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Abstract

Log parsing converts semi-structured logs into structured
templates, forming a critical foundation for downstream anal-
ysis. Traditional syntax and semantic-based parsers often
struggle with semantic variations in evolving logs and data
scarcity stemming from their limited domain coverage. Re-
cent large language model (LLM)-based parsers leverage
in-context learning (ICL) to extract semantics from exam-
ples, demonstrating superior accuracy. However, LLM-based
parsers face two main challenges: 1) underutilization of ICL
capabilities, particularly in dynamic example selection and
cross-domain generalization, leading to inconsistent perfor-
mance; 2) time-consuming and costly LLM querying. To
address these challenges, we present MicLog, the first pro-
gressive meta in-context learning (ProgMeta-ICL) log pars-
ing framework that combines meta-learning with ICL on
small open-source LLMs (i.e., Qwen-2.5-3B). Specifically,
MicLog: i) enhances LLMs’ ICL capability through a zero-
shot to k-shot ProgMeta-ICL paradigm, employing weighted
DBSCAN candidate sampling and enhanced BM25 demon-
stration selection; ii) accelerates parsing via a multi-level pre-
query cache that dynamically matches and refines recently
parsed templates. Evaluated on Loghub-2.0, MicLog achieves
10.3% higher parsing accuracy than the state-of-the-art parser
while reducing parsing time by 42.4%.

Introduction

In modern software systems, log data is crucial for mainte-
nance and monitoring. These systems generate vast quan-
tities of log messages, serving as indispensable resources
for subsequent tasks including anomaly detection (Du et al.
2017; He et al. 2016; Zhang et al. 2019), root cause
analysis (Amar and Rigby 2019; He et al. 2018; Lin
et al. 2016; Huang et al. 2024b), and vulnerability pre-
diction (Bilgin et al. 2020; Han et al. 2017). However,
the immense scale and complexity of logs make manual
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analysis impractical (He et al. 2021), necessitating auto-
mated log parsing techniques. Log parsing, a fundamen-
tal step in log analysis, transforms messages into struc-
tured formats by extracting: 1) log templates (consistent
parts from logging statements), and 2) log parameters (dy-
namic parts that vary per execution). As shown in Figure 1,
the logging statement client .LOG.info (f"session
closed for user {user_name}") generates mes-
sages like "session closed for user cyrus",
where the template is "session closed for user
<x>" and the parameter is "cyrus".

Industrial systems, such as black-box microservices, IoT
devices, and proprietary SaaS tools often produce logs with
unknown formats, making parsing essential for reconstruct-
ing structures without access to the logging statements.
Given the impracticality of accessing source code, various
automated parsers have been developed: (1) Syntax-based
parsers (Dai et al. 2020; Du and Li 2016; He et al. 2017; Yu
et al. 2023) use pattern recognition and clustering without
prior format knowledge (2) Semantic-based parsers (Huo
et al. 2023; Le and Zhang 2023; Liu et al. 2022) leverage la-
beled data to train classification models (3) Large language
model (LLM) based parsers (Xu et al. 2024b; Jiang et al.
2024a; Xiao, Le, and Zhang 2024; Huang et al. 2024a; Ma,
Kim, and Chen 2024; Wu, Yu, and Li 2024) utilize LLMs
to capture complex textual patterns. These tools assist engi-
neers in completing this critical initial step of log analysis.

While each log parsing approach has strengths, sig-
nificant limitations persist. Syntax-based parsers struggle
with highly variable formats, leading to inaccurate parsing.
Semantic-based parsers require extensive labeled data and
generalize poorly to unseen log formats. Although LLM-
based parsers leverage in-context learning (ICL) for im-
proved performance, recent studies (Le and Zhang 2023; Xu
et al. 2024b) reveal they underutilize ICL capabilities for
complex logs. Additionally, the time-consuming and costly
nature of LLM querying, coupled with privacy concerns
arising from leveraging commercial models like GPT to pro-
cess sensitive log data, hinders their industrial deployment.



Logging Statements

Client.LOG.info(f 'session opened for user {user_name}')
Client.LOG.debug(f 'check pass; user unknown')
Client.LOG.error(f file {file_path} does not exist')

=

Log Messages

Jun 15 04:06:19
Jun 15 04:06:34
Jun 15 04:07:46

INFO: session closed for user cyrus
DEBUG:check pass; user unknown
ERRORffile /root/user/input/file.txt does not exist

Why? Inaccessible

Structured Logs

Log Parsing

Scenario Example Impact Date |Time Level Template Parameters

3rd-Party Systems§®|SaaS, hardware No template access Jun 15)04:06:19 |INFO session closed for user <*> |['cyrus']

Legacy Code Undocumented systems|Lost logging logic Jun 15]04:06:34 |DEBUG |check pass; user unknown [[]

Dynamic Env Ei, Containers, K8s Ephemeral instances| Jun 15]04:07:46 |[ERROR |[file <*> doe not exist ['/root/user/input/file.txt']

Figure 1: A simple process of Log Parsing.

To address these limitations, we propose MicLog, an
effective and efficient progressive meta in-context learn-
ing (ProgMeta-ICL) log parsing framework that leverages
ProgMeta-ICL to enhance the ICL capabilities of LLMs
in log parsing tasks. Specifically, MicLog comprises three
main components: a weighted DBSCAN sampler, a pro-
gressive meta in-context training module, and a multi-level
cache-enhanced LLM ICL log parser (MLCELI-Parser).
The weighted DBSCAN sampler employs a carefully de-
signed algorithm to extract samples from open-source
datasets based on a predefined sampling ratio after log pre-
processing. These extracted samples serve two purposes: (1)
First, they are used for progressive meta in-context train-
ing to enhance ICL capabilities; (2) Second, the MLCELI-
Parser employs them to construct ICL prompts when no
matching templates are found in the cache. Before querying
the LLM, MLCELI-Parser matches raw logs against cached
templates and updates the cache with new templates derived
from LLM query results to improve efficiency.

MicLog has been thoroughly evaluated on all 14 pub-
lic datasets of Loghub-2.0 (Jiang et al. 2024b). The re-
sults show that MicLog achieves the highest average accu-
racy on all performance metrics, achieving (1) 97.6% Pars-
ing Accuracy, (2) 95.3% Precision Template Accuracy, and
(3) 90.5% Recall Template Accuracy when using same-
source prompt examples. This outperforms the current state-
of-the-art method AdaParser (Wu, Yu, and Li 2024) by
10.3%, 12.6%, and 6.1%, respectively. Moreover, driven by
its multi-level cache mechanism, MicLog achieves a 42.4%
reduction in total parsing time compared to AdaParser, while
also surpassing the most efficient baseline Drain (He et al.
2017). The evaluation results demonstrate that MicLog is an
effective and efficient log parsing framework in real-world
deployment.

This paper presents the following key contributions:

* We propose MicLog, the first ProgMeta-ICL log parsing
framework, which effectively addresses the limitations of
existing LLM-based parsers.

* We introduce a meta in-context training paradigm that
facilitates efficient meta-learning, gradually transitioning
from zero-shot to few-shot learning. This enables LLMs
to improve their ICL capabilities.

* We propose a multi-level cache-enhanced LLM ICL log
parser (MLCELI-Parser) to matches input logs against
cached templates and updates the cache with new tem-
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plates derived from LLM ICL outputs when misses oc-
cur.

* We present the evaluation of MicLog on public datasets
using three different performance evaluation metrics.
The results show that MicLog achieves state-of-the-art
performance, surpassing existing LLM-based parsers.

Related Work
Log Parsing

Log parsing, the foundational phase of automated log analy-
sis (He et al. 2021; Zhu et al. 2019), extracts templates from
raw messages by distinguishing variables from constants to
produce structured logs. As Figure 1 illustrates, parsers first
extract headers (timestamps and verbosity levels) using reg-
ular expressions (Li et al. 2024b) due to their predictable
structure, with research primarily focusing on deriving tem-
plates and parameters from log message bodies. Industrial
challenges arise from growing log volumes and evolving
template complexity, where source code access would facil-
itate constant extraction but security and privacy constraints
often prohibit this. Consequently, automated parsers have
emerged—syntax-based (Shima 2016; Dai et al. 2020; Du
and Li 2016; He et al. 2017; Yu et al. 2023), semantic-based
(Huo et al. 2023; Le and Zhang 2023; Liu et al. 2022), and
LLM-based (Xu et al. 2024b; Jiang et al. 2024a; Xiao, Le,
and Zhang 2024; Huang et al. 2024a; Ma, Kim, and Chen
2024; Wu, Yu, and Li 2024; Zhong et al. 2024)—yet these
exhibit limitations: syntax-based parsers rely on domain-
specific features that may misalign with actual log content;
semantic-based parsers struggle to generalize across highly
diverse datasets; and LLM-based parsers, despite improved
robustness, still underperform on complex datasets with in-
adequate robustness metrics. We therefore posit that fully
leveraging LLLMs’ ICL potential is essential to enhance ac-
curacy and robustness for complex log parsing tasks.

Large Language Models and In-Context Learning

LLMs (Zhao et al. 2023; Yao et al. 2024), trained on mas-
sive corpora via self-supervised learning, have revolution-
ized NLP with capabilities in text generation, language un-
derstanding, and complex reasoning, capturing rich seman-
tic and syntactic patterns within their billion-parameter ar-
chitectures. A key capability enabling their flexibility is ICL
(Dong et al. 2022; Min et al. 2022; Akyiirek et al. 2022;
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Figure 2: The workflow of MicLog framework. Sampling and ProgMeta-ICL are performed before online log parsing. The
ProgMeta-ICL dataset and inference dataset need to be labeled before progressive meta in-context training and log parsing.

Xu et al. 2024a; Li, Wang, and Ke 2023), which allows
LLMs to adapt to tasks without fine-tuning. By providing
few-shot examples directly within prompts, LLMs infer pat-
terns and generate appropriate responses while leveraging
pre-trained knowledge. This approach eliminates the need
for extensive labeled training data and has proven effec-
tive across diverse NLP tasks including sentiment analysis,
QA, and code generation. For the critical automation task of
log parsing, where traditional syntax or semantic-based ap-
proaches struggle with real-world complexity and diversity,
LLMs with ICL offer a promising alternative by leveraging
their natural language understanding to handle log seman-
tics, adapting to new formats via example-based prompting,
and operating effectively with minimal labeled data. When
provided with log-template examples in prompts, LLMs can
accurately parse unseen logs, an adaptability particularly
valuable for heterogeneous systems with significantly vary-
ing log structures, as it eliminates the need for retraining.

Meta In-Context Learning

While ICL enables LLMs to adapt to tasks using few-shot
examples in prompts, its effectiveness diminishes when task
inputs are low-quality or inherently complex. Recent stud-
ies (Min et al. 2021; Chen et al. 2021; Li et al. 2024a;
Coda-Forno et al. 2023) address this through meta in-context
learning (Meta-ICL), which trains models explicitly to en-
hance ICL capabilities via multitask learning using fixed-
shot examples. However, existing methods rely on fixed ex-
ample counts per task during meta-training, which is sub-
optimal as tasks vary in their example requirements. To ad-
dress the limitations of Meta-ICL, we extend this paradigm
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with ProgMeta-ICL: a flexible, dynamic approach featur-
ing a two-stage training process. First, the model is trained
across diverse tasks under few-shot conditions to capture
foundational patterns. Subsequently, examples per log pars-
ing task are progressively increased to refine task-specific
understanding. This staged exposure enables adaptive learn-
ing, enhances complex task performance and improves ro-
bustness across diverse scenarios.

Method

In this section, we introduce MicLog, a ProgMeta-ICL
LLM-based log parsing framework. As illustrated in Figure
2, MicLog is composed of three components, and its overall
procedure is summarized in Algorithm 1.

Weighted DBSCAN Sampler

Both the ProgMeta-ICL and parsing stages begin by sam-
pling a small subset of candidate log-template pairs. This
subset must be diverse to avoid LLM overfitting and suffi-
ciently representative to cover varied logs and their key char-
acteristics.

After deduplication in preprocess, we propose a weighted
DBSCAN sampling method to extract small, diverse, and
representative log subsets. DBSCAN (Ester et al. 1996;
Schubert et al. 2017) clusters densely packed points using
parameters € (neighborhood radius) and Min Pts (minimum
cluster density), labeling sparse points as noise. We lever-
age DBSCAN’s core points for clustering and incorporate
weighting to efficiently sample representative logs. For each
log | € D, complexity is computed via Equation 1.



Task: C' progressive meta in-context training tasks

Data given: Training examples 7} = {(z}, y})}

N;
j:17

Vi € [1, C)(N; > K), max shot number K

Progressive meta

Objective: arg maxc.cc P(c|lz1,y1,- -

s Lky Yk, xtaT'get)

in-context Objective: For each iteration,
training 1. Sample task ¢ € [1, C]
2. Iterate over shot number k from 0 to K
3. Sample k examples from T5: (x1,y1), - , (Tk, Yk)
4. Maximize P(Ytrain|T1,Y1, " , Thy Yk, Ttrain)
| Task: An unseen target task
Inference \ Data given: Training examples (z1,v1), - , (T, Y ), Test input Tiarger

Table 1: Progressive meta in-context training and inference process

Algorithm 1: MicLog: Progressive Meta ICL Log Parsing

Require: Raw log dataset D, Initial LLM parameters 6, Max shot
number k, Sampling ratio «, LRU cache capacity Cacherru,
Pattern cache Cachepasiern

Ensure: Parsed templates 7, Meta-trained LLM parameters 0*

1: Stage 1: Sampling

2: Dyedup < deduplicate(D)

3: Smeta, Sinf  WeightedDBSCAN(Dyedup, )

4. Stage 2: ProgMeta-ICL

5: for shot = 0 to k do

6: Sample task batch B ~ Smeta

7

8

9

Concatenate shot examples: prompt < {(x;,y;) }y5hs!

j=1
: Update 0 < 6 — V LprogMeta-1CL
: end for

10: 0" <0

11: Stage 3: Parsing with Multi-Level Cache

12: for each raw log [; € D do

13: if [; € Cacherru then

14: t; CacheLRU[li]

15:  elseif 3t, € Cachepaem s.t. validate(l;, t,) then
16: t; < tp, Update Cacherru with (15, ;)

17: else

18: Retrieve top-k logs R < BM25(l;, Sint)

19: Construct ICL prompt P < {R, [}, t; < LLMg= (P)
20: Update Cacherru, Cachepaten With (15, t;)
21: end if

22: T« TU{ti}

23: end for

complexity(l) = token; "™ + length, (D

Here, token; equals to the number of token of log [ and
length; means log’s length. To prevent numerical instabil-
ity, we introduce a constant smoothing factor factor, for
computing weights that incorporate each log’s complexity.

_ complexity(l) + factor,
- > 1, eplcomplexity(l;) + factors]

DBSCAN also introduces neighborhood radius and min-
imum points to assist in completing the clustering process.
Besides, the complexity is also utilized here to calculate the
Euclidean distance of the complexity of a log. After cluster-
ing concludes, samples are extracted from each cluster in ac-

w

(©))
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cordance with the weight computed using Equation 2, based
on the specified sample ratio. We reuse this algorithm and
obtained two datasets, one is ProgMeta-ICL dataset to com-
plete meta in-context training, and the other is the inference
dataset for generating ICL prompt.

Progressive Meta In-Context Training

Table 1 provides an overview of the progressive meta in-
context training process in MicLog. The key idea is to use a
multi-task learning scheme over a large collection of meta-
training tasks, in order for the LLMs to learn how to con-
dition on a small set of ICL examples, understand the core
content of the current task from it, and provide the corre-
sponding log template output. The meta in-context training
examples are concatenated as a single input to the LLM,
which sequentially presents the 0-shot to k-shot (e.g., kK =5)
learning procedure. At test time, the meta in-context trained
LLM is evaluated on unseen target tasks that come with &
training examples, and inference directly follows the same
data format as in meta-training.

By analyzing the work of Zhang et al. (Zhang et al. 2023),
in the ProgMeta-ICL stage, the goal is to minimize the meta-
loss across a range of tasks 7, where each task 7; requires
its own ICL setting. Meta-learning aims to train a model
that can rapidly adapt to new tasks by leveraging prior learn-
ing. For each task 7; drawn from a meta-distribution P(7),

let S}Ti) denotes the demonstration set for task 7;, and the
meta-objective is to minimize the expected ICL loss over
tasks:

3)

The meta-learner aims to minimize this loss across tasks
by learning a shared representation 6. For a meta trained
LLM, when facing any new task 7; by leveraging ICL
paradigm, the model can quickly adapt to minimize:

[fProgMeta—ICL = ETN'P(T) ‘CICL(T’ S;T)):|

T
1
Lior(Ty) = 7 ; —log P(ri|e, $1,60)  (4)
where r; represents the verbalizer associated with input x;
for task 7;, x; is the input at step ¢, S;_1 is the set of input-
label pairs up to step t — 1. The parameter 6 is optimized by



the meta-learner to be task-agnostic and it can quickly adapt
for different tasks.

Multi-level Cache Enhanced LLM ICL Log Parser

MicLog employs a multi-level caching mechanism to mini-
mize redundant LL.M invocations and accelerate parsing by
exploiting structural patterns in log streams. The cache ar-
chitecture consists of two synergistic components:

* LRU Cache: Maintains recently parsed (raw log,
template) pairs in an ordered dictionary with fixed capac-
ity Cacherry. Entries satisfy ||l;]|wkens < 7, With least-
recently-used eviction when exceeding capacity:

CacheLRU = {(lz,tz) | 7 c []., CLRU]} (5)

* Pattern Cache: Stores template patterns ¢,, for structural
matching, where 7)(+) performs pattern normalization:

(6)

Cache lookup follows a two-stage process. First, the raw
log lw is checked against the LRU cache for an exact
match. If found, the corresponding template is returned im-
mediately. On LRU miss, [, is normalized and compared
against all patterns in the pattern cache. The validation
function validate({,orm, tp) decomposes ,, into constant seg-
ments {s;} separated by " <x>", verifying their ordered oc-
currence in lnorm With strictly increasing positions pos;:

Cachepyyern = {tp | tp = n(tparsed)}

Vs; € segments(t,), 3pos; | lnom[pOs; : pos;+||s;|] = s;
(7

This design achieves O(1) exact-match lookups and O(k)
pattern-match lookups (k = ||Cachepyyerm||). Upon success-

ful pattern match, the template ¢, is cached in the LRU and
returned. On full cache miss, newly generated templates,
which returned by the LLM ICL log parser, update both
caches.

Our LLM-based log parser begins with constructing ef-
fective prompts. We select k£ semantically relevant logs from
the inference dataset. Studies demonstrate that example se-
lection critically impacts LLM performance (Rubin, Herzig,
and Berant 2021), with recent work (Xu et al. 2024b) show-
ing that ordering k-shot examples by ascending similarity
maximizes log parsing accuracy.

We implement an enhanced BM25 algorithm (Robertson,
Zaragoza et al. 2009) for efficient similarity search. For a
log corpus D containing N entries, we compute the Inverse
Document Frequency (IDF) (Robertson 2004) for each w as:

N — f(w)+0.5
f(w)+0.5 + 1)

where f(w) denotes the document frequency of w. The
BM2S5 score between query log g and candidate log d is:

TF(w,d) - (k1 + 1)
TF(w, d) + ki - (1 —b+b- a‘vfé‘l)
&)

where TF(w,d) is w’s term frequency in d, |d| is log
length, avg_l is average log length in D, and k1, b are tunable

IDF(w) = log < ®)

BM25 = > " IDF(w) -

weq
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parameters controlling term frequency saturation and length
normalization.

The top k candidates identified by BM25 are sorted in de-
scending similarity order to generate the prompt. The parsed
log template for the current raw log is retrieved via the meta
in-context trained LLM query.

Evaluation

In this section, we outline the experimental setup, followed
by the evaluation results and analysis conducted on public
datasets to address the following research questions:

RQ1: How effective and stable is MicLog?

RQ2: How does each component contribute to MicLog?
RQ4: How efficient is MicLog?

RQ4: How do different training strategies affect MicLog?

Experiment Setup

Datasets. Our experiments utilize Loghub-2.0 (Jiang et al.
2024b), a comprehensive log parsing datasets from LogPAI
(Zhu et al. 2019). Loghub-2.0 contains 14 datasets of sys-
tem logs from diverse sources such as distributed systems,
supercomputer systems, and server-side applications, total-
ing over 50 million log messages and 3,488 log templates.

Baselines. We select Drain (He et al. 2017), Brain (Yu
etal. 2023), LogPPT (Le and Zhang 2023), LUNAR (Huang
et al. 2024a), LibreLog (Ma, Kim, and Chen 2024), LILAC
(Jiang et al. 2024a) and AdaParser (Wu, Yu, and Li 2024) as
our baselines for comparison. The first two parsers demon-
strate superior performance among all syntax-based parsers.
The semantic-based parser, LogPPT leverages template-free
prompt-tuning (Ma et al. 2021) to fine-tune a pre-trained
language model, RoBERTa (Liu 2019). LLM-based paser
LUNAR leverages log contrastive units to facilitate effec-
tive comparisons by the LLM. LibreL.og uses open-source
LLMs to parse logs by syntactic similarity in the static text.
LILAC utilizes the ICL capability to adapt LLMs to parse
various log data with adaptive parsing cache. AdaParser im-
proves parsing accuracy based on SG-ICL and selfcorrec-
tion. Due to the unavailability of the original GPT-3 ver-
sions (Brown 2020) required by LUNAR, LibreLog, LILAC
and AdaParser, we replicate their experiments using gpt-3.5-
turbo-0125 for comparative analysis.

Metrics. In line with recent studies (Khan et al. 2022; Xu
et al. 2024b), our evaluation employs three metrics: Pars-
ing Accuracy (PA), Precision Template Accuracy (PTA), and
Recall Template Accuracy (RTA), with the latter two metrics
collectively referred to as Template Accuracy (TA). The def-
initions of these metrics are as follows:

* Parsing Accuracy (PA) is used to evaluate the ability to
correctly extract log templates, defined as the ratio of cor-
rectly parsed log messages to the total number of logs.

» Template Accuracy (TA) is a template-level metric cal-
culated based on the proportion of correctly identified
templates. Using the number of correctly identified tem-
plates (/V.), identified templates (INV;) and ground-truth
templates (N,), we calculate the Precision (PT'A = %—:)

and Recall (RT'A = %; ).




Dataset | Drain | Brain | LogPPT | LUNAR | LibreLog | LILAC | AdaParser | MicLog

‘ PA PTA RTA‘ PA PTA RTA‘ PA PTA RTA‘ PA PTA RTA‘ PA PTA RTA‘ PA PTA RTA‘ PA  PTA RTA ‘ PA PTA RTA
Apache 72.3 48.3 50.0|28.7 45.2 50.0| 94.8 39.8 34.6|50.8 69.0 69.0] 99.6 85.4 92.9]99.5 82.8 82.8/99.9 93.1 93.1 [100.0 100.0 100.0
BGL 40.7 16.4 21.3|40.2 159 22.5| 93.8 30.5 22.4|60.6 79.0 82.2| 929 86.4 84.1|95.3 739 80.6| 98.0 80.8 79.1 | 99.0 92.5 85.3
Hadoop 51.2 32.0 46.0|14.1 15.2 29.5| 66.6 49.6 38.4|85.9 73.4 75.8| 87.1 87.9 87.7| 839 77.2 75.8| 955 834 852 |94.0 979 96.6
HDFS 62.1 58.7 58.7|92.9 63.4 56.5| 94.3 28.0 35.2|87.4 97.8 97.8100.0 98.4 98.4[100.0 95.7 97.8{100.0 100.0 100.0|100.0 100.0 100.0
HealthApp |18.3 0.2 36.6|17.1 29.4 35.8|99.7 82.2 82.2|98.2 86.9 89.1| 97.4 87.9 90.4| 73.6 85.0 87.2| 86.4 88.5 89.1 (100.0 93.9 88.5
HPC 72.1 9.0 46.8|66.3 14.4 48.4| 99.7 70.8 81.4|99.0 69.7 93.2| 97.3 88.4 81.9| 70.3 77.3 78.4| 80.3 89.2 89.2 | 99.6 80.0 54.1
Linux 9.9 17.7 253| 8.7 21.1 29.2| 16.8 26.8 52.3|84.3 72.6 76.0| 90.2 89.6 90.4| 84.2 739 73.7| 73.2 750 763 ]99.1 96.6 92.9
Mac 28.1 3.8 25.2(32.4 249 33.4]39.0 25.6 32.6|59.2 55.4 56.5| 65.4 50.2 60.5| 68.5 54.0 64.1| 579 594 588|954 964 944
OpenSSH  |58.5 37.5 42.9]48.1 26.5 37.1| 654 8.1 14.3]69.1 80.5 86.8|49.6 34.8 30.6| 96.8 85.7 78.9| 94.2 92.3 94.7 | 942 94.6 92.1
OpenStack | 2.9 0.1 14.6(14.1 29.2 29.2| 40.6 70.4 78.3|94.2 82.4 87.5| 83.1 72.9 68.2/100.0 93.8 93.8/100.0 97.9 97.9 |{100.0 100.0 100.0
Proxifier 68.8 8.8 45.5|70.3 87.5 63.6[100.0 95.7 95.7|51.1 72.7 72.7| 89.7 90.5 86.1{100.0 90.9 90.9| 98.4 91.7 100.0/100.0 100.0 100.0
Spark 39.4 38.8 42.6(39.3 5.5 38.7] 952 36.0 27.8|97.0 70.1 74.6| 88.9 70.5 62.7|97.3 80.4 78.4| 982 80.3 79.2 ({100.0 93.8 90.3
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Table 2: Performance of Various Log Parsing Methods on Loghub-2.0 Datasets (%)
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Figure 3: Robustness comparison between baselines and MicLog on public datasets (%)
Environment and Implementation. We conduct experi- Test Condition PA PTA RTA
mer;tszl(l)szlzg fthe locallopeq-sourcg LCLM (f)wenZ.S-SB (Yang MicLog epoch=>5 976 953 90.5
etal. ) for meta-learning an ICL inference on an RTX MicLog epoch=1 963 (11.3) 93.9(l1.4) 89.7(10.8)
4090 GPU to obtain raw prompt responses. We also em- w/o ProgMeta-ICL  87.3(}10.3) 60.2({35.1) 62.0(]28.5)
ployed Python 3.10 to implement the weighted DBSCAN w/ k-means sampling  97.1 (J0.5)  92.0({3.3)  88.5(/2.0)
sampler, BM25 selector, multi-level cache, and evaluation w/ random sampling  93.7 ({3.9) 76.8 ({18.5) 72.9({17.4)
scripts on Ubuntu 22.04 LTS server. For meta in-context w/ LILAC cache 97.6 (-) 94.4(]0.9) 89.0(/1.5)
training, MicLog samples only 0.009% (326 logs avg.) logs w/ random selection  94.7.(]2.9)  79.1 (116.2) 73.4 (117.1)
from Loghub-2.0 for maximum training efficiency. During w/ Proxifier only 958 (11.8)  90.2(]5.1) 87.1(]3.4)

ICL inference, 5 labeled examples per query are selected
from the candidate set for prompt construction. We repeated
each experimental configuration five times and calculated
their mean as the final result. All configurations remain fixed
throughout evaluation.

RQ1: Effectiveness

In this section, we perform a comprehensive evaluation of
the accuracy and robustness of MicLog, along with the base-
lines, across all datasets from Loghub-2.0. We assess the ac-
curacy of the parsers using PA, PTA, and RTA, and evaluate
their robustness by analyzing the statistical distribution.

Accuracy. Table 2 presents comprehensive evaluation re-
sults on Loghub-2.0, with best metrics per dataset in
bold. MicLog averages 97.6% PA, 95.3% PTA, and 90.5%
RTA, outperforming the SOTA pasers AdaParser by 10.3%,
12.6%, and 6.1%, respectively. To assess if MicLog sig-
nificantly outperforms AdaParser, we performed one-sided
Wilcoxon signed-rank tests (Rey and Neuhduser 2011) for
the three metrics across 14 datasets. The p-values (0.0038,

Table 3: Average accuracy comparison on Loghub among
MicLog with different strategies (%)

0.0036, 0.0356) are all below 0.05 and test statistics are
(63.0, 84.0, 62.0), providing strong evidence for MicLog’s
superior performance.

Robustness. Following recent work (Xu et al. 2024b), we
compare the robustness of MicLog and baselines using box
plots of three metrics across datasets. The orange line marks
the median and the green triangle marks the mean. As shown
in Figure 3, MicLog attains the highest accuracy and the
smallest variance, reflected by its narrowest distribution.
This demonstrates MicLog’s strong robustness.

RQ2: Ablation Study

In this section, we conduct ablation study to discuss the con-
tribution of each component in MicLog. We have developed
seven variants of MicLog, the first one reset the hyperparam-
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Figure 4: Efficiency of MicLog and baselines on Loghub-2.0

eter epoch, five of them were replaced based on the com-
ponents of MicLog, and the last one was studied based on
1/14 of the training data, namely: 1) MicLog epoch=1: reset
epoch from 5 to 1; 2) MicLog w/o ProgMeta-ICL: remove
the ProgMeta-ICL design; 3) MicLog w/ k-means sampling:
replace the weighted DBSCAN sampler by a k-means sam-
pler; 4) MicLog w/ random sampling: replace the weighted
DBSCAN sampler by a random sampler; 5) MicLog w/
LILAC cache: replace the multi-level cache by cache in
LILAC; 6) MicLog w/ random selection: replace the BM25
selector by a random selector; 7) MicLog w/ Proxifier only:
employ meta in-context training only in dataset Proxifier and
test on all datasets.

The detailed evaluation results are shown in Table. 3, in
which the following points can be made: (1) Progressive
meta in-context train only 1 epoch leads to good enough
result to surpass the SOTA method. (2) Removal of the
ProgMeta-ICL module causes the most significant perfor-
mance degradation, confirming its critical role in enhanc-
ing the LLM’s in-context learning capability. (3) Substitut-
ing the weighted DBSCAN sampler with k-means yields
marginal performance drops, while random sampling results
in substantially larger reductions. (4) Caching hardly af-
fects MicLog’s accuracy, since this component is designed
to optimize efficiency (discussed in RQ3). (5) Replacing
the BM25 selector with random selection severely im-
pacts average performance. (6) Generalization of ProgMeta-
ICL paradigm: Proxifier represents a distinct distribution
from other datasets. Our framework significantly enhances
LLMs’ ICL capabilities for log parsing using only Proxifier,
achieving performance comparable to MicLog. This con-
firms our method genuinely improves ICL capabilities rather
than dataset familiarity, and demonstrates effective general-
ization to diverse datasets with minimal training data.

RQ3: Efficiency

We evaluate MicLog and baselines on Logpub-2.0, record-
ing average parsing times across datasets. The efficiency re-
sults are demonstrated in the Figure 4. The time cost analysis
for MicLog incorporates both meta in-context training and
parsing phase operations (cache retrieval and LLM queries).
Results demonstrate that MicLog achieves lower average
times across all Loghub-2.0 datasets than any baselines, re-
ducing total parsing time by 42.4% compared to AdaParser
while outperforming even the most efficient baseline, Drain.
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Test Condition PA PTA RTA

MicLog 97.6 95.3 90.5

w/ 0-shot only 94.4 (13.2) 85.4(19.9) 794 (11.1)
w/ 1-shot only 94.6 (13.0) 86.8 (18.5) 79.7(10.8)
w/ 3-shot only 94.6 (13.0) 85.7(19.6) 80.1(J10.4)
w/ 5-shot only 95.8 (11.8) 87.5(]7.8) 81.4 (19.1)
w/o ProgMeta-ICL  87.3 (10.3) 60.2 ({35.1) 62.0({28.5)

Table 4: Average accuracy comparison among MicLog with
different shot meta in-context learning strategies (%)

Notably, MicLog’s average cache time (63.5s) is substan-
tially lower than LILAC’s 376.5s (not list in the figure) de-
spite both employing caching mechanisms. This efficiency
stems from MicLog’s multi-level architecture, which cap-
italizes on the temporal locality of log data - where iden-
tical or similar log entries frequently recur in short inter-
vals. Our design significantly increases cache hit rates in
such scenarios, accelerating parsing throughput. Moreover,
by leveraging the open-source Qwen-3B LLM, our approach
effectively addresses privacy concerns while achieving sub-
stantially lower training and inference costs than methods
relying on proprietary models like the GPT-3.5 series or
resource-intensive alternatives such as Llama3-8B.

RQ4: Impact of Different Training Stratgies

Previous Meta-ICL methods rely on fixed-shot demon-
strations during meta-training, limiting adaptability to di-
verse task complexities. MicLog overcomes this constraint
through 0-shot to k-shot ProgMeta-ICL demonstrations.

As shown in Table 4, MicLog utilizes meta-training
data from 0O-shot to 5-shot, while other variants rely solely
on single-shot. All models are evaluated with 5-shot ICL
prompts. Results indicate that LLMs meta-trained on any
single shot (0/1/3/5) perform similarly across metrics and
significantly outperform non-Meta-ICL baselines, showing
that minimal meta-training substantially improves ICL uti-
lization. Moreover, MicLog’s progressive training yields
further significant improvements, achieving over 90% ac-
curacy on two TA metrics. This demonstrates its superior
ability to build in-context understanding.

Conclusion

In this paper, we introduce MicLog, an effective and effi-
cient log parsing framework that boosts LLMs ICL capabil-
ity via ProgMeta-ICL. MicLog employs a progressive meta-
learning process (from 0-shot to few-shot), supported by a
weighted DBSCAN algorithm for sampling highly represen-
tative examples. Prior to LLM querying, a multi-level cache
matches raw logs with existing templates and updates new
templates from the LLM response on mismatches. Further-
more, we propose an efficient enhanced BM25 method for
retrieving similar examples for prompt generation. Rigorous
evaluation on benchmark datasets demonstrates that MicLog
significantly outperforms existing parsers in both accuracy
and robustness, highlighting its potential for log analysis re-
search and practice.
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