, SMP, and MGPU refer to the static
public model, static private model, dynamic model, GPU-based (s,k)-mer encoder, model selector, step-wise model
passing mechanism, and multi-GPU acceleration, within the worker agent-led AMKLCF compression framework.
PCP, PTP, and PBM denote the leader agent’s compression prompts for compression-ratio priority, throughput
priority, and balanced mode. CR, THP, CPM, and DPM represent compression ratio (bits/base ↑), throughput
(KB/s ↑), CPU memory (GB ↓), and GPU memory (GB ↓) consumption.

Mode
Ablation Module Metrics

SPuM SPrM DM GskE MS SMP MGPU PCP PTP PBM CR THP CPM GPM
A ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ 1.903 8.162 1.589 0.503
B ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ 1.993 5.921 3.606 3.220
C ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ 1.993 5.751 3.626 3.220
D ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ 2.022 16.967 1.873 3.222
S ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ 1.893 22.628 1.210 0.505
E ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ 1.901 82.506 1.047 0.505
M ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✗ 1.900 72.087 1.049 0.505
CP ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ 1.897 77.229 1.047 1.154
TP ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✗ 1.909 161.821 1.051 0.949
BM ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ 1.899 96.450 1.061 1.216

periments in Table 4 on OrSa dataset are divided481

into three groups accordingly.482

Among the 10 modules, For the first group, -D483

significantly boosts throughput compared to the -484

A, -B, and -C modes, by introducing an (s,k)-mer485

encoder. Additionally, the -S mode incorporates486

a model selector to further reduce computational487

inference overhead, optimizing THP, CR, and mem-488

ory usage. For the second group, AgentGC-E fur-489

ther improves THP under the -E mode by intro-490

ducing multi-GPU support. When equipped with491

PMKLC’s model SMP mechanism, it also achieves492

superior CR, as it effectively mitigates the cold-493

start problem (Ma et al., 2025a) in dynamic model494

deployment. For the last group, the leader agent495

leverages user-provided prompts and LLM-based496

few-shot parameter tuning to further optimize both497

CR and THP. Among the three modes, CR perfor-498

mance follows the order: “CP, BM, TP”, while499

THP exhibits the opposite trend. These obser-500

vations highlight AgentGC’s flexible adaptability501

across diverse genomic compression scenarios.502

5.7 The Impact of (s,k)-mer Encoder503

As shown in Figure 5, AgentGC achieves the top-3504

compression ratios with the (2,2)-mer, (1,1)-mer,505

and (3,3)-mer configurations, and ranks among the506

top-3 in compression and decompression through-507

put with (3,4)-mer, (3,3)-mer, and (4,4)-mer. Con-508

sidering the trade-off between compression ratio509

and throughput, we adopt the (3,3)-mer as the de-510

fault encoder configuration.511

Top-3 Top-3 

ss

kk

(a) Compression Ratio (b) Overall Throughput

Figure 5: The (a) compression ratio and (b) overall
throughput of AgentGC (c = 32, GPU batchsize =
320) on PlFa dataset using different (s,k)-mer encoder.

6 Conclusion and Limitation 512

In this paper, we propose AgentGC, the first novel 513

LLM-driven genomic data compressor that ef- 514

fectively addresses the challenges faced by non- 515

evolutionary methods, including low-level com- 516

pression modeling, limited adaptability, and user- 517

unfriendly interface. Compared to baselines, it 518

achieves peak improvements of 73.53% in compres- 519

sion ratio, 2966.29% in throughput, and 94.52% in 520

robustness. Besides, it delivers memory savings of 521

85.47% in CPU and 46.32% in GPU. 522

The high resource consumption of deep learn- 523

ing and GD scenarios may limit the scalability of 524

AgentGC in large-scale, general-purpose scenarios. 525

Our future studies include: 1) Hybrid acceleration 526

leveraging CPU-GPU heterogeneous architectures; 527

2) Fine-tuning LLMs using compression-oriented 528

instructions to enhance Q&A comprehension and 529

reasoning capabilities, and 3) Extending AgentGC 530

to lossless compression of multi-modal data. 531
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A Details of AgentGC Prompts852

GPU Analysis Agent

Description: You are “AnalyzeGpuMemory”, an agent that analyzes the GPU memory and returns
the GPU number and memory size using “analyze_gpu_memory” tool.

Instruction:
1) When to call: When the “UserAndCongitiveAndCompress” call “ParallelAnalysis”, you should
run “AnalyzeGpuMemory” and “AnalyzeFileCharacteristics” parallelly.
2) Task: You will analyze the GPU memory and return the GPU number and memory size.
3) Output: You should only return a dictionary with the following keys: ① “gpu_number”: List of
available GPU IDs. ② “memory_size”: Free memory of each available GPU, sorted in ascending
order by ID. “Your output must be a JSON string containing the keys: gpu_number, memory_size”.
The section state with key “analyze_gpu_memory_agent_output” was set to the JSON string you
output”. No extra output is needed.
4) Example Output: json { “gpu_number”: [0, 1, 3], “memory_size”: [“16GB”, “12GB”, “8GB”] }

853

Table 5: Details of GPU Analysis Agent Prompts

File Feature Analysis Agent

Description: You are “AnalyzeFileCharacteristics”, an agent that analyzes the file characteristics
and returns “atgc_proportion” and “data_size” using “analyze_file_characteristics” tool.

Instruction:
1) When to call: When the “UserAndCongitiveAndCompress” call the “ParallelAnalysis”, you
should run the “AnalyzeGpuMemory” and “AnalyzeFileCharacteristics” parallelly.
2) Task: You will analyze the file characteristics and return “atgc_proportion” and “data_size”
using analyze_file_characteristics tool.
3) Output: You should only return a dictionary with the following keys: ① “atgc_proportion”: The
proportion of ATGC in the genomic data. ② “data_size”: The size of the genomic data file in bytes.
“Your output must be a JSON string containing the keys: atgc_proportion, data_size”. The section
state with key “analyze_file_characteristics_agent_output” was set to the JSON string you output.
No extra output is needed.
4) Example Output: json { “atgc_proportion”: [0.2, 0.1, 0.4, 0.3], “data_size”: 123456789 }

854

Table 6: Details of File Feature Analysis Agent Prompts

Compress Agent

Description: You are “CompressAgent”, an agent that compresses files based on result from
“ParamsChoose”.

Instruction: You will compress files based on result from “ParamsChoose”. No extra output is
needed, just return the result of compress_genomic_data.
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Table 7: Details of Compress Agent Prompts
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Params Choose Agent

Description: You are “ParamsChoose”, an agent that chooses the best compression parameters
based on GPU memory and file characteristics.

Instruction:
1) When to call: Call “ParamsChoose” after calling “ParallelAnalysis” Agent to obtain GPU
memory and input genome file features in parallel.
2) Task: You need to: ① Calculate the GPU memory used for the current task based on the currently
available GPU-Memory and the user’s intent, ② Then use this GPU memory and the genome file
feature results to call get_q_similar_vector to calculate the q most similar parameter records, ③

Infer the parameter combination that meets the user’s needs based on the q most similar parameter
records
3) Examples of information used: Node that this is only an example, you should use the actual
information from the “ParallelAnalysis” Agent.

① gpu_info dict from “AnalyzeGpuMemory”: “gpu_number": [0, 1, 3], “memory_size":
[“16GB", “12GB", “8GB"]

② file_characteristics dict from “AnalyzeFileCharacteristics”: “atgc_proportion": [0.2, 0.1, 0.4,
0.3], “data_size": 123456789

③ User’s intent: “I want to use 70 percent of GPU Memory. Then mem_factor is 0.7."

④ User’s intent: “I want to back it up for a long time, Please make it occupy as little disk space
as possible. Then the mode is set to 0, which minimizes the compression rate."

User’s intent: “I want to use the fastest compression algorithm. Then the mode is set to 1,
which maximizes the throughput."

User’s intent: “I want to balance the compression rate and throughput. Then the mode is set
to 2, which is the default mode and balances mode 0 and mode 1."

⑤ The parameters in params_results.csv, which include GPU-Mem(KB) and Proportion.

3) Output: You should only return a dictionary which you think is the best compression parameters
based on the given information, include the GPU memory need. You should also infer the most
optimal parameter combination based on the get_q_similar_vector result and mode. It does not
have to be the parameters in the get_q_similar_vector result, as long as you think it is reasonable
and within the range of all parameters found by get_q_similar_vector (the final value is between
the maximum and minimum values of the search result) Note that the smaller CR, the better, and
the larger Throughput, the better. No extra output is needed.
4) Example Output: json { “context-length": “32", “GPU-Mem(KB)": “12288",
“AMKLCF_Parameters": “5", “BatchSize": “320", “mode": “0" }
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Table 8: Details of Params Choose Agent Prompts

Decompress Agent

Description: You are “DecompressAgent”, an agent that decompresses files based on the file end
with .pmklc.params.

Instruction: You will decompress files based on the the file end with .pmklc.params.
857

Table 9: Details of Decompress Agent Prompts
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Leader Agent

Description: You are “LeaderAgent”, a top-level agent that interacts with the user and decides
whether to perform compression or decompression based on user input.

Instruction: Based on the session state with key user_input, The section state with key file_path
in parsed_user_request was set to the file path of the input file, If user want to compress a file,
then the session state with key task_type in parsed_user_request was set to compress, if user want
to compress with 70 percent of GPU memory, then the session state with key memory_percent
in parsed_user_request was set to 0.7, if user want to compress and minimizing the compression
ratio, then the session state with key mode in parsed_user_request was set to 0, if user want to
compress and maximizing the throughput, then the session state with key mode was set to 1. if
user want to balence mode 1 and mode 0, then the session state with key in parsed_user_request
mode was set to 2. If compress task does not set memory_percent and mode, then the session state
with key in parsed_user_request memory_percent and mode was set to 0.7 and 2. If user want
to decompress a file, then the session state with key in parsed_user_request task_type was set to
decompress, memory_percent and mode was not needed(can set to None). Your output must be a
JSON string containing the keys: task_type, file_path, memory_percent, and mode. The section
state with key parsed_user_request was set to the JSON string you output.
2) Example for compression: ‘task_type’: ‘compress’, ‘file_path’: ‘/path/to/file.txt’, ‘mem-
ory_percent’: 0.7, ‘mode’: 0.
3) Example for decompression: ‘task_type’: ‘decompress’, ‘file_path’: ‘/path/to/file.txt’, ‘mem-
ory_percent’: None, ‘mode’: None.

858

Table 10: Details of Leader Agent Prompts

B Details of Datasets and Baselines859

This section provides supplementary details for the experimental setup. It serves as a reference for the860

datasets and baselines involved in our study, with concise tabular summaries and additional explanations861

to support the results reported in the main paper.862

B.1 Details of Datasets863

We summarize the datasets used in our experiments in Table 11, which reports the storage size of each864

dataset and a brief description of its contents. All datasets are available in https://drive.google.com/865

file/d/1vUMHeSYQnbSMB571EgpviDzGv4QsKCOr/view?usp=sharing.866

Table 11: The Details of used real-world datasets for AgentGC and baselines

Dataset Name Size (Bytes) Short Description
PlFa 8,986,712 The part of plasmodium falciparum dataset (Silva et al., 2020)
WaMe 9,144,432 The unknown genomics dataset (Sun et al., 2025d,a)
DrMe 32,181,429 The drosophila miranda dataset from the chromosome-3 (Pratas et al., 2020)
GaGa 148,532,294 The gallus gallus in chromosome-2 (Grohmann et al., 2022; Pratas and Pinho, 2023)
SnSt 6,254,100 Short Tandem Repeats and Single Nucleotide Polymorphisms of human (Cheng and Hui, 2023)
MoGu 171,080,468 The genomics data from the mouse gut (Guo et al., 2020; Sun et al., 2025a)
ArTh 19,695,740 One collection data from the arabidopsis thaliana (Chen et al., 2020; Sun et al., 2025a)
AcSc 714,975,658 The acanthopagrus schlegelii genomics dataset (Sun et al., 2025a)
TaGu 1,052,636,474 The taeniopygia guttata genomics dataset (Sun et al., 2025a; Geer et al., 2010)

B.2 Details of Baselines867

This subsection presents the baselines considered in our evaluation. Table 12 provides a concise overview868

of each baseline, including its type, original publication source, implementation language, and major869
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technologies. 870

Table 12: The details of compared baselines for AgentGC

Baseline Name Type Source Language Major Technologies
PMKLC (Sun et al., 2025a) Hybrid SIGKDD Python BiGRU, Attention, GPU-Parallel
AGDLC (Sun et al., 2025b) Dynamic ICASSP Python XLSTM, Multi-(s,k)-mer Encoding
JARVIS3 (Sousa et al., 2024) Static Bioinformatics C/C++ Finite-context and Repeat Models
XZ (XZ, 2024) Traditional Classic C/C++ Dictionary-based Compression, LZ77
DNA-BiLSTM (Cui et al., 2020) Static ICANN Python Attention, BiLSTM, CNN
NAF (Kryukov et al., 2019) Traditional Bioinformatics C/C++ ZSTD (Zstd, 2024) Compression Standard
DeepZip (Goyal et al., 2018) Static DCC Python LSTM, BiGRU
Spring (Chandak et al., 2019) Traditional Bioinformatics C/C++ BSC (Grebnov, 2011) and LZMA2 Compression
LZMA2 (Pavlov, 2013) Traditional Classic C/C++ Dictionary-based Compression, LZ77
SnZip (Takehiro, 2016) Traditional Classic C/C++ Dictionary-based compression, LZ77
GZip (Gzip, 1996) Traditional Classic C/C++ Dictionary-based Compression, LZ77
PBzip2 (PBzip2, 2015) Traditional Classic C/C++ Dictionary-based Compression, LZ77
PPMD (Cleary and Teahan, 1997) Traditional Classic C/C++ Prediction by Partial Match
Lstm-compress (Knoll, 2017) Dynamic Classic C/C++ LSTM, MLP

Notes. “Source” indicates the origin of the journal or conference, where “Classic” denotes industrial recognition and

applicability across multiple domains. “LZ77”: Lempel-Ziv 1977 (Ziv and Lempel, 1977), “BSC”: Block Sorting Compression,

“CNN”: Convolutional Neural Network, “LSTM”: Long Short-Term Memory, “BiGRU” : Bidirectional Gated Recurrent

Unit (Weerakody et al., 2021), “XLSTM”: Extended LSTM (Beck et al., 2024).

We further describe how each baseline is instantiated and used in our experimental setting, focusing on 871

implementation choices and usage details that are not covered in the main paper. 872

B.2.1 PMKLC 873

PMKLC (Sun et al., 2025a) is a parallel multi-knowledge learning–based lossless compressor designed 874

for efficient genomics data compression. It employs a neural architecture built upon BiGRU (Weerakody 875

et al., 2021) and attention (Vaswani et al., 2017) mechanisms to capture and exploit redundancy patterns 876

inherent in genomic sequences. To improve computational efficiency and scalability, PMKLC supports 877

multi-GPU parallelization, enabling accelerated compression and decompression while maintaining 878

lossless compression performance. 879

880
# (1) compression 881
bash PMKLC_M_Compression.sh file 0 320 3 3 SPuM 882
# (2) decompression 883
bash PMKLC_M_Decompression.sh file_3_3.pmklc.combined 0 3 3 SPuM 884885

B.2.2 AGDLC 886

AGDLC (Sun et al., 2025b) is an experimental learning-based lossless genomics compressor that employs 887

xLSTM-based context modelling (Beck et al., 2024) together with multiple (s,k)-mer encoding (Xiao 888

et al., 2018). It is the first genomic data compressor that supports dynamic modelling during compression, 889

allowing the context representation to adapt to genomic sequence characteristics while ensuring lossless 890

recovery. 891

892
# (1) compression 893
bash compress.sh file 2.3+3.3 xLSTM 1 32 894
# (2) decompression 895
bash decompress.sh file 2.3+3.3 xLSTM 1 896897

B.2.3 JARVIS3 898

JARVIS3 (Sousa et al., 2024) is a reference-free (Kryukov et al., 2020) lossless genomics compressor 899

based on finite-context (Pinho et al., 2010) and repeat models. It incorporates enhanced table memory 900
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mechanisms and probabilistic lookup tables within repeat models to improve computational efficiency901

and compression effectiveness.902

903
# (1) compression904
./JARVIS3.sh --threads 1 --fasta --block 10MB --input file905
# (2) decompression906
./JARVIS3.sh --decompress --fasta --threads 1 --input file.tar907908

B.2.4 XZ909

XZ Utils (XZ, 2024) is a free general-purpose lossless data compression software based on dictionary-910

based compression (Mitra and Roy, 2018) and LZ77 techniques (Ziv and Lempel, 1977). It is the successor911

to LZMA Utils and is primarily designed for POSIX-like systems (Atlidakis et al., 2016), while also912

supporting several non-POSIX platforms.913

914
# (1) compression915
./xz -z9ke file -T 16916
# (2) decompression917
./xz -dk file.xz -T 16918919

B.2.5 DNA-BiLSTM920

DNA-BiLSTM (Cui et al., 2020) is a lossless genomic sequence compression algorithm based on a deep921

learning model and an arithmetic encoder. The model combines convolutional layers(CNN) (O’shea and922

Nash, 2015) with an attention-based bi-directional LSTM to predict the probabilities of the next base in a923

sequence, which are then used by the arithmetic encoder for compression.924

925
# (1) compression926
bash ./compress.sh file file.compressed file_model 320 0927
# (2) decompression928
bash ./decompress.sh file.compressed file.compressed.recover file_model 0929930

B.2.6 NAF931

NAF (Kryukov et al., 2019)(Nucleotide Archival Format) is a lossless reference-free compression format932

for nucleotide sequences in FASTA and FASTQ formats (De Francesco et al., 2009). It is based on933

the ZSTD compression standard (Zstd, 2024), providing good compression ratios while offering fast934

decompression performance.935

936
# (1) compression937
./ennaf file --temp-dir temp_dir/ -o file.naf938
# (2) decompression939
./unnaf file.naf -o file-cp940941

B.2.7 DeepZip942

DeepZip (Goyal et al., 2018) is a general-purpose lossless compression algorithm based on recurrent943

neural networks(RNN) (Medsker et al., 2001). It follows a static pre-training paradigm and primarily944

employs LSTM and BiGRU architectures (Weerakody et al., 2021) for sequence modelling. In our945

experiments, we use DeepZip according to the commands specified below.946

947
# (1) compression948
bash ./compress file file.deepzip bs model949
# (2) decompression950
bash ./decompress file.deepzip file.deepzip.out bs model951952

B.2.8 Spring953

Spring (Chandak et al., 2019) is a reference-free compressor designed to exploit the structured redundancy954

present in high-throughput sequencing data. It is based on a combination of BSC (Grebnov, 2011) and955

LZMA2 compression techniques (Pavlov, 2013), and supports multiple compression modes, including956
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lossless compression, pairing-preserving compression, and optional lossy compression of quality val- 957

ues (Liu et al., 2025), as well as support for long reads (Jain et al., 2018) and random access (Organick 958

et al., 2018). 959

960
# (1) compression 961
./spring --fasta-input --long -c -i file -o file.spring 962
# (2) decompression 963
./spring -d -i file.spring -o file.fasta 964965

B.2.9 LZMA2 966

LZMA2 (Pavlov, 2013) is an improved variant of the LZMA compression algorithm that enhances 967

multi-threading capability and overall performance, while better handling incompressible data. In 968

our experiments, we use the built-in LZMA2 implementation provided by the 7-Zip (Ipavlov, 2024) 969

application. 970

971
# (1) compression 972
./7zz a -m0=lzma2 -mx9 -mmt16 file.7z file 973
# (2) decompression 974
./7zz x -y -mx9 -mmt6 file.7z 975976

B.2.10 SnZip 977

SnZip (Takehiro, 2016) is a general-purpose lossless compressor based on dictionary-based compression 978

and LZ77 techniques. It supports multiple file formats, including framing-format and legacy framing- 979

format, with framing-format as the default. In our experiments, SnZip is executed using the commands 980

specified below. 981

982
# (1) compression 983
./snzip -k -t snzip file 984
# (2) decompression 985
./snzip -kd -t snzip file.snz 986987

B.2.11 GZip 988

Gzip (Gzip, 1996) is a general-purpose lossless compression program originally developed by Jean-loup 989

Gailly for the GNU project (Gailly and Adler, 1992). In our experiments, Gzip is used according to the 990

commands specified below. 991

992
# (1) compression 993
gzip -c file > file.gz -9 994
# (2) decompression 995
gzip -d file.gz -9 996997

B.2.12 PBzip2 998

PBzip2 (PBzip2, 2015) is a parallel implementation of the Bzip2 block-sorting compression algorithm (Se- 999

ward, 2024) that utilizes pthreads to achieve near-linear speedup on SMP systems. It combines the 1000

Burrows-Wheeler block-sorting algorithm (Fenwick, 1996) with Huffman coding (Huffman, 1952) for 1001

efficient text compression. 1002

1003
# (1) compression 1004
./pbzip2 -9 -m2000 -p16 -c file > file.bz2 1005
# (2) decompression 1006
./pbzip2 -dc -9 -p16 -m2000 file.bz2 > file.bz2.reads 10071008

B.2.13 PPMD 1009

PPMD (Cleary and Teahan, 1997) is a context-based lossless compressor that implements the Partial 1010

Matching Prediction (PPM) algorithm proposed by Cleary and Witten (Cleary and Witten, 1984). PPM 1011

models use previous symbols in the input to predict the next symbol and reduce the entropy of the output 1012
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data, differing from dictionary-based methods which search for matching sequences. Based on this1013

compressor, Moffat proposed a new method that can compress faster (Moffat, 1990) at the cost of slightly1014

reducing the compression ratio. PPMD further exploits contexts of unbounded length to improve the1015

compression rate. In our experiments, PPMD is used via the 7-Zip implementation for data compression.1016

1017
# (1) compression1018
./7zz a -m0=ppmd -mx9 -mmt16 file.7z file1019
# (2) decompression1020
./7zz x -y -mx9 -mmt6 file.7z10211022

B.2.14 Lstm-compress1023

Lstm-compress (Knoll, 2017) is a lossless compression algorithm based on LSTM networks, utilizing1024

the same LSTM module and preprocessing pipeline as Cmix (Knoll, 2016). It is executed using the1025

commands specified below.1026

1027
# (1) compression1028
./lstm-compress -c file file.lstm1029
# (2) decompression1030
./lstm-compress -d file.lstm file.lstm.out10311032

C User Guideline1033

1034
# (1) Run Google Adk. If the following message appears, it indicates successful execution:1035
# Log setup complete: /tmp/agents_log/agent.20250713_175748.log1036
# To access latest log: tail -F /tmp/agents_log/agent.latest.log1037
# Running agent PMKLC_Agent, type exit to exit.1038
# [user]:1039
# Then you can communicate with AgentGC and do compress or decompress.1040
# Ensure that the necessary environment is installed before running AgentGC.1041
adk run pmklc_agent1042
# (2.1) Choose CP Mode to Compress. If you want to compress with CP mode, you can say:1043
[user]: i want to compress [FILE TO COMPRESS] use [NUM] percent of gpu memory use least disk space1044
# (2.2) Choose TP Mode to Compress. If you want to compress with TP mode, you can say:1045
[user]: i want to compress [FILE TO COMPRESS] use [NUM] percent of gpu memory as soon as possible1046
# (2.3) Choose BM Mode to Compress. If you want to compress with TP mode, you can say:1047
[user]: i want to compress [FILE TO COMPRESS] use [NUM] percent of gpu memory (and balanced1048

compression ratio and throughput)1049
# Compress NOTE: [FILE TO COMPRESS] is the Absolute Path1050
# [NUM] is a number between 1-1001051
# content in "()" can be omitted1052
# (3) Decompress. If you want to decompress a file, you can say:1053
[user]: i want to decompress [FILE TO DECOMPRESS]1054
# Decompress NOTE: [FILE TO DECOMPRESS] is the Absolute Path1055
# No [NUM] or [Mode], these message is in param file10561057

D Data Flow Formulation1058

We formulate the genomic data compression problem as a collaborative optimization process driven by1059

user intent and environmental constraints. Let x = {xi}m−1
i=0 ∈ R1×d0 denote the input genomic sequence1060

of length m, where d0 represents the alphabet size. The objective is to generate a compact binary stream1061

y = {yj}n−1
j=0 ∈ Rd1 of length n (d1 = 2), such that n ≪ m× ⌈log2 d0⌉.1062

Unlike traditional static compressors, AgentGC introduces a dynamic data flow involving user interaction1063

and hardware perception. We define the system input as a tuple I = (x, t,Φ), where t is the user-provided1064

prompt (containing intent such as compression ratio priority or throughput priority) and Φ represents the1065

environmental state (e.g., available GPU memory and hardware constraints).1066

The system models the compression mapping P : I → y through a two-stage agent-based flow:1067

• Cognitive Flow (Leader Agent): The leader agent Alead functions as a hyperparameter optimizer.1068

It accepts the prompt t and state Φ, utilizing the LLM to infer the optimal hyperparameter vector v̂1069
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(including context length c, memory threshold α, etc.): 1070

v̂ = Alead(t,Φ;ΘLLM ) (9) 1071

where ΘLLM denotes the pre-trained weights of the Large Language Model. 1072

• Compression Flow (Worker Agent): The worker agent Awork executes the lossless compression 1073

under the guidance of v̂. It dynamically learns the probability distribution Fθ parameterized by 1074

θ. The optimization objective is to minimize the difference D between the estimated distribution 1075

Fθ(x, v̂) and the true distribution F(x): 1076

θ∗ = argmin
θ

m−1∑
i=c

LCE (xi,Fθ(x<i, v̂)) (10) 1077

Finally, the arithmetic encoder E transforms the input x into the binary stream y based on the optimized 1078

probability estimates: 1079

y = E (x,Fθ∗(x, v̂)) (11) 1080

Thus, the overall goal of AgentGC is to minimize the length n = |y| subject to the constraints defined by 1081

Φ and the intent defined by t. 1082

19


	Introduction
	Problem Definition
	Related Work
	AgentGC Design
	The Leader Agent
	The Worker Agent
	Compression Modes for AgentGC

	Experimental Results
	Settings
	Compression Ratio
	Throughput
	Compression Robustness
	Memory Usage
	Ablation Study
	The Impact of (s,k)-mer Encoder

	Conclusion and Limitation
	Details of AgentGC Prompts
	Details of Datasets and Baselines
	Details of Datasets
	Details of Baselines
	PMKLC
	AGDLC
	JARVIS3
	XZ
	DNA-BiLSTM
	NAF
	DeepZip
	Spring
	LZMA2
	SnZip
	GZip
	PBzip2
	PPMD
	Lstm-compress


	User Guideline
	Data Flow Formulation

