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Abstract
In the field of Artificial Intelligence for Information Technology Op-

erations, causal discovery is pivotal for operation and maintenance

of systems, facilitating downstream industrial tasks such as root

cause analysis. Temporal causal discovery, as an emerging method,

aims to identify temporal causal relations between variables directly

from observations by utilizing interventional data. However, exist-

ing methods mainly focus on synthetic datasets with heavy reliance

on interventional targets and ignore the textual information hidden

in real-world systems, failing to conduct causal discovery for real

industrial scenarios. To tackle this problem, in this paper we investi-

gate temporal causal discovery in industrial scenarios, which faces

two critical challenges: how to discover causal relations without the

interventional targets that are costly to obtain in practice, and how

to discover causal relations via leveraging the textual information in

systems which can be complex yet abundant in industrial contexts.

To address these challenges, we propose the RealTCD framework,

which is able to leverage domain knowledge to discover temporal

causal relations without interventional targets. We first develop

a score-based temporal causal discovery method capable of dis-

covering causal relations without relying on interventional targets

through strategic masking and regularization. Then, by employ-

ing Large Language Models (LLMs) to handle texts and integrate

domain knowledge, we introduce LLM-guided meta-initialization

to extract the meta-knowledge from textual information hidden in

systems to boost the quality of discovery. We conduct extensive

experiments on both simulation datasets and our real-world appli-

cation scenario to show the superiority of our proposed RealTCD
over existing baselines in temporal causal discovery.
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1 Introduction
The advent of Artificial Intelligence for Information Technology

Operations (AIOps) has revolutionized the way we manage and

operate complex information systems. Causal discovery plays a

pivotal role in understanding the intricate network of dependencies

and influences within these systems [2, 30, 57, 59], offering invalu-

able insights for various downstream industrial tasks in AIOps,

including anomaly detection [54] and root cause analysis [45, 53]

etc. For instance, by equipping AIOps with the ability to accurately

identify the underlying causal structures, AIOps systems can ef-

fectively detect abnormal behaviors and determine the underlying

causes of system failures, thus leading to enhanced operational

efficiency and improved decision-making processes in the industry.

Temporal causal discovery, as an emerging approach, aims to

directly identify temporal causal relationships between variables

based on observational data, with the utilization of interventional

data. This group of methods has gained significant attention in

recent years due to their promising potential to uncover causal

dependencies in dynamic systems. Brouillard et al. [6] and Li et al.

[26] employ temporal causal discovery methods to leverage various

types of interventional data and have achieved remarkable progress

in discovering the underlying temporal causal relationships.

However, the existing studies mainly focus on studying synthetic

datasets, which strongly rely on interventional targets and ignore

the intricate complexities and nuances hidden in real-world systems,
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failing to conduct causal discovery for real industrial scenarios. In

this paper, we tackle this problem by studying temporal causal

discovery in industrial scenarios, which is non-trivial and poses

the following two critical challenges:

• How to discover causal relationships without the interventional

targets that are normally costly to obtain in practice?

• How to discover causal relationships via leveraging the textual

information in systems which can be complex yet abundant in

industrial contexts?

To address these challenges, we propose the RealTCD frame-

work, which is able to leverage the textual information from real-

world systems to discover temporal causal relationships without

interventional targets. Specifically, we first develop a score-based

temporal causal discovery method that learns the underlying causal

relationship without interventional targets through strategic mask-

ing and regularization. We impose regularizations on both the ad-

jacency matrix and interventional family within the context of the

regularized maximum log-likelihood score, and optimize them in a

joint manner. In this way, the costly interventional targets are not

required for broader applications in real-world industrial scenarios.

Subsequently, by leveraging Large Language Models (LLMs) to han-

dle texts, we introduce LLM-guided meta-initialization that infers

and initializes the inherent causal structures from the textual infor-

mation in systems for the aforementioned discovery process, which

incorporates the domain knowledge while upholding the theoreti-

cal integrity of temporal causal discovery. Extensive experiments

on both simulation and real-world datasets demonstrate the superi-

ority of our RealTCD framework over existing baselines. Deeper

analyses also show that our method can effectively discover the

underlying temporal causal relationships without interventional

targets in industrial scenarios. In summary, our main contributions

are as follows:

• We study the problem of temporal causal discovery in industrial

scenarios. To the best of our knowledge, we are the first to solve

the problem with Large Language Models (LLMs) and without

interventional targets.

• We propose the RealTCD framework, including two specially

designed modules: score-based temporal causal discovery and

LLM-guided meta-initialization, which is able to leverage the

textual information in systems to discover temporal causal rela-

tionships without interventional targets in industrial scenarios.

• Extensive experiments on both simulation and real-world datasets

demonstrate the superiority of our framework over several

baselines in discovering temporal causal structures without

interventional targets.

2 Preliminary
2.1 Dynamic Causal Graphical Model
Since causal graphical models (CGMs) support interventions com-

pared with standard Bayesian Networks, we introduce the dynamic

causal graphical models (DyCGMs) extended from CGMs in order

to formulate interventions between variables across time slices.

Suppose that there are 𝑑 different measuring points in a system,

and we consider causality within 𝑝 time-lagged terms. Therefore,

the object of our study on temporal causal discovery is actually

(𝑝+1)×𝑑 random variables𝑁0,1, . . . , 𝑁0,𝑑 , . . . , 𝑁𝑝,1, . . . , 𝑁𝑝,𝑑 , where

𝑁𝑘,𝑙 , 𝑘 ∈ {0, . . . , 𝑝}, 𝑙 ∈ {1, . . . , 𝑑} denotes the 𝑘 time-lagged ver-

sion of the 𝑙th measuring point. For the convenience of subse-

quent presentation, we abbreviate the above variables in order as

𝑋𝑖 , 𝑖 ∈ {1, . . . , (𝑝 + 1)𝑑}.
Based on this, a DyCGM is defined by the distribution 𝑃𝑋 over

the vector 𝑋 = (𝑋1, . . . , 𝑋 (𝑝+1)𝑑 ) and a DAG G = (𝑉 , 𝐸). To be spe-
cific, each node 𝑖 ∈ 𝑉 = {1, . . . , (𝑝 + 1)𝑑} is related with a random

variable𝑋𝑖 , 𝑖 ∈ {1, . . . , (𝑝 +1)𝑑}, and each edge (𝑖, 𝑗) ∈ 𝐸 represents

a direct causal relation from variable 𝑋𝑖 to 𝑋 𝑗 . Under the Markov

assumption of the distribution 𝑃𝑌 and graph G, the joint distribu-

tion can be factorized as 𝑝 (𝑥1, . . . , 𝑥 (𝑝+1)𝑑 ) =
(𝑝+1)𝑑∏
𝑗=1

𝑝 𝑗 (𝑥 𝑗 |𝑥𝜋G
𝑗

) ,

where 𝜋
G
𝑗
is the set of parents of the node 𝑗 in the graph G, and

𝑥
𝜋
G
𝑗

denotes the entries of the vector 𝑥 with indices in 𝜋
G
𝑗
.

We also assume causal sufficiency, which means there is no hid-

den common cause that is causing more than one variable in𝑋 [35].

2.2 Intervention
An intervention on a variable 𝑥 𝑗 corresponds to replacing its condi-

tional density 𝑝 𝑗 (𝑥 𝑗 |𝑥𝜋G
𝑗

) by a new one. Apart from that, we define

the interventional target, a set 𝐼 ⊆ 𝑉 consisting of the variables

being intervened simultaneously, and the interventional family
I := (𝐼1, . . . , 𝐼𝑄 ), where Q is the number of interventions. To be spe-

cific, the observational setting, where no variables were intervened,

is always known and denoted by 𝐼1 := ∅. The 𝑞th interventional

joint density can be represented as

𝑝 (𝑞) (𝑥1, . . . , 𝑥 (𝑝+1)𝑑 ) :=
∏
𝑗∉𝐼𝑞

𝑝
(1)
𝑗

(𝑥 𝑗 |𝑥
𝜋
G
𝑗

)
∏
𝑗 ∈𝐼𝑞

𝑝
(𝑞)
𝑗

(𝑥 𝑗 |𝑥
𝜋
G
𝑗

) . (1)

Note that, in the temporal domain, merely the contemporary

variables 𝑁0,1, . . . , 𝑁0,𝑑 , i.e. 𝑋1, . . . , 𝑋𝑑 can be intervened and be in

an interventional target, as only time-lagged variables 𝑁𝑘,𝑙 , 𝑘 ∈
{1, . . . , 𝑝}, 𝑙 ∈ {1, . . . , 𝑑}, i.e. 𝑋𝑖 , 𝑖 ∈ {𝑑 + 1, . . . , (𝑝 + 1)𝑑} and other

contemporary variables𝑁
0,𝑙 , 𝑙 ∈ {1, . . . , 𝑑}\{ 𝑗}, i.e.𝑋𝑖 , 𝑖 ∈ {0, . . . , 𝑑}\

{ 𝑗} can affect a particular contemporary variable 𝑁0, 𝑗 , i.e. 𝑋 𝑗 .

Meanwhile, there are two types of interventions: 1) imperfect (or

soft, parametric) interventions is the general type depicted below,

and 2) perfect interventions (or hard, structural) [18] is a special

case that removes the dependencies of an intervened node 𝑗 ∈ I𝑞
on its parent nodes, i.e. 𝑝

(𝑞)
𝑗

(𝑥 𝑗 |𝑥𝜋G
𝑗

) = 𝑝
(𝑞)
𝑗

(𝑥 𝑗 ) in equation (1).

3 Method
In order to make the causal discovery process able to be applied

to the real industrial scene effectively, we propose the RealTCD
framework as shown in Figure 1, including two modules: 1) in the

module Score-based Temporal Causal Discovery, data from nor-

mal state and abnormal state of a system under AIOps are modeled

as observational data and interventional data respectively, and re-

laxation is done to the condition that the label of interventional

targets is known, making the algorithm easier to apply to real

scenes; 2) in the module LLM-guided Meta Initialization, LLM is

leveraged to introduce the domain knowledge and system structure

information in text types and to preliminarily obtain possible causal

relations from them as initialization for the discovery process.
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LLM-guided Meta-Initialization
Prior Domain Knowledge

Temporal Causal GraphRaw Data

Observational Data

Interventional Data

𝒕 − 𝟏𝒕 − 𝟐 𝒕

Intra-slice 
matrix 𝑾

Inter-slice 
matrix 𝑨𝟏

Inter-slice 
matrix 𝑨𝟐

Found Interventional Targets 
𝒙𝟏, 𝒙𝟑 , 𝒙𝟐, 𝒙𝟑, 𝒙𝟒

Score-based Temporal Causal Discovery

𝑴𝟎
𝑮

Prompt D,
Prompt I,
Prompt C,
Prompt H

Intra-slice 
matrix 𝑾

Inter-slice 
matrix 𝑨𝟏

Inter-slice 
matrix 𝑨𝟐

𝒕 − 𝟏𝒕 − 𝟐 𝒕

Initialize 𝚲𝟎 Augmented Lagrangian Process

𝐬𝐮𝐩𝚲,𝚪 𝓢) 𝚲, 𝜞 , 𝐬. 𝐭. 𝑻𝒓𝒆𝛔 𝜦 − 𝒑 + 𝟏 𝒅 = 𝟎

Figure 1: The framework of our proposed method RealTCD. Given the system textual information and temporal data without
interventional targets, the LLM-guided Meta-Initialization module leverages LLMs to extract the domain knowledge and obtain
the potential causal relationships as the initialization adjacency matrix𝑀

G
0
. Then, the Score-based Temporal Causal Discovery

module utilizes an augmented Lagrangian process to optimize the score for unknown interventional targets under constraints,
where the Λ0 is initialized with𝑀

G
0
. In this way, the proposed RealTCD leverages the system’s textual information to discover

temporal causal relationships without interventional targets.

3.1 Score-based Temporal Causal Discovery
In this section, we introduce a score-based purely data-driven tem-

poral causal discovery from interventional data with unknown

interventional targets.

3.1.1 Raw data. Raw data we used as shown in Figure 1 refers

to a set of input temporal data including both observational and

interventional data. Observational data refers to standard data with-

out interventions or anomalies, while interventional data contains

interventions discussed in Section 2.2, or represents abnormal data

in real-world datasets. The colored columns represent time series

of ground truth interventional targets that are unknown in prior.

There may be multiple sets of interventional data, each correspond-

ing to different interventional targets or anomalies.

3.1.2 Model conditional densities. To begin with, we use neural

networks to model conditional densities. Firstly, we encode the

DAG G with a binary adjacency matrix𝑀G ∈ {0, 1} (𝑝+1)𝑑×(𝑝+1)𝑑

which acts as a mask on the neural network inputs. Similarly, we

encode the interventional family I with a binary matrix 𝑅I ∈
{0, 1}𝑄×(𝑝+1)𝑑

, where 𝑅I
𝑞𝑗

= 1 means that𝑋 𝑗 is an intervened node

in the interventional target set 𝐼𝑞 . Then, following equation (1), we

further model the joint density of the 𝑞th intervention by

𝑓 (𝑞)
(
𝑥 ;𝑀G , 𝑅I , 𝜙

)
:=

(𝑝+1)𝑑∏
𝑗=1

˜𝑓

(
𝑥 𝑗 ; NN

(
𝑀

G
𝑗
⊙ 𝑥 ;𝜙

(1)
𝑗

))
1−𝑅I

𝑞𝑗

˜𝑓

(
𝑥 𝑗 ; NN

(
𝑀

G
𝑗
⊙ 𝑥 ;𝜙

(𝑞)
𝑗

))𝑅I
𝑞𝑗

, (2)

where 𝜙 := {𝜙 (1) , . . . , 𝜙 (𝑄 ) }, the NN’s are neural networks pa-

rameterized by 𝜙
(1)
𝑗

or 𝜙
(𝑞)
𝑗

, the operator ⊙ denotes the Hadamard

product (element-wise) and 𝑀
G
𝑗

denotes the 𝑗th column of 𝑀G
,

enabling𝑀
G
𝑗
⊙ 𝑥 to select the parents of node 𝑗 in the graph G.

3.1.3 Score for unknown interventional targets. Based on the NN

conditional densities in equation (2), we can firstly formulate the

following regularized maximum log-likelihood score as the

basic score for known interventional targets’ setting:

SI∗ (G) := sup

𝜙

𝑄∑︁
𝑞=1

E
𝑋∼𝑝 (𝑞) log 𝑓

(𝑞)
(
𝑋,𝑀G , 𝑅I∗ , 𝜙

)
− 𝜆 | G |, (3)

where the ground truth interventional family (containing the in-

terventional targets) I∗
:= (𝐼∗

1
, . . . , 𝐼∗

𝑄
) is known and 𝑝 (𝑞) stands

for the 𝑞th ground truth interventional distribution, |G| represents
the number of edges in the causal graph. By maximizing the score

in equation (3), we can get an estimated DAG
ˆG that is I∗

-Markov

equivalent to the true DAG G∗
[6], under the condition that the

ground truth interventional family is known.

Then, we assume the interventional targets are unknown. To still

be able to utilize the special information from interventional data,

we propose to jointly optimize the adjacency matrix and interven-

tional family as well as the NN’s parameters, thus, reaching the two

optimization goals simultaneously. To be specific, a regularization

term for the interventional family is added to the above score, and

we form score for unknown interventional targets:

S(G, I) := sup

𝜙

𝑄∑︁
𝑞=1

E
𝑋∼𝑝 (𝑞) log 𝑓

(𝑞)
(
𝑋,𝑀G , 𝑅I , 𝜙

)
− 𝜆 | G | − 𝜆𝑅 | I |, (4)

where |I | = ∑𝑄

𝑞=1
|I𝑞 | counts the total number of intervened nodes.
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The following theorem guarantees the identification of the tem-

poral causal graph as well as the interventional family under the set-

ting that interventional targets are unknown, which can be proved

similarly as in our previous work [26].

Theorem 3.1 (Unknown targets temporal causal DAG iden-

tification). Suppose I∗ is such that I∗
1
:= ∅. Let G∗ be the ground

truth temporal DAG and ( ˆG, ˆI) ∈ 𝑎𝑟𝑔𝑚𝑎𝑥G∈𝐷𝐴𝐺,IS(G,I). Under
the assumptions that: 1) the density model has enough capacity to
represent the ground truth distributions; 2) I∗-faithfulness holds; 3)
the density model is strictly positive; 4) the ground truth densities
𝑝 (𝑞) have finite differential entropy. For 𝜆, 𝜆𝑅 > 0 small enough, ˆG is
I∗ −𝑀𝑎𝑟𝑘𝑜𝑣 equivalent to G∗ and ˆI = I∗.

3.1.4 Maximize the score. Subsequently, to allow the gradient-

based stochastic optimization process, we relax the above score by

taking𝑀G
and 𝑅I

as a random matrix respectively, where𝑀
G
𝑖 𝑗

∼
𝐵(1, 𝜎 (𝛼𝑖 𝑗 )) and 𝑅I

𝑞𝑗
∼ 𝐵(1, 𝜎 (𝛽𝑞𝑗 )), 𝐵 represents the Bernoulli

distribution, 𝜎 is the sigmoid function and 𝛼𝑖 𝑗 , 𝛽𝑞𝑗 are scalar param-

eters. We group these 𝛼𝑖 𝑗 s into a matrix Λ ∈ R(𝑝+1)𝑑×(𝑝+1)𝑑
, and

𝛽𝑘 𝑗 s into a matrix Γ ∈ R𝑄×(𝑝+1)𝑑
. After that, we rely on augmented

Lagrangian procedure [61] to maximize the following score:

ˆS(Λ, Γ) := sup

𝜙

E
𝑀∼𝜎 (Λ) E

𝑅∼𝜎 (Γ)


𝑄∑︁
𝑞=1

E
𝑋∼𝑝 (𝑞)

log 𝑓 (𝑞)
(
𝑋 ;𝑀,𝑅I∗ , 𝜙

)
− 𝜆∥𝑀 ∥0 − 𝜆𝑅 ∥𝑅 ∥0


 , (5)

under the acyclicity constraint:

sup

Λ,Γ

ˆS(Λ, Γ), s.t.Tr𝑒𝜎 (Λ) − (𝑝 + 1)𝑑 = 0. (6)

Moreover, as for gradient of the score w.r.t. 𝛼𝑖 𝑗 and 𝛽𝑞𝑗 , following

the general dealing method in continuous optimization for causal

discovery [21, 32], we estimate Λ and Γ by Straight-Through Gumbel
estimator, which means that Bernoulli samples are used in forward

pass and Gumbel-Softmax samples are used in backward pass.

Overall, the learnable parameters in the process are 𝜙 ,Λ, Γ, and
the estimated adjacency matrix reflecting temporal causal relations

is 𝜎 (Λ) and the estimated potential interventional family is 𝜎 (Γ).
Since we only focus on influences on 𝑋1, . . . , 𝑋𝑑 from other

variables, we set Λ[:, 𝑑 + 1 : (𝑝 + 1)𝑑], i.e. the meaningless part

𝑀G [:, 𝑑 + 1 : (𝑝 + 1)𝑑], to zero before training.

3.2 LLM-guided Meta Initialization
In this section, we introduce the detailed method of using LLM to

bring in domain knowledge and extra prior information [9, 34] so

that the potential temporal causal relations are obtained to guide

the data-driven optimization process.

Prompts of LLMs. We describe the system into prompts as queries

to the LLMs for possible temporal causal relationships. We imple-

ment strategies to mitigate biases, notably through the use of tai-

lored prompts shown in Table 1, where the underlined units are

indispensable and the others are optional. Prompt D is designed to

clarify the causal discovery tasks for the LLMs and align them with

the domain knowledge inherent to the LLMs themselves. Prompt

I further introduces data and domain knowledge consistent with

the subsequent causal discovery tasks to the LLMs, such as context

Table 1: Example prompt for LLM-guidedMeta Initialization.

Prompt Definition

Role: "You are an exceptional temporal causal discovery analyzer, with in-depth

domain knowledge in . . . (e.g. the intelligent operation and maintenance of data

center air-conditioning systems)."

Introduction: "A directed temporal causal relationship between variables xu and

xv can be represented as a tuple (xu, xv, t), signifying that the variable xu, lagging t

time units, causally influences the current state of variable xv. The tuple (xu, xv, 0)

denotes contemporaneous causality if t=0; if t>0, the tuple (xu, xv, t) indicates time-

lagged causality. Note that when t=0, i.e. in (xu, xv, 0), xu and xv must be different

variables, as intra-slice self-causality is not considered. Also, (xu, xv, 0) and (xu,

xv, t) for t>0 have the possibility to coexist, suggesting that contemporaneous

and time-lagged causality between two variables might simultaneously occur

sometimes. Our task is to unearth all the possible temporal causal relationships

among variables, grounded on the subsequent information."

Prompt Information

Domain knowledge: Depending on the application scenarios, it might be: 1) A

context description of a specific industrial scenario or AIOps scenario. 2) The

physical structure of the system, containing the location information of each entity

or variable. 3) The abstract generating rules of time series.

Data: Providing a piece of past time series may help LLM understand the variables

and their relations better.

Prompt Causal Discovery in Temporal Domain

Task: "Please identify all temporal causal relations among the 𝑛 variables

(𝑥1, . . . , 𝑥𝑛 ), considering only contemporaneous and 𝑝 time-lagged causality. Con-

clude your response with the full answer as a Python list of tuples (xu, xv, t) after

’Answer:’. Don’t simplify and just give me some examples. You should cover all

possible relationships in your answer."

Prompt Hint

Implication: We can offer a thinking path to the LLM model as a guide of how

we want it to utilize the prior information we gave to it or its own knowledge and

deduct the answer.

Chain of Thought (CoT): "Proceed methodically, step by step." By simply adding

a zero-shot CoT prompt, the LLM model could output its answer with its path of

thought, making the process more interpretable and easy for humans to under-

stand, check, and correct immediately [29, 48]. Furthermore, if we can provide an

example that contains the correct thought path and result as input, the one-shot

CoT may achieve an even better result.

descriptions, physical structures, and generating rules, to ensure

that the meta-initialization process is as unbiased as possible.

Using tuples provided by LLM,we construct the adjacencymatrix

𝑀
G
0

to denote the learned causal structure. These results represent

potential causality based on domain information, not guaranteed

causal definitions. The subsequent score-based causal discovery opti-
mization ensures the final results conform to causal definitions.We

incorporate meta-initialization information as follows:

Guide temporal causal discovery from data. By initiating𝑀G
or

to say Λ of the module score-based temporal causal discovery as the

results𝑀
G
0

from the module LLM-guided meta initialization before

training and optimization, we not only lead the direction of the

data-driven optimization process but also guarantee the theoretical

integrity of the temporal causal discovery from interventional data.

Extract weight. Eventually, we obtain the estimated full weight

matrix 𝐹 = 𝜎 (Λ) of graph G. Then, we form the adjacency matrix

𝑀̂G
of the graph by adding an edge whenever 𝜎 (Λ) > 0.5 is acyclic.

Finally, we can extract the intra-slice matrix 𝑊̂ = 𝑀̂G [1 : 𝑑, 1 : 𝑑]
and inter-slice matrix𝐴𝑘 = 𝑀̂G [𝑘𝑑+1 : (𝑘+1)𝑑, 1 : 𝑑] for each time

lag 𝑘 = 1, . . . , 𝑝 . They reflect causal relations of these 𝑑 variables in

both a contemporary and time-lagged manner.

The overall framework and algorithm of RealTCD are summa-

rized in Figure 1 and Algorithm 1 respectively.
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Algorithm 1 The overall algorithm for RealTCD
Require: All kinds of prior knowledge

1: Generate prompt as described in Table 1

2: Obtain causal results from LLM and transfer into matrix𝑀
G
0

Require: 𝑀
G
0
, hyperparameter 𝜆, 𝜆𝑅 , hyperparameter for augmented Lagrangian

process

3: Transfer the constrained problem defined by equation (5), (6) into the form of

unconstrained problem following augmented Lagrangian

4: Initialize Λ0 by𝑀
G
0
, and also initialize 𝜙0, Γ0 , max_iteration𝑈 , Lagrangian multi-

plier 𝛾0 and penalty coefficient 𝜇0

5: while 0 ≤ 𝑡 ≤ 𝑈 and ℎ (Λ) := Tr𝑒𝜎 (Λ) − (𝑝 + 1)𝑑 > 10
−8 do

6: Solve the 𝑡 th unconstrained subproblem using stochastic gradient descent

algorithm (we use RMSprop)

7: Get sub solution 𝜙∗
𝑡 ,Λ

∗
𝑡 , Γ

∗
𝑡 , and initialize 𝜙𝑡+1,Λ𝑡+1, Γ𝑡+1 by them

8: Update 𝛾𝑡+1 and 𝜇𝑡+1
9: 𝑡 = 𝑡 + 1

10: end while
11: Form causal graph by adding an edge whenever 𝜎 (Λ) > 0.5 is acyclic

4 Experiments
4.1 Setups
4.1.1 Baselines. To evaluate the effectiveness of our method, we

comparewith the followingmodels as baselines:DYNOTEARS [33],
PCMCI [38], TECDI [26], NeuralGC [40]. Since NeuralGC only

learns contemporaneous relationships, we use𝑊
full

defined as be-

low to compress both contemporaneous and time-lagged causal

relationships learnt from RealTCD into a single metric for compari-

son with NeuralGC, which does not differentiate these 2 types.

𝑊
full

(𝑖, 𝑗 ) =
{
1, 𝑊 (𝑖, 𝑗 ) +∑𝑝

𝑘=1
𝐴𝑘 (𝑖, 𝑗 ) > 0

0, otherwise

(7)

This formulation captures the entire causal relationship from 𝑖

to 𝑗 , assuming a relationship exists if any contemporaneous or

time-lagged relationship is present.

The distinction in method selection across different settings was

intentional and aligned with the capabilities of each algorithm:

Since PCMCI and DYNOTEARS are designed for causal structure

learning from observational data and can not incorporate inter-

ventional data, we included them in the "Unknown" interventional

targets setting. As for TECDI, we use the same data with RealTCD.

For baselines that are unable to bring in interventional data, we

ensure a fair comparison by keeping the overall sample size con-

sistent across all models, while using only observational data (or

normal data in real datasets) for those baselines.

4.1.2 Synthetic datasets. We generate temporal data in two steps:

• Sample intra DAG and inter DAG following the Erdős-Rényi
scheme, then sample parameters in weighted adjacency matrix,

where elements in intra-slice matrix 𝑊 are uniformly from

[−1.0,−0.25] ∪ [0.25, 1.0] and elements in inter-slice matrixes

𝐴𝑘 are uniformly from [−1.0𝛼,−0.25𝛼] ∪ [0.25𝛼, 1.0𝛼], 𝛼 =

1/𝜂𝑘 , 𝜂 ≥ 1, 𝑘 = 1, . . . , 𝑝 .

• Generate time series consistent with the sampled weighted

graph following the standard structural vector autoregressive

(SVAR) model[37]:𝑌0 = 𝑌0𝑊 +𝑌1𝐴1+· · ·+𝑌𝑝𝐴𝑝 +𝑍 , where 𝑍 is

random variables under the normal distribution. Then, sample

interventional targets from nodes in 𝑌0, and generate perfect

interventional data by cutting off the dependency of intervened

nodes on their parents, i.e. setting𝑊𝑖 𝑗 and 𝐴𝑘𝑖 𝑗 to zero, where

𝑥 𝑗 is the variable in interventional targets and 𝑥𝑖 ∈ 𝑥
𝜋
G
𝑗

.

Before training, all data are normalized by subtracting the mean

and dividing by the standard deviation. We experimented on two

simulated datasets: Dataset 1 contains 5 nodes, their 1 time-lagged

variables and 5 different interventional targets. Dataset 2 contains 10

nodes, their 1 time-lagged variables and 10 different interventional

targets. We initially chose to limit our datasets to a time delay of 1

to facilitate the evaluation and presentation. However, it is indeed

feasible to increase the time delay of the data.

Figure 2: A typical data center cooling system diagram.

4.1.3 Real-world data center application. In contemporary data

centers, IT equipment stability is crucial. Sophisticated air condi-

tioning systems manage heat, maintaining a consistent temperature.

Figure 2 shows a typical data center room organized with rows of

equipment (A, B, C, D, etc.), separated by barriers to prevent hot

and cold air mixing. Computer Room Air Conditioners (CRACs)

on both sides of the room create a closed-loop system to maintain

stable conditions. Multiple sensors in the cold aisle provide real-

time temperature data, essential for ensuring continuous cold air

delivery and stable IT operation.

When an anomaly occurs at a monitoring point, we can find the

root cause of the anomaly based on the causal relationships among

these entities we have learned through our RealTCD framework.

Data acquisition. The data used in this study was obtained from

a specific data center at Alibaba. It covers monitoring data from a

cooling system of a particular room from January 1st, 2023 to May

1st, 2023, and includes 38 variables in total. These variables comprise

18 cold aisle temperatures from sensors and 20 air conditioning supply
temperatures from CRACs. We collected several time series during

normal as well as abnormal states. For the latter, data was sampled

within 20 minutes of the occurrence of the abnormality, with each

sampling interval being 10 seconds. Anomaly points were identified

by learning the normal distribution range from historical data, using

the 𝑛-𝜎 method. Any data points that fall outside of the 𝑛-𝜎 range

(e.g., 3 to 5) of itself are extracted as anomaly time points.

4.1.4 Evaluation metrics. For synthetic datasets, we leverage two
metrics to evaluate the performance of learning causal graph: i)

structural Hamming distance (SHD), which calculates the number

of different edges (either reversed, missing or redundant) between

two DAGs; ii) structural interventional distance (SID), which rep-

resents the difference between two DAGs according to their causal

inference conditions[36]. For real-world datasets, given the absence
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Table 2: Results on synthetic and real-world datasets.

Synthetic Dataset 1 Synthetic Dataset 2 Real-world Dataset

Targets Causality Method SHD ↓ SID ↓ SHD ↓ SID ↓ All Edges C2A False ↓ A2C True ↑ A2A True ↑ C2C True ↑

Known intra+inter

TECDI 1.6 ± 2.3 1.8 ± 2.4 3.9 ± 5.1 10.6 ± 10.4 85.6 ± 12.5 4.0 ± 6.9 5.8 ± 3.2 0.7 ± 1.3 2.8 ± 1.3

RealTCD 1.2 ± 2.8 1.6 ± 3.1 2.2 ± 4.3 9.0 ± 10.5 79.5 ± 8.0 0.0 ± 0.0 6.1 ± 1.3 10.5 ± 2.2 5.7 ± 3.0

Unknown

intra+inter

DYNOTEARS 20.4 ± 2.4 38.6 ± 3.7 36.0 ± 5.2 118.6 ± 20.7 38.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0 0.0 ± 0.0

PCMCI 18.1 ± 4.4 24.1 ± 3.1 62.0 ± 17.2 118.3 ± 24.1 181.6 ± 32.3 32.9 ± 5.0 13.2 ± 2.9 7.5 ± 5.9 5.0 ± 2.5

TECDI 11.9 ± 4.8 17.7 ± 8.5 27.4 ± 10.7 60.8 ± 25.7 57.6 ± 10.7 2.4 ± 1.5 1.5 ± 1.8 1.8 ± 1.5 0.4 ± 1.0

RealTCD 9.9 ± 2.9 16.1 ± 6.2 7.1 ± 4.4 18.5 ± 11.0 51.7 ± 8.0 0.0 ± 0.0 1.5 ± 1.0 14.0 ± 1.6 8.4 ± 1.9

intra

NeuralGC 14.9 ± 2.3 20.0 ± 0.0 31.3 ± 4.7 85.5 ± 6.4 104.1 ± 41.1 25.7 ± 19.5 1.9 ± 4.0 5.2 ± 3.7 4.0 ± 3.7

RealTCD 6.3 ± 1.8 18.1 ± 3.8 5.6 ± 3.8 75.3 ± 11.9 38.6 ± 6.0 0.0 ± 0.0 1.3 ± 0.7 12.0 ± 1.0 6.8 ± 1.0

of ground truth DAGs in real case, we employ four performance

metrics based on expert knowledge to assess algorithms’ efficacy.

These metrics mainly consider the physical location relationships

within the room, shown in figure 2. i)A2CTrue counts the correctly
identified causal edges from air conditioning supply temperatures
(A) to the temperatures of adjacent cold aisles (C), assuming that A
influences C. ii) A2A True counts the correctly identified causal

edges between adjacentA units, assumingmutual influences among

them. iii) C2C True counts the correctly identified causal edges

between C in the same column, assuming direct interactions among

them. iv) C2A False counts the incorrectly identified causal edges

from C to A, as such causality is implausible given that downstream

variables C cannot influence upstream variables A.1

4.2 Main Results
Results on synthetic and real-world datasets are reported in Table 2.

4.2.1 On synthetic datasets. On both datasets, our method outper-

forms baseline models on SHD and SIDmetrics, with small standard

deviations. For the dataset with 10 nodes, the improvement is more

pronounced, highlighting our method’s advantages in handling a

large number of variables, making optimization more focused
and effective. RealTCD consistently achieves better performance

in each setting. "Known" targets setting performs better than the

"Unknown" targets setting since the former employs ground-truth

interventional target labels for training. However, since ground-

truth targets are often unavailable in real scenarios, RealTCD’s

effectiveness with unknown targets is highly practical.

Figure 3a and Figure 3b display example results of the temporal

causal DAG and interventional targets obtained through RealTCD.

In Figure 3b, each row represents a contemporary node, and each

column represents a regime corresponding to each interventional

family: the first for observational data and the next five for different

interventional data. Pink cells indicate the learned or ground truth

interventional targets in each regime. These figures demonstrate

our method’s ability to accurately identify both the temporal causal

graph and interventional targets.

4.2.2 On real-world data center datasets. Our method achieves

fewer C2A False and learns more A2A True and C2C True rela-

tions. Introducing prior domain knowledge with the LLM module

1
Across all tables, ↑ denotes the higher the better, and ↓ denotes the lower the better.

The best results of a particular setting are in bold.

𝒘𝒆𝒊𝒈𝒉𝒕 = 𝟎

𝒘𝒆𝒊𝒈𝒉𝒕 = 𝟏

In "Learned" & 
"Ground truth":

In "Learned - GT":
True (TP+TN)

False Positive

False Negative

Learned Ground truth Learned - GT

Intra-slice 
matrix 𝑾

Inter-slice 
matrix 𝑨𝟏

(a) DAG results.

Learned Ground truth Learned - GT

Contemporary 
Nodes

𝑿𝟏, … , 𝑿𝟓

Regimes Regimes Regimes

(b) Interventional targets.

Figure 3: Showcases of the results on synthetic data.

effectively understands the upstream and downstream relationships

in the system architecture, avoiding downstream influence on up-

stream variables and keeping C2A False at zero in the subsequent

optimization. Additionally, the standard deviation of each metric

is small. Therefore, RealTCD outperforms other approaches in in-

dustrial scenarios by utilizing rich information from interventional

data and prior domain knowledge from textual information.

RealTCD in the "Unknown" targets setting, especially designed

in our paper, achieves the best performance across all settings, even

outperforming the "Known" targets setting. This is because the

interventional targets provided by users are often not ground truth

(people can only detect anomalous variables, but cannot confirm

whether they are the ground truth interventional targets), which

could potentially mislead the learning of algorithm. This further

underscores the importance of using our method based on inter-

ventional data with unknown targets to deal with real-world cases.

4.3 Deeper Analysis
4.3.1 Ablation studies. We conduct ablation studies to verify the

effectiveness of the proposed 2 modules in RealTCD as in Table 3.

‘Variant1’ is ‘RealTCD w/o intervention’, which removes the
interventional module and uses only observational data of the

same sample size. It tends to output more edges, making compar-

isons unfair, so we calculate the ratio of labeled edges to total edges

learned for further evaluation. Removing the interventional module

significantly decreases performance, especially for the A2A True

and C2C True ratios, confirming the effectiveness of our score-based

temporal causal discovery from interventional data.

‘Variant2’ is ‘RealTCD w/o LLM’, which removes the LLM-
guided meta initialization. Performance drops significantly with-

out this module, even reaching zero for the A2A True metric. This

shows that the LLM-guided meta initialization effectively utilizes
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prior information from system textual data, greatly enhancing tem-

poral causal discovery in real-world scenarios. Integrating this mod-

ule is crucial for providing a well-informed starting point, reducing

biases, and improving causal inference precision.

Table 3: Ablation studies of modules on real-world dataset.

Method All Edges C2A False↓ A2C True↑ A2A True↑ C2C True↑

RealTCD

51.7 ± 8.0 0.0 ± 0.0 1.5 ± 1.0 14.0 ± 1.6 8.4 ± 1.9

% 0.0 ± 0.0 3.1 ± 2.4 27.3 ± 2.7 16.5 ± 3.6

Variant1

304.3±18.7 0.0 ± 0.0 43.3 ± 7.3 16.5 ± 1.6 14.8 ± 1.1

% 0.0 ± 0.0 14.2 ± 1.8 5.4 ± 0.5 4.9 ± 0.4

Variant2

38.8 ± 1.9 0.0 ± 0.0 0.1 ± 0.3 0.0 ± 0.0 0.4 ± 0.7

% 0.0 ± 0.0 0.2 ± 0.7 0.0 ± 0.0 1.0 ± 1.6

4.3.2 Different LLMs and prompts. We tested different LLMs and

prompts on real-world datasets [19, 62]. GPT-4, especially with

prompts containing implication and CoT, achieved better and more

stable results. When human ideas are unclear, zero-shot CoT can

effectively leverage LLMs’ domain knowledge, providing solutions

that reveal the thinking process and enhance interpretability.

Table 4: Comparisons of different LLMs and prompts.

Models GPT-4 GPT-3.5-turbo-instructor

Prompt No. 0 1 2 0 1 2

Implication ✓ ✓
CoT ✓ ✓ ✓ ✓

C2A False ↓ 0 0 0 0 0 0

A2C True ↑ 60 68 18 8 8 32

A2A True ↑ 36 0 0 0 18 0

C2C True ↑ 36 0 12 0 0 0

5 Discussion
5.1 Motivation and Strengths of Using LLMs
In industrial systems, operations come with extensive textual docu-

mentation like logs and manuals, providing valuable insights into

system behavior. LLMs excel at mining this textual data to inform

causal analysis, directly connecting text and system operations. We

outline the irreplaceable strengths of using LLMs in RealTCD

over traditional deep learning approaches as follows: Handling Tex-
tual Information: Traditional methods often ignore the rich textual

data in real-world systems, while LLMs process and utilize it to

enhance causal discovery accuracy. Though conventional language

models can also process text, they lack the advanced capabilities

of LLMs in in-context learning [8], which provides LLMs with su-

perior generalization and flexibility, as well as powerful zero-shot

and few-shot learning abilities [7, 25]. Integration of Domain Knowl-
edge: LLMs assimilate user inputs (e.g. the structure of a particular

system) and integrate extensive domain-specific knowledge embed-

ded within the LLMs (e.g. the operation law of a system), covering

areas unfamiliar to users. This is crucial for accurate causal in-

ference in complex systems. LLM-guided Meta-Initialization: This
module significantly improves causal discovery quality by using

meta-knowledge from LLMs to narrow the scope initially, unlike

traditional methods that start with broad assumptions, which can

lead to suboptimal local solutions and high variance in results.

LLMs’ suitability for enhancing causal discovery is supported by

literature demonstrating their effectiveness in complex inference

tasks [4, 11, 20, 24, 43].

5.2 Practical Implications
In our paper, we highlight the application of temporal causal discov-

ery within AIOps to enhance systems’ monitoring, troubleshooting,

and predictive capabilities, crucial for tasks such as anomaly detec-

tion [54], root cause analysis [45], failure prediction, and system

optimization. It is also helpful in various fields such as finance [22],

healthcare [15, 31, 42, 56], and social sciences [16] by uncovering

the dynamic interrelations between variables over time.

6 Related Work
Causal Discovery in Temporal Domain. Interventional data greatly

aids in identifying causal structures [13, 14, 41, 60], but designing

experiments and collecting data is challenging. Jaber et al. [18] used

a Ψ-Markov property for learning causal graphs with latent vari-

ables. [1] proposed a 𝑝-collider-based algorithm to recover causal

graphswithminimal intervention costs. [6] used interventional data

and neural architectures for causality detection. [26] focused on

temporal causality from observational data but required interven-

tion labels, limiting practicality. We focus on discovering temporal

causal relationships without intervention labels.

LLMs for Causal Discovery. Recent works explored LLMs for

causal discovery[3, 5, 12, 17, 20, 23, 27, 39, 44, 49] and dynamic

graphs[46, 47, 50–52, 55, 58]. Ban et al. [4] showed LLMs’ potential

in causal inference. Chan et al. [10] assessed ChatGPT’s ability

to capture temporal and causal relations. Chen et al. [11] used

LLM-driven knowledge to reduce biases in causal learning. [24]

highlighted LLMs’ roles in causal discovery and reasoning. Long

et al. [28] investigated LLMs’ understanding of causal relationships

in medical contexts. We are the first to use LLMs for temporal causal

discovery to the best of our knowledge.

7 Conclusion
In this paper, we propose the RealTCD framework, a novel ap-

proach for temporal causal discovery in AIOps that bypasses the

need for interventional targets and leverages system textual infor-

mation. Our method, featuring score-based temporal causal dis-

covery and LLM-guided meta-initialization, outperforms existing

baselines on both simulated and real-world datasets. The results

underscore RealTCD’s potential to enhance causal analysis in

complex IT systems and suggest further research in AIOps.
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