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ABSTRACT

In anomaly detection, methods based on large language models (LLMs) can incor-
porate expert knowledge by reading professional document, while task-specific
small models excel at extracting normal data patterns and detecting value fluctu-
ations from training data of target applications. Inspired by the human nervous
system, where the brain stores expert knowledge and the peripheral nervous system
and spinal cord handle specific tasks like withdrawal and knee-jerk reflexes, we
propose CoLLaTe, a framework designed to facilitate collaboration between LLMs
and task-specific models, leveraging the strengths of both models for anomaly de-
tection. In particular, we first formulate the collaboration process and identify two
key challenges in the collaboration: (1) the misalignment between the expression
domains of the LLMs and task-specific small models, and (2) error accumulation
arising from the predictions of both models. To address these challenges, we then
introduce two key components in CoLLaTe: a model alignment module and a col-
laborative loss function. Through theoretical analysis and experimental validation,
we demonstrate that these components effectively mitigate the identified challenges
and achieve better performance than both LLM-based and task-specific models.

1 INTRODUCTION

Recently, methods based on Large Language Models (LLMs) have demonstrated the capablility of
reading professional documents, effectively acquiring human knowledge to guide relevant tasks.
However, they are often insensitive to the value fluctuations in time series data, and their natural
language processing-based representations do not align well with the characteristics of time series
data (Jin et al., 2024). In contrast, task-specific small scaled models, such as task-specific anomaly
detection models (TSADM), typically lack the capabilities of reading professional documents and
extracting expert knowledge. However, these models are specifically designed to learn patterns for
anomaly detection and often exhibit superior performance when applied to well-matched anomaly
detection datasets (Zhou et al., 2023). Despite their strengths, TSADMs also have notable limitations.
First, for complex systems, such as cloud service system and flight systems, which require lots
of expert knowledge to detect and diagnose anomalies accurately, the anomaly assumptions of
unsupervised anomaly detection methods can be inconsistent with these scenarios (Zha et al., 2020).
For instance, anomalies identified based on the voting mechanism of redundant aircraft channels
(Rice & Mccorkle, 1979) may differ from the outlier assumptions utilized by unsupervised anomaly
detection methods (Blázquez-García et al., 2021). Thus, researchers need to modify TSADMs
to incorporate the background expertise to achieve optimal performance. For instance, anomaly
detection methods tailored for cloud service monitoring (Ma et al., 2021; Chen et al., 2024b) or
aircraft monitoring (e Silva & Murcca, 2023) have been modified to suit these specific contexts.
Second, in many practical scenarios, such as aircraft monitoring (Nanduri & Sherry, 2016), it is not
feasible to collect system monitoring data for all possible flight conditions. These conditions often
represent distinct distributions and normal patterns in the monitoring data. This insufficient coverage
of comprehensive data poses a significant challenge, greatly impeding the performance of TSADM.

Inspired by the human nervous system, which relies on the brain to store expert knowledge and extract
general principles, while using the peripheral nervous system and spinal cord for specific tasks like
the withdrawal reflex and knee-jerk reflex, we propose a framework called CoLLaTe. This framework
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aims to facilitate effective Collaboration between a Large Language model (analogous to the brain)
and a Task-specific model (analogous to the peripheral nervous system and spinal cord) to leverage
their complementary strengths for the anomaly detection task. By enabling a strong synergy between
an LLM and a TSADM, we can conveniently embed expert domain knowledge by adjusting the prompt
of LLM, including necessary background knowledge and eliminating the need to design specialized
models for different application scenarios. This approach also mitigates performance degradation
caused by insufficient monitoring data across diverse operational conditions, because LLMs excel
at utilizing professional documents to incorporate domain knowledge, which is often expressed
in natural language. Such knowledge is highly condensed and can cover more general situations
compared to concrete data samples. For instance, compared with providing different time series and
describing whether they are trigonometric or not, giving the rule a sin(w1x+ t1) + b cos(w2x+ t2)
is more condensed and can represent more general situations. Thus, in the cases where training data
samples are scarce, LLMs can extract general standards or patterns from professional documents to
guide anomaly detection and mitigate the performance degradation on unseen distributions.

To this end, CoLLaTe integrates an LLM, enhanced by professional documents, with a TSADM to
assess the severity of anomalies for each time slot. Subsequently, CoLLaTe employs a conditional
network to synthesize the judgments from the LLM and the TSADM, using the data representation
from the TSADM as a condition, to produce a unified anomaly score. As illustrated in Fig. 1(a), the
collated anomaly score retains the true positive judgments from both the LLM and the TSADM while
reconciling false positives. During this collaborative process, two main challenges arise:

• Misalignment between the expression domains of the LLM and the TSADM. The LLM and
the TSADM interpret anomaly scores differently, meaning they may use the same score
to represent different levels of anomaly severity. In the example shown in Fig. 1(b), most
anomaly scores produced by the LLM are below 0.3, whereas the anomaly scores generated
by the TSADM are predominantly centered around 0.4 after normalization. Consequently, an
anomaly score of 0.4 might indicate a moderate anomaly for the LLM, but for the TSADM,
it could signify a normal condition. Such inconsistencies in score interpretation can disrupt
effective collaboration between the two models.

• Prediction error accumulation. Both the LLM and the TSADM are subject to prediction
errors. During the collaboration process, these errors may not cancel out but instead
accumulate. Through theoretical analysis and experimental validation, we show that when
using classical loss functions, such as Mean Squared Error (MSE), the errors from the two
models tend to either compound or settle at a compromise between the higher and lower
values, rather than canceling each other out.

To enable effective synergy between the LLM and the TSADM while addressing the challenges
mentioned above, we make the following key contributions:

• The CoLLaTe framework. We first formalize the collaboration process between the LLM
and the TSADM, identifying the key challenges that arise during this process. To address
these challenges, we propose the CoLLaTe framework that facilitates seamless collaboration
between the LLM and the TSADM.

• LLM and TSADM alignment. We introduce a novel alignment module to harmonize the
differing interpretations of anomaly scores between the LLM and the TSADM.

• Theoretically sound collaborative loss function. We conduct a theoretical analysis of the
aforementioned error accumulation phenomenon and propose a novel provably collaborative
loss function to mitigate it.

• We conduct extensive experiments to validate the effectiveness of CoLLaTe and each of its
proposed modules.

2 METHOD

2.1 OVERVIEW

The architecture of CoLLaTe is depicted in Fig. 2. The anomaly scores, ṡ and S, are generated by a
TSADM and an LLM, respectively, where a set-up pitch prompt is utilized to embed expert knowledge
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(a) The performance
of CoLLaTe, LLM and
TSADM

(b) Misalignment between
anomaly scores of the LLM
and TSADM

(c) Anomaly score distri-
bution of large language
model

(d) Misalignment between
original anomaly scores of
LLM and TSADM

Figure 1: (a) The anomaly scores of LLM, TSADM, and CoLLaTe. (b) The normalized anomaly
score distribution of TSADM and the fitted curve of anomaly scores from the LLM on Mustang
(Amvrosiadis et al., 2018). (c) shows the histogram of the anomaly score of LLM on the Mustang
(Amvrosiadis et al., 2018) dataset and the fitted curve of the anomaly score. (d) The original anomaly
score distribution of TSADM for anomaly detection and the fitted curve of anomaly scores from the
LLM on Mustang.
from professional document to the LLM (Appendix. A.12). The TSADM is an anomaly attention (Xu
et al., 2022) based anomaly detection model, whose architecture is illustrated in Appendix. A.10 in
detail. These anomaly scores, ṡ and S, typically represent different score interpretations, as the LLM
and the TSADM can assign the same score to denote varying degrees of anomaly. To address this, we
introduce an alignment module to align the different interpretations of the anomaly scores between
the LLM and the TSADM. Following alignment, we employ a conditional network to synthesize the
aligned scores from the TSADM and anomaly scores from the LLM, using the data representation
R as a condition. This process yields the collated anomaly score, Ŝ, which is deemed as the final
anomaly score to distinguish anomaly. Additionally, we propose a collaborative loss function that
effectively leverages the complementary strengths of the LLM and the TSADM. Notably, we prove
this loss function can mitigate error accumulation during the collaborative process between the LLM
and the TSADM mathematically and experimentally.

Large Model

Historical Data

Professional
Documents

Conditional Network

Anomaly
Score

RepresentationCollaborative Loss

Set-up-pitch
Prompt

Alignment
module

Condition

TSADMAnomaly
Score

Distribution
   of

Distribution
   of

Figure 2: The model architecture of CoLLaTe

2.2 ALIGNMENT MODULE

TSADM and large language models (LLMs) often interpret anomaly scores differently. In other
words, they may assign the same anomaly score to represent varying degrees of anomaly severity. This
discrepancy arises due to two main factors: value range misalignment and distribution misalignment.
The value range misalignment is shown in Fig. 1(d), where we shift the fitted curve of LLM anomaly
scores to the histogram of TSADM anomaly scores. Most reconstruction-based TSADMs use
reconstruction error as the anomaly score, resulting in a highly variable range of scores. In contrast,
the anomaly scores produced by LLMs are typically constrained to the range [0, 1]. This problem can
be easily solved by min-max normalization and we obtain the scaled anomaly scores of TSADM, s.
This process is illustrated in detail in Appendix. A.13.
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Table 1: The average F1 score of TSADM and LLM on datasets1.
Flight1 Flight2 Mackey Mustang

Contextual Point Contextual Point Long Short Long Short
TSADM 0.694 0.093 0.561 0.061 0.848 0.162 0.931 0.192
LLM 0.630 0.174 0.409 0.231 0.733 0.199 0.556 0.399

Even after scaling the anomaly scores of the TSADM, differences in the distribution of anomaly
scores can still lead to inconsistent interpretations. As shown in Fig. 1(c), we use a half-Gaussian
distribution, which will be elaborated in the following, to fit the histogram of LLM anomaly scores.
Then, we shift the fitted curve to the histogram of the anomaly scores from the TSADM in Fig. 1(b),
where we observe that most LLM anomaly scores fall below 0.3, whereas the TSADM’s anomaly
scores are concentrated in the range of [0.3, 0.4]. As a result, an anomaly score of 0.4 might indicate
moderate anomaly risks for the LLM, while the TSADM may interpret it as normal. In such cases,
direct collaboration between the TSADM and the LLM without proper alignment could misrepresent
their intended outputs. For example, if the LLM assigns a score of 0.4 to a time slot, the TSADM
might incorrectly assume the LLM considers the time slot normal. To address this challenge, we
propose an Alignment Module to align their interpretations and ensure effective collaboration.

Inspired by university grading policies, which align scores across professors by setting proportions
for each grade level (e.g., controlling pass and excellence rates), we design the Alignment Module
to align the distributions of anomaly scores from the LLM and the TSADM. This ensures that the
same anomaly score represents a similar degree of anomaly for both models. To achieve this, we
use a derivable function f(S), which has a close format, to fit the LLM’s anomaly score distribution
(also guided by Reviewer ct8Q and Reviewer 2vmL).

Subsequently, we use a mapping function M(s) to map s ∈ {si}ni=0 from the TSADM to a new set,
whose distribution should approach f(S). To achieve this, we divide the value range of anomaly
scores, [0, 1], into N bins. We use ci to denote how many mapped scores M(s) fall into the ith

bin. Then, we minimize cross entropy to decrease the distance between f(S) and the distribution
mapped set as Eq. 1 shows, where µ̂, σ̂ are the mean and standard variance of distribution f(S),
µM = 1

n

∑n
k=1 M(sk), and λ̂1 and λ̂2 are hyperparameters and bigger than zero. The first term in

Eq. 8 is the cross-entropy, while the second and third terms are penalty terms that encourage the
aligned distribution of the small model’s anomaly scores to match the mean and variance of the large
model’s anomaly score distribution. The problem with Eq. 1 is that the counting process of ci is
non-differentiable and could not be used in backforward propagation.

min
M

.−
N∑
i=1

ci∑N
j=1 cj

log[

∫ i/N

(i−1)/N

f(S)dS] + λ̂1(
1

n

n∑
i=1

M(si)− µ̂)2

+λ̂2(
1

n− 1

n∑
i=1

(M(si)− µM )2 − σ̂2)2

(1)

To solve the above problem, we prove that when N approaches infinite, the objective function in
Eq. 1 is equivalent to − 1

n

∑n
i=1 log(f(M(si))) + λ̂1(

1
n

∑n
i=1 M(si)− µ̂)2, which is differentiable.

The proof is given in Appendix. A.1. Consequently, we use Eq. 2 as our loss function.

min
M

.La = − 1

n

n∑
i=1

log(f(M(si)))+λ̂1(
1

n

n∑
i=1

M(si)−µ̂)2+λ̂2(
1

n− 1

n∑
i=1

(M(si)−µM )2−σ̂2)2

(2)

2.3 COLLABORATIVE LOSS

As mentioned before, we introduce a conditional network to synthesize the assessment of the TSADM
and LLM. This network takes the aligned anomaly scores from the two models as input, along with
the input data representation R obtained from the TSADM as a condition. It outputs a collated
anomaly score, as shown in Eq. 3, where P represents the trainable parameters of the conditional
network. To optimize the collated anomaly scores in an unsupervised training process, we propose a
collaborative loss function to leverage the complementary strength of LLM and TSADM.

1The datasets used in this table are introduced in Appendix. A.7

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

Ŝ = ConditionalNet(M(s), S,R;P) (3)

Many anomaly detection studies categorize anomalies into contextual anomalies and point anomalies
(Schmidl et al., 2022; Tuli et al., 2022). We conducted experiments on two aircraft monitoring
datasets and two public benchmarks, which are detailed in Appendix A.7. Since point anomalies in
the two public benchmarks are few, we calculate the short deviation instead of point anomaly in these
two datasets. The results, presented in Tab. 1, demonstrate the complementary performance of the
TSADM and the LLM in detecting contextual and point anomalies. Specifically, the F1 score for
contextual anomalies is higher for the TSADM compared to GPT-4, while GPT-4 achieves a better F1
score for point anomalies than the TSADM. According to this insight, we propose a collaborative
loss function that adaptively optimizes the collated anomaly score. Specifically, we begin by dividing
the time series x ∈ RT×D into patches P ∈ Rt×T/t×D(Nie et al., 2023). For each time slot, we
compute the average distance between the present time slot and all other time slots within the same
patch, denoted as Dintra, and calculate the average distance between the patch of the current time
slot and all other patches, denoted as Dinter, which are defined formally in Eq. 4. d(·, ·) is defined
as the Euclidean distance and k is the index of the patch to which the i-th time step belongs. (Also
guided by Reviewer ct8Q)

Dinter(i) =
1

T/t− 1

∑
j∈[0,T/t]\i

d(P [k][i], P [k][j]), Dintra(i) =
1

t− 1

∑
j∈[0,t]\i

d(P [i], P [j]) (4)

Since anomalous time slots differ significantly from normal ones, while normal time slots tend
to share similarities, the metrics Dintra and Dinter behave differently for point and contextual
anomalies. For point anomalies, Dintra should be large because the point anomaly stands out
distinctly from the surrounding normal time slots. Conversely, Dinter for point anomalies should be
smaller, as the normal time slots within the current patch resemble those in other patches, reducing
the average difference. For contextual anomalies, which typically involve a sustained deviation, the
anomalies within an anomalous event are similar to each other but differ significantly from normal
time slots. As a result, Dintra should be small, while Dinter should be large. Considering LLM
can handle point anomaly better and TSADM can handle contextual anomaly better, we design
the collaborative loss function in Eq. 5, where L(a, b) represents a loss function that measures the
distance between a and b.

Lβ =
Dintra

Dintra +Dinter
L(s, Ŝ) + Dinter

Dintra +Dinter
L(S, Ŝ) (5)

If we choose some popular loss functions as L(a, b), such as L(a, b) = (a− b)2, Lβ will accumulate
the prediction error of TSADM and LLM in the process of gradient descent, as shown in Theorem 1,
which is proven in Appendix. A.2.
Assumption 1. The anomaly score prediction error of the TSADM is ϵs, where ϵs obeys an unknown
distribution Ds(µs, σs), µs ̸= 0.
Assumption 2. The anomaly score prediction error of the LLM is ϵS , which obeys an unknown
distribution DS(µS , σS), µS ̸= 0.

L∗
β = −

n∑
i=1

n∑
j=1

[(yi − yj)(Ŝi − Ŝj)] (6)

We examined the validity of these Assumptions in the context of our experiment through empirical
discussion, which is shown in Appendix. A.16.
Theorem 1. Given Assumption 1 - Assumption 2, when L(a, b) = (a− b)2, the difference between
the optimal solution Ŝ∗ of loss function Lβ and ground truth y is E[(Ŝ∗ − y)2] ≥ (λ1µs + λ2µS)

2,
where λ1 = Dintra

Dintra+Dinter
and λ2 = Dinter

Dintra+Dinter
.

From Theorem 1, we observe that when MSE is used as L, the expected prediction error of the
conditional network exceeds the weighted sum of the expected prediction errors of the TSADM
and LLM. Given that the weights λ1 and λ2 are both greater than 0 and sum to 1, it indicates that
the collaborative error, when using MSE as L(a,b), consistently exceeds the smaller of the errors
produced by the LLM and TSADM. This phenomenon reflects error accumulation and is further
validated experimentally, as discussed in detail in Section 3.4.
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To solve this problem we propose the collaborative loss function as shown in Eq. 7, where Ŝi, si
and Si are anomaly scores of ith sample output by the conditional network, TSADM and LLM
respectively. In Lemma 1, we prove that using the collaborative loss function is approximate to using
the loss function in Eq. 6. This equivalence shows that Eq. 7 prevents error accumulation between the
TSADM and LLM, as Eq.6 directly minimizes the difference between the collated anomaly scores of
two samples and the ground truth. Additionally, we experimentally confirm that Eq. 7 effectively
avoids error accumulation, as discussed in Section. 3.4.

Lβ = − 1

n2

n∑
i=1

n∑
j=1

λ1[(si − sj)(Ŝi − Ŝj)]

+ λ2[(Si − Sj)(Ŝi − Ŝj)]

(7)

Lemma 1. When Assumption 1 - Assumption 3 hold, as the iteration step T approaches infinity,
minimizing Eq. 7 by stochastic gradient descent can be approximate to minimizing Eq. 6 by stochastic
gradient descent with convergence rate O(T− 1

4 ).

The proof of Lemma 1 is given in Appendix. A.3.

Moreover, in Theorem 2, we prove that the optimal solution of Eq. 6 satisfies two key properties.
Property 1 denotes that if the anomaly degree of time slot r is more serious than the one of time slot k,
the optimal collated anomaly score of time slot r is bigger than that of time slot k. Property 2 denotes
that if the difference in anomaly severity between time slots r and k is greater than the difference
between time slots r′ and k′, the difference in optimal collated anomaly scores will accurately reflect
this gap.
Theorem 2. When Assumption 1 - Assumption 3 hold, the optimal solution Ŝ∗ of the loss function
in Eq. 6 satisfies the following properties.
Property 1. ∀r, ∀k, if the ground truth yr > yk, then Ŝ∗

r > Ŝ∗
k , where yr and yk denotes the ground

truth of the anomaly scores of rth and kth samples respectively, Ŝ∗
r and Ŝ∗

k are the optimal solution
for Eq. 6 of rth and kth samples respectively.
Property 2. ∀r, ∀k, ∀r′,∀k′, if the ground truth yr − yk > yr′ − yk′ , then Ŝ∗

r − Ŝ∗
k > Ŝ∗

r′ − Ŝ∗
k′ .

The proof of Theorem 2 is given in Appendix. A.4.

3 EXPERIMENT

We make extensive experiments on four datasets and make the following contributions:

• CoLLaTe can achieve the best performance compared with SOTA LLM-based and TSADMs.
• CoLLaTe can maintain good performance on unseen distributions.
• We locate the hyperparameters important to CoLLaTe performance and analyze their effect.
• All the modules in CoLLaTe are effective and contribute to its performance.

3.1 EXPERIMENT SETUP

Baselines. We compare CoLLaTe with state-of-the-art (SOTA) anomaly detection methods, including
DCdetector (Yang et al., 2023), AnomalyTransformer (Xu et al., 2022), TranAD (Tuli et al., 2022),
OmniAnomaly (Su et al., 2019), and MSCRED (Zhang et al., 2019), Time Series Foundation
Model, Timer (Liu et al., 2024c), Moment (Goswami et al., 2024), OneFitsAll (Zhou et al., 2023).
Additionally, we evaluate against SOTA LLM-based anomaly detection methods, including GPT-4,
Qwen3, LLMAD (Liu et al., 2024b), and sigLLM (Alnegheimish et al., 2024).

Datasets. To verify CoLLaTe can effectively embed the expertise knowledge, we choose three datasets
for a complex system, which has domain-specific rules for anomaly detection and highly rely on expert
knowledge. One is cluster-wide slowdown detection in cloud environment (Mustang) (Amvrosiadis
et al., 2018) and two are aircraft monitoring datasets collected from an aircraft manufacturing company
that is one of the world’s top 150 enterprises. Additionally, we included a subtle mathematical-
assumption-based anomaly detection dataset Mackey (Thill & Konen, 2020), in which anomalies
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Table 2: Performance comparison of CoLLaTe and all baselines on Mustang, Mackey, Flight1, and
Flight2 datasets. The best results are in bold, and the second-best are underlined.

Mustang Mackey Flight1 Flight2

Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

GPT4 0.450 0.797 0.448 0.813 0.970 0.862 0.754 0.673 0.620 0.322 1.000 0.422
LLMAD 0.068 0.800 0.122 0.077 0.696 0.132 0.138 0.982 0.226 0.171 0.873 0.274
sigLLM - - - 0.063 0.589 0.107 - - - - - -
MSCRED 0.871 0.960 0.896 0.829 0.960 0.882 0.690 0.947 0.768 0.502 0.987 0.595
OmniAnomaly 0.812 0.968 0.878 0.761 0.995 0.822 0.619 1.000 0.721 0.579 1.000 0.637
TranAD 0.865 0.918 0.867 0.301 0.500 0.367 0.340 1.000 0.497 0.225 1.000 0.367
AnomalyTransformer 1.000 0.891 0.935 0.934 0.807 0.851 0.750 0.649 0.685 0.549 0.469 0.484
DCdetector 0.968 0.718 0.799 0.200 0.200 0.200 0.759 0.615 0.664 0.749 0.742 0.746
Qwen3-235B 0.483 0.362 0.414 0.442 0.986 0.610 0.833 0.500 0.625 0.457 0.889 0.604
OneFitsAll 0.366 0.318 0.340 0.355 0.524 0.423 0.133 1.000 0.235 0.261 0.546 0.353
Timer - - - 0.242 0.541 0.334 - - - - - -
Moment 0.054 1.000 0.102 0.086 0.919 0.157 0.100 1.000 0.182 0.111 1.000 0.200

w/o alignment module 0.914 1.000 0.953 0.927 0.996 0.959 0.606 1.000 0.729 0.682 0.762 0.627
w/o collaborative loss 0.615 0.933 0.738 0.490 0.996 0.578 0.675 0.830 0.667 0.416 0.991 0.529
w/o λ1, λ2 0.968 0.933 0.943 0.522 0.970 0.594 0.631 0.894 0.648 0.436 0.755 0.530
w/o LLM 0.950 0.943 0.938 0.925 0.996 0.957 0.566 1.000 0.694 0.775 0.819 0.702

CoLLaTe-HalfGaussian 1.000 0.943 0.967 0.970 0.996 0.982 0.790 0.978 0.866 0.897 0.891 0.883
CoLLaTe-GMM 0.980 1.000 0.989 0.962 0.996 0.978 0.805 0.978 0.872 0.835 0.978 0.889

Table 3: The average performance of CoLLaTe and baselines on the unseen datasets. The best results
are in bold, and the second-best are underlined.

Mustang Mackey Flight1 Flight2

Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

MSCRED 0.719 0.984 0.804 0.671 0.963 0.765 0.734 0.956 0.765 0.426 0.983 0.521
OmniAnomaly 0.483 0.956 0.605 0.823 0.995 0.881 0.329 0.964 0.455 0.223 0.948 0.285
TranAD 0.308 0.501 0.354 0.321 0.600 0.395 0.188 0.600 0.282 0.090 0.400 0.147
AnomalyTransformer 0.200 0.200 0.200 0.976 0.667 0.765 0.391 0.251 0.305 0.592 0.458 0.491
DCdetector 0.250 0.250 0.250 0.325 0.399 0.353 0.408 0.295 0.325 0.750 0.747 0.748

CoLLaTe-HalfGaussian 0.950 0.943 0.938 0.916 0.996 0.948 0.796 1.000 0.877 0.897 0.891 0.883
CoLLaTe-GMM 0.953 0.944 0.949 0.928 0.996 0.958 0.742 1.000 0.840 0.717 1.000 0.820

can not be recognized visually, but need complex mathematical derivation and verification. For more
details, please refer to Appendix A.7.

Hyperparameters. We show the hyperparameter values in Appendix A.8.

(a) Performance of CoL-
LaTe, TSADM and LLM

F1

(b) The impact of patch
length and learning rate

F1

(c) The impact of d and learn-
ing rate

(d) KL distance between
the anomaly scores of the
two models

Figure 3: (a) We use coordinates (Precision, Recall) to denote performance on a subset of flight
dataset. We draw a scatter plot to show the distribution of LLM (GPT4), TSADM (CoLLaTe⋆), and
CoLLaTe; (b) The figure shows changes in F1 score as patch length in Dinter, Dintra and learning
rate vary, where the learning rate ticks are the original value multiplied by 1000 times; (c) The figure
shows changes in F1 score as d and learning rate vary, where the learning rate ticks are the original
value multiplied by 1000 times; (d) The figure shows that KL-divergence between the histogram of
LLM anomaly score and aligned TSADM anomaly score and compares it with the KL-divergence
between LLM anomaly score and original TSADM anomaly score;
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Evaluation Metrics. We use three of the most popular evaluation metrics as many works did (Chen
et al., 2022b; 2021; Li et al., 2023): the recall, precision and F1 score.

3.2 PREDICTION ACCURACY

Precision, recall, and F1 score are calculated for each subset, and the average results are presented
in Tab. 2, where the best performance is highlighted in bolded, and if CoLLaTe achieves the best
performance we underline the best performance among baselines. In the table, “prec" and “rec"
denote precision and recall, while “OmniAnom" and “AnomalyTr" represent “OmniAnomaly" and
“AnomalyTransformer", respectively. As sigLLM is specifically designed for univariate time series,
it cannot be applied to the Mustang, Flight 1 and Flight 2 datasets, and therefore, its performance
on these datasets is not included. In Tab. 2, We test the performance of CoLLaTe under different
distribution assumptions: Gaussian Mixture Model and Half-Gaussian. The goodness-of-fits test and
CoLLaTe performance under other assumptions can be found in Appendix. A.19. As shown in Tab. 2,
CoLLaTe achieves the highest F1 scores across all four datasets. In this table, GPT-4 represents the
LLM method employing the set-up-pitch prompt, which is the LLM component of CoLLaTe. By
comparing the performance of GPT-4 with other LLM-based anomaly detection methods, such as
sigLLM and LLMAD, it becomes evident that the set-up-pitch prompt significantly enhances the
anomaly detection accuracy of the LLM. In Fig. 3(a), we plot the precision and recall corresponding
to the best F1 scores as coordinates to illustrate the performance distribution of CoLLaTe, GPT-4,
and CoLLaTe⋆. The figure reveals that both the LLM and the TSADM (CoLLaTe⋆) tend to suffer
from either low precision or low recall. In contrast, CoLLaTe demonstrates strong performance on
both metrics. This observation confirms that CoLLaTe enables effective collaboration between the
TSADM and the LLM, resulting in superior overall performance.

Since the datasets consist of different subsets and different subsets represent monitoring data for
different cloud servers and aircraft components, they exhibit different distributions. To verify that
LLM component in CoLLaTe can promote its performance on unseen distribution by leveraging
general expertise knowledge, in Tab. 3, for each subset, we train the models on other subset and test
the model on it. In this situation, CoLLaTe can maintain its strength over other methods, even for
some baselines like TranAD equipping with meta-learning to improve its generalization. Thus, LLM
component in CoLLaTe can effectively leverage the general expertise knowledge. Since we directly
use pre-trained models of LLM-based methods and TSFM, their performances are same in Tab. 2 and
Tab. 3 and are only shown once.

3.3 HYPERPARAMETER SENSITIVITY

We investigate the impact of several factors on CoLLaTe’s performance, including d in Eq.37, patch
size for Dinter and Dintra, learning rate, and λ̂1 and λ̂2 in Eq.2. Notably, when λ̂1 and λ̂2 vary
within [0.01, 0.9], the change in CoLLaTe’s F1 score is within 0.01. Thus, our analysis primarily
focuses on the effects of d, patch size, and learning rate. In Fig.3(b), we examine CoLLaTe’s F1 score
as the patch size of Dinter and Dintra varies from 2 to 7, and the learning rate changes from 0.001 to
0.007. As shown in Fig.3(b), the F1 score improves as both the patch size and learning rate decrease.
CoLLaTe performs better with smaller patch sizes because larger patch sizes that exceed the length
of contextual anomalies lead to smaller Dinter. In such cases, since both contextual anomalies and
point anomalies have small Dinter and large Dintra, distinguishing between these anomaly types
becomes difficult, thereby degrading CoLLaTe’s performance. In Fig.3(c), we evaluate CoLLaTe’s
F1 score as d ranges from 0.01 to 2 and the learning rate varies from 0.001 to 0.007.

3.4 EFFECTIVENESS OF EACH MODULE

Ablation experiment. In CoLLaTe†, we remove the Alignment module. In CoLLaTe‡, we change
L(a, b) to MSE. In CoLLaTe∗, we change Dintra

Dinter+Dintra
and Dinter

Dinter+Dintra
to 1. We compare their

performance with CoLLaTe in Tab. 2, where CoLLaTe outperforms all of them. This proves that each
module in CoLLaTe contributes to its performance.

Effectiveness of the collaborative loss. CoLLaTe⋆ is the TSADM utilized within CoLLaTe. By
comparing the performance of CoLLaTe, GPT-4, and CoLLaTe⋆, it is evident that the collaboration be-
tween the TSADM CoLLaTe⋆ and the LLM-based model GPT-4 allows CoLLaTe to outperform both.
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This demonstrates that CoLLaTe effectively mitigates error accumulation during the collaboration
between GPT-4 and CoLLaTe⋆ and coincides with the theoretical analysis in Theorem 1.

Effective of the design of L(a, b). Moreover, as mentioned earlier, CoLLaTe‡ refers to the method
that replaces L(a, b) in the collaborative loss function with MSE. On the Mackey dataset, the perfor-
mance of CoLLaTe‡ is worse than both GPT-4 and CoLLaTe⋆. On other datasets, its performance
is consistently worse than one of GPT-4 or CoLLaTe⋆ while being only slightly better than the
other. This observation supports the analysis in Section 2.3, which indicates that using MSE as the
formulation of L(a, b) leads to error accumulation between the LLM and the TSADM during the
collaboration process.

Effectiveness of the adaptive hyperparameters. In CoLLaTe∗, the adaptive hyperparameters
Dintra

Dinter+Dintra
and Dinter

Dinter+Dintra
are set to 1. When comparing CoLLaTe∗ to GPT-4 and the TSADM

CoLLaTe⋆, we observe that on most datasets (Mackey, Flight 1, Flight 2), the performance of
CoLLaTe∗ falls between that of the LLM (GPT-4) and the TSADM (CoLLaTe⋆). This is because,
without effectively leveraging the complementary strengths of the LLM and the TSADM, the
collaborative performance of CoLLaTe∗ becomes a compromise, reflecting a balance between the
better-performing and lower-performing models. This observation highlights the importance and
effectiveness of the adaptive hyperparameters.

Effectiveness of the alignment module. The ablation experiment of CoLLaTe† demonstrates that
the alignment module contributes significantly to the performance of CoLLaTe. To verify that the
alignment module effectively reduces the distribution distance between the aligned anomaly scores of
the TSADM and the anomaly scores of the LLM, we compute the KL-divergence distance between
the aligned scores of the TSADM and the anomaly score histogram of LLM as the iteration step grows.
We present the results in Fig. 3(d). The figure also compares the KL-divergence distance between
aligned TSADM anomaly scores and that of LLM with the KL-divergence distance between original
TSADM anomaly scores and that of LLM. From Fig. 3(d), we observe that the distribution distance
between the aligned TSADM anomaly scores and the LLM anomaly scores gradually decreases as
the iteration steps increase, and falls below the distribution distance observed between the original
anomaly scores of the two models, which verifies that the alignment module effectively aligns the
distribution of anomaly scores between the TSADM and the LLM.

4 RELATED WORK

TSADM can be categorized into prediction-based methods (Malhotra et al., 2015; Hundman et al.,
2018; Zong et al., 2018; Chen et al., 2022a), reconstruction-based methods (Chen et al., 2022b; You
et al., 2022; Jiang et al., 2022; Shen et al., 2021; Tian et al., 2019), and Time Series Foundation model
(Yeh et al., 2023; Goswami et al., 2024; Zhou et al., 2023; Rasul et al., 2023). Prediction-based
methods are vulnerable to historical inference errors (Wang et al., 2024). In scenarios where it is
impossible to observe or collect all normal patterns (e.g., airplane monitoring), reconstruction-based
methods are ineffective. Time Series Foundation models have better generalization performance,
while they suffer from overgeneralization problem.

LLM-based methods (Liu et al., 2024b; Russell-Gilbert et al., 2024; Liu et al., 2024a) introduce
expert knowledge effectively through techniques like retrieval-augmented generation (RAG) (Lewis
et al., 2020) and chain of thought (COT) (Wei et al., 2022) without requiring model modifications.
However, LLMs are insensitive to value fluctuations and normal pattern extraction.

5 CONCLUSION

Given the complementary strengths of LLMs and TSADM, where LLMs can conveniently incorpo-
rate expert knowledge, while TSADM are more sensitive to value fluctuations and normal pattern
extraction, we propose a novel approach inspired by the human nervous system to facilitate their
collaboration. We begin by identifying the key challenges in facilitating this collaboration and then
introduce a collaborative framework, called CoLLaTe, to address them. There are two distinctive
characteristics of CoLLaTe: an alignment module aligning the expression domain of LLM and
TSADM, and a collaborative loss function reducing the error accumulation. We have made solid
mathematical proof and extensive experiments to verify the effectiveness of the proposed methods.
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6 REPRODUCIBILITY STATEMENT

We submit our code and data in supplementary files. Besides, we discuss the hyperparameter settings,
detailed model architecture and prompt designing in Appendix. A.8, Appendix. A.9, Appendix. A.10,
Appendix. A.12.

REFERENCES

Sarah Alnegheimish, Linh Nguyen, Laure Berti-Equille, and Kalyan Veeramachaneni. Large language
models can be zero-shot anomaly detectors for time series? arXiv preprint arXiv:2405.14755,
2024.

George Amvrosiadis, Jun Woo Park, Gregory R Ganger, Garth A Gibson, Elisabeth Baseman, and
Nathan DeBardeleben. On the diversity of cluster workloads and its impact on research results. In
2018 USENIX Annual Technical Conference (USENIX ATC 18), pp. 533–546, 2018.

Ane Blázquez-García, Angel Conde, Usue Mori, and Jose A Lozano. A review on outlier/anomaly
detection in time series data. ACM computing surveys (CSUR), 54(3):1–33, 2021.

Stephen Boyd and Lieven Vandenberghe. Convex optimization. Cambridge university press, 2004.

Zhiqi Bu, Yu-Xiang Wang, Sheng Zha, and George Karypis. Automatic clipping: Differentially
private deep learning made easier and stronger. Advances in Neural Information Processing
Systems, 36, 2024.

Chengwei Chen, Yuan Xie, Shaohui Lin, Angela Yao, Guannan Jiang, Wei Zhang, Yanyun Qu, Ruizhi
Qiao, Bo Ren, and Lizhuang Ma. Comprehensive regularization in a bi-directional predictive
network for video anomaly detection. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 36, pp. 230–238, 2022a.

Feiyi Chen, Zhen Qin, Mengchu Zhou, Yingying Zhang, Shuiguang Deng, Lunting Fan, Guansong
Pang, and Qingsong Wen. Lara: A light and anti-overfitting retraining approach for unsupervised
time series anomaly detection. In Proceedings of the ACM on Web Conference 2024, pp. 4138–4149,
2024a.

Feiyi Chen, Yingying Zhang, Lunting Fan, Yuxuan Liang, Guansong Pang, Qingsong Wen, and
Shuiguang Deng. Cluster-wide task slowdown detection in cloud system. In Proceedings of the
30th ACM SIGKDD Conference on Knowledge Discovery and Data Mining, pp. 266–277, 2024b.

Wenchao Chen, Long Tian, Bo Chen, Liang Dai, Zhibin Duan, and Mingyuan Zhou. Deep variational
graph convolutional recurrent network for multivariate time series anomaly detection. In Inter-
national Conference on Machine Learning, ICML 2022, volume 162 of Proceedings of Machine
Learning Research, pp. 3621–3633, 2022b.

Xuanhao Chen, Liwei Deng, Feiteng Huang, Chengwei Zhang, Zongquan Zhang, Yan Zhao, and Kai
Zheng. Daemon: Unsupervised anomaly detection and interpretation for multivariate time series.
In 2021 IEEE 37th International Conference on Data Engineering (ICDE), pp. 2225–2230. IEEE,
2021.

Lucas Coelho e Silva and Mayara Conde Rocha Murcca. A data analytics framework for anomaly
detection in flight operations. Journal of Air Transport Management, 110:102409, 2023.

Mononito Goswami, Konrad Szafer, Arjun Choudhry, Yifu Cai, Shuo Li, and Artur Dubrawski.
MOMENT: A family of open time-series foundation models. In Forty-first International Conference
on Machine Learning, ICML 2024, Vienna, Austria, July 21-27, 2024. OpenReview.net, 2024.
URL https://openreview.net/forum?id=FVvf69a5rx.

Kyle Hundman, Valentino Constantinou, Christopher Laporte, Ian Colwell, and Tom Soderstrom. De-
tecting spacecraft anomalies using lstms and nonparametric dynamic thresholding. In Proceedings
of the 24th ACM SIGKDD international conference on knowledge discovery & data mining, pp.
387–395, 2018.

10

https://openreview.net/forum?id=FVvf69a5rx


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Xi Jiang, Jianlin Liu, Jinbao Wang, Qiang Nie, Kai Wu, Yong Liu, Chengjie Wang, and Feng Zheng.
Softpatch: Unsupervised anomaly detection with noisy data. Advances in Neural Information
Processing Systems, 35:15433–15445, 2022.

Ming Jin, Shiyu Wang, Lintao Ma, Zhixuan Chu, James Y. Zhang, Xiaoming Shi, Pin-Yu Chen,
Yuxuan Liang, Yuan-Fang Li, Shirui Pan, and Qingsong Wen. Time-llm: Time series forecasting
by reprogramming large language models. In The Twelfth International Conference on Learning
Representations, ICLR 2024, Vienna, Austria, May 7-11, 2024, 2024.

Chih-Yu Andrew Lai, Fan-Keng Sun, Zhengqi Gao, Jeffrey H Lang, and Duane Boning. Nominality
score conditioned time series anomaly detection by point/sequential reconstruction. Advances in
Neural Information Processing Systems, 36, 2024.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, Naman Goyal,
Heinrich Küttler, Mike Lewis, Wen-tau Yih, Tim Rocktäschel, et al. Retrieval-augmented genera-
tion for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33:
9459–9474, 2020.

Yuxin Li, Wenchao Chen, Bo Chen, Dongsheng Wang, Long Tian, and Mingyuan Zhou. Prototype-
oriented unsupervised anomaly detection for multivariate time series. In International Conference
on Machine Learning, ICML 2023, volume 202 of Proceedings of Machine Learning Research, pp.
19407–19424, 2023.

Chen Liu, Shibo He, Qihang Zhou, Shizhong Li, and Wenchao Meng. Large language model guided
knowledge distillation for time series anomaly detection. arXiv preprint arXiv:2401.15123, 2024a.

Jun Liu, Chaoyun Zhang, Jiaxu Qian, Minghua Ma, Si Qin, Chetan Bansal, Qingwei Lin, Saravan
Rajmohan, and Dongmei Zhang. Large language models can deliver accurate and interpretable
time series anomaly detection. arXiv preprint arXiv:2405.15370, 2024b.

Yong Liu, Haoran Zhang, Chenyu Li, Xiangdong Huang, Jianmin Wang, and Mingsheng Long.
Timer: Generative pre-trained transformers are large time series models. In Forty-first International
Conference on Machine Learning, ICML 2024, Vienna, Austria, July 21-27, 2024. OpenReview.net,
2024c. URL https://openreview.net/forum?id=bYRYb7DMNo.

Minghua Ma, Shenglin Zhang, Junjie Chen, Jim Xu, Haozhe Li, Yongliang Lin, Xiaohui Nie,
Bo Zhou, Yong Wang, and Dan Pei. Jump-starting multivariate time series anomaly detection for
online service systems. In 2021 USENIX Annual Technical Conference (USENIX ATC 21), pp.
413–426, 2021.

Pankaj Malhotra, Lovekesh Vig, Gautam Shroff, Puneet Agarwal, et al. Long short term memory
networks for anomaly detection in time series. In Esann, volume 2015, pp. 89, 2015.

Anvardh Nanduri and Lance Sherry. Anomaly detection in aircraft data using recurrent neural
networks (rnn). In 2016 Integrated Communications Navigation and Surveillance (ICNS), pp.
5C2–1. Ieee, 2016.

Yuqi Nie, Nam H. Nguyen, Phanwadee Sinthong, and Jayant Kalagnanam. A time series is worth 64
words: Long-term forecasting with transformers. In The Eleventh International Conference on
Learning Representations, ICLR 2023, Kigali, Rwanda, May 1-5, 2023. OpenReview.net, 2023.
URL https://openreview.net/forum?id=Jbdc0vTOcol.

Stephen Osder. Practical view of redundancy management application and theory. Journal of
Guidance, Control, and Dynamics, 22(1):12–21, 1999.

Kate Rakelly, Evan Shelhamer, Trevor Darrell, Alyosha A. Efros, and Sergey Levine. Conditional
networks for few-shot semantic segmentation. In 6th International Conference on Learning
Representations, ICLR 2018, Vancouver, BC, Canada, April 30 - May 3, 2018, Workshop Track
Proceedings, 2018.

Kashif Rasul, Arjun Ashok, Andrew Robert Williams, Arian Khorasani, George Adamopoulos,
Rishika Bhagwatkar, Marin Biloš, Hena Ghonia, Nadhir Hassen, Anderson Schneider, et al.
Lag-llama: Towards foundation models for time series forecasting. In R0-FoMo: Robustness of
Few-shot and Zero-shot Learning in Large Foundation Models, 2023.

11

https://openreview.net/forum?id=bYRYb7DMNo
https://openreview.net/forum?id=Jbdc0vTOcol


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

J Rice and R Mccorkle. Digital flight control reliability-effects of redundancy level, architecture and
redundancy management technique. In Guidance and Control Conference, pp. 1893, 1979.

Alicia Russell-Gilbert, Alexander Sommers, Andrew Thompson, Logan Cummins, Sudip Mittal,
Shahram Rahimi, Maria Seale, Joseph Jaboure, Thomas Arnold, and Joshua Church. Aad-llm:
Adaptive anomaly detection using large language models. arXiv preprint arXiv:2411.00914, 2024.

Sebastian Schmidl, Phillip Wenig, and Thorsten Papenbrock. Anomaly detection in time series: a
comprehensive evaluation. Proceedings of the VLDB Endowment, 15(9):1779–1797, 2022.

Lifeng Shen, Zhongzhong Yu, Qianli Ma, and James T Kwok. Time series anomaly detection
with multiresolution ensemble decoding. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 35, pp. 9567–9575, 2021.

Ya Su, Youjian Zhao, Chenhao Niu, Rong Liu, Wei Sun, and Dan Pei. Robust anomaly detection for
multivariate time series through stochastic recurrent neural network. In Proceedings of the 25th
ACM SIGKDD international conference on knowledge discovery & data mining, pp. 2828–2837,
2019.

Markus Thill and Wolfgang Konen. The mackey-glass anomaly benchmark, 2020.

Kai Tian, Shuigeng Zhou, Jianping Fan, and Jihong Guan. Learning competitive and discriminative
reconstructions for anomaly detection. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 33, pp. 5167–5174, 2019.

Shreshth Tuli, Giuliano Casale, and Nicholas R. Jennings. TranAD: Deep transformer networks for
anomaly detection in multivariate time series data. Proc. VLDB Endow., 15(6):1201–1214, 2022.

Chengsen Wang, Zirui Zhuang, Qi Qi, Jingyu Wang, Xingyu Wang, Haifeng Sun, and Jianxin
Liao. Drift doesn’t matter: dynamic decomposition with diffusion reconstruction for unstable
multivariate time series anomaly detection. Advances in Neural Information Processing Systems,
36, 2024.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny
Zhou, et al. Chain-of-thought prompting elicits reasoning in large language models. Advances in
neural information processing systems, 35:24824–24837, 2022.

Haixu Wu, Jiehui Xu, Jianmin Wang, and Mingsheng Long. Autoformer: Decomposition transformers
with auto-correlation for long-term series forecasting. Advances in neural information processing
systems, 34:22419–22430, 2021.

Haixu Wu, Tengge Hu, Yong Liu, Hang Zhou, Jianmin Wang, and Mingsheng Long. Timesnet:
Temporal 2d-variation modeling for general time series analysis. In The Eleventh International
Conference on Learning Representations, ICLR 2023, Kigali, Rwanda, May 1-5, 2023. OpenRe-
view.net, 2023. URL https://openreview.net/forum?id=ju_Uqw384Oq.

Jiehui Xu, Haixu Wu, Jianmin Wang, and Mingsheng Long. Anomaly transformer: Time series
anomaly detection with association discrepancy. In The Tenth International Conference on Learning
Representations, ICLR 2022. OpenReview.net, 2022.

Yiyuan Yang, Chaoli Zhang, Tian Zhou, Qingsong Wen, and Liang Sun. Dcdetector: Dual attention
contrastive representation learning for time series anomaly detection. In Proceedings of the 29th
ACM SIGKDD Conference on Knowledge Discovery and Data Mining, KDD 2023, pp. 3033–3045.
ACM, 2023.

Chin-Chia Michael Yeh, Xin Dai, Huiyuan Chen, Yan Zheng, Yujie Fan, Audrey Der, Vivian Lai,
Zhongfang Zhuang, Junpeng Wang, Liang Wang, et al. Toward a foundation model for time series
data. In Proceedings of the 32nd ACM International Conference on Information and Knowledge
Management, pp. 4400–4404, 2023.

Zhiyuan You, Lei Cui, Yujun Shen, Kai Yang, Xin Lu, Yu Zheng, and Xinyi Le. A unified model
for multi-class anomaly detection. Advances in Neural Information Processing Systems, 35:
4571–4584, 2022.

12

https://openreview.net/forum?id=ju_Uqw384Oq


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Daochen Zha, Kwei-Herng Lai, Mingyang Wan, and Xia Hu. Meta-aad: Active anomaly detection
with deep reinforcement learning. In 2020 IEEE International Conference on Data Mining (ICDM),
pp. 771–780. IEEE, 2020.

Chuxu Zhang, Dongjin Song, Yuncong Chen, Xinyang Feng, Cristian Lumezanu, Wei Cheng,
Jingchao Ni, Bo Zong, Haifeng Chen, and Nitesh V Chawla. A deep neural network for unsuper-
vised anomaly detection and diagnosis in multivariate time series data. In Proceedings of the AAAI
conference on artificial intelligence, volume 33, pp. 1409–1416, 2019.

Tian Zhou, Ziqing Ma, Qingsong Wen, Xue Wang, Liang Sun, and Rong Jin. Fedformer: Frequency
enhanced decomposed transformer for long-term series forecasting. In International conference on
machine learning, pp. 27268–27286. PMLR, 2022.

Tian Zhou, Peisong Niu, Liang Sun, Rong Jin, et al. One fits all: Power general time series analysis
by pretrained lm. Advances in neural information processing systems, 36:43322–43355, 2023.

Bo Zong, Qi Song, Martin Renqiang Min, Wei Cheng, Cristian Lumezanu, Dae-ki Cho, and Haifeng
Chen. Deep autoencoding gaussian mixture model for unsupervised anomaly detection. In 6th
International Conference on Learning Representations, ICLR 2018, 2018.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 PROOF OF TRANSFORMATION

min .−
N∑
i=1

ci∑N
j=1 cj

log[

∫ ib/N

(i−1)b/N

f(S)dS] + λ̂1(
1

n

n∑
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M(si)− µ̂)2

+λ̂2(
1
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(M(si)− µM )2 − σ̂2)2

(8)

min
M

.La = − 1
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[log(f(M(si)))−logN+λ̂1(
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n
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M(si)−µ̂)2+λ̂2(
1

n− 1

n∑
i=1

(M(si)−µM )2−σ̂2)2]

(9)
Because the Half Gaussian function f(S) is derivable in (0, 1], has a right derivation on S = 0 and
f(S) ≥ 2

σ
√
2π 2σ

√
e
> 0, according to Proposition 1, Eq. 8 can approximate Eq. 9 when N approach

infinite with error upper bound of o(1). For any ϵ > 0, we can find an N0, if N > N0, the error
between the smooth surrogate loss function and the original non-differential one is below ϵ. Thus,
when optimizing M, we can set N as a big enough constant, which allows the error below the
acceptable error limit. Then, the − logN (the log 1

N item) is a constant and will not impact the
minimization process and the optimal solution of the objective function. Thus, we omit it and obtain
the smooth objective function in Eq. 2.

Convergence Guarantee. The summation in our objective contains n terms, where n denotes the
number of data samples, rather than the number of bins N . That is because for most of bins, ci = 0
and can be omitted in our simplification process above. In the summation, each term is a finite scalar,
so the objective is simply a finite sum of finite quantities. Therefore, the optimization objective is
well-defined and guaranteed to be convergent.

Proposition 1. Suppose the following conditions hold:

• f(S) is derivable in (0, 1];
• f(S) has a right derivation on S = 0;
• f(S) has a lower bound lb for S ∈ [0, 1], and lb > 0.

Then, Eq. 10 approximates 1
n

∑n
i=1 log(f(M(si))) with error upper bound of o(1).

−
N∑
i=1

ci∑N
j=1 cj

log[

∫ ib/N

(i−1)b/N

f(S)dS] (10)

Proof of Proposition 1. When the N approaches infinite, Eq. 10 is equal to Eq. 11.

lim
N→∞

−
N∑
i=1

ci∑N
j=1 cj

log(
f( ibN )

N
+ o(

1

N
)) (11)

For each ci, there will be two situations. One is that there is no M(sj) =
ib
N , j ∈ [1, n], then ci = 0

and the item including ci can be omitted. Another one is that there are some M(sj) =
ib
N , j ∈ [1, n],

then ci is equal to the number of times that ib
N appears in {M(sj)|sj ∈ {sj}nj=1}. In this situation,

ci∑N
j=1 cj

log(
f( ib

N )

N + o( 1
N )) can be transformed to ci

n log(
f(M(sj))

N + o( 1
N )), since

∑N
j=1 cj = n.

We cluster the mapping scores with the same value as a group, from which we can obtain M groups
with values of {Mî}Mî=1

, where the size of îth group is cî (i.e. îb/N = Mî). The {cî}Mî=1
consist of

the non-zero part of {ci}Ni=1. Then, Eq. 11 can be transformed to Eq. 12.

lim
N→∞

−
M∑
î=1

cî
n
log(

f(Mî)

N
+ o(

1

N
)) (12)
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Eq. 12 is exactly equal to traversing all the M(si), si ∈ {si}ni=1, sum them up as
1
n

∑n
i=1 log(

f(M(si))
N + o( 1

N )), and combine the items with same value of mapping scores. Thus,
Eq. 12 is euqal to Eq. 13.

lim
N→∞

−
n∑

i=1

1

n
log(

f(M(si))

N
+ o(

1

N
)) (13)

The error between Eq. 13 and Eq. 10 is shown in Eq. 14. Because M(si) ∈ [0, 1], f(M(si)) ≥ lb >
0. Thus, o( 1

N )× N
f(M(si))

= o(1). Then, we can derive Eq. 14 to Eq. 15. Since N is irrelevant to
− 1

n

∑n
i=1[log(1 + o(1))], we can derive Eq. 15 to Eq. 16. Since log(1 + x) ≤ 2x when x < 1

2 , we
can derive Eq. 16 to Eq. 17.∣∣∣∣∣ lim

N→∞
− 1

n

n∑
i=1

[log(
f(M(si))

N
+ o(

1

N
))− log(

f(M(si))

N
)]

∣∣∣∣∣ (14)

=

∣∣∣∣∣ lim
N→∞

− 1

n

n∑
i=1

[log(1 + o(1))]

∣∣∣∣∣ (15)

=

∣∣∣∣∣− 1

n

n∑
i=1

[log(1 + o(1))]

∣∣∣∣∣ (16)

≤2o(1) (17)

A.2 PROOF OF THEOREM 1

When L(a, b) = (a − b)2, we can transform Eq. 5 to Eq. 18, where λ1 = Dintra

Dintra+Dinter
and

λ2 = Dinter

Dintra+Dinter
.

λ1(y + ϵs − Ŝ(P, ϵs, ϵS))
2 + λ2(y + ϵS − Ŝ(P, ϵs, ϵS))

2 (18)
According to KKT condition (Boyd & Vandenberghe, 2004), the optimal solution of Lβ should

satisfy Eq. 19.

2λ1(y + ϵs − Ŝ∗(P, ϵs, ϵS))
∂Ŝ∗(P, ϵs, ϵS)

∂P
+ 2λ2(y + ϵS − Ŝ∗(P, ϵs, ϵS))

∂Ŝ∗(P, ϵs, ϵS)

∂P
= 0

(19)
As shown in Appendix A.9, the gradient of architecture of conditional network can not be

equal to 0. Thus, 2λ1(y + ϵs − Ŝ∗(P, ϵs, ϵS)) + 2λ2(y + ϵS − Ŝ∗(P, ϵs, ϵS)) = 0. Then,
Ŝ∗(P, ϵs, ϵS) = y + λ1ϵs + λ2ϵS . Thus, E[(Ŝ∗(P, ϵs, ϵS) − y)2] = E[(λ1ϵs + λ2ϵS)

2]. Since
V ar(X) = E[(X − E(X))2] = E[X2] − (E[X])2 ≥ 0, we have E[X2] ≥ (E[X])2. Thus,
E[(λ1ϵs + λ2ϵS)

2] ≥ |E[λ1ϵs + λ2ϵS ]|2. Since ϵ1 ∼ Ds(µs, σs), ϵ2 ∼ DS(µS , σS), we have
|E[λ1ϵs + λ2ϵS ]|2 = (λ1µs + λ2µS)

2. Thus, E[(Ŝ∗(P, ϵs, ϵS)− y)2] ≥ (λ1µs + λ2µS)
2

A.3 PROOF OF LEMMA 1

When using stochastic gradient descent algorithm, the gradient of Eq. 5 and Eq. 6 is shown in
Eq. 20 and Eq. 21 respectively, where B is the set of sample in batch and |B| is the size of set
{(r, t)|r ∈ B, t ∈ B}. Let g∗

i,j denote the item in Eq. 21, whose index is (i, j). Let gi,j denote the
item in Eq. 20, whose index is (i, j). gi,j can be transformed to g∗

i,j + [λ1(ϵs,i − ϵs,j) + λ2(ϵS,i −
ϵS,j)](Ŝi − Ŝj)

∂(Ŝi−Ŝj)
∂P . Thus, the gradient of Eq. 5 can be deemed as the gradient of Eq. 6 add

some random noise scaled by (Ŝi − Ŝj)
∂(Ŝi−Ŝj)

∂P for each sample.

g = − 1

|B|
∑

(i,j)∈{(r,t)|r∈B,t∈B}

λ1(ϵs,i − ϵs,j + yi − yj)(Ŝi − Ŝj)∇(Ŝi − Ŝj)

+λ2(ϵS,i − ϵS,j + yi − yj)(Ŝi − Ŝj)∇(Ŝi − Ŝj)

(20)
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g∗ = − 1

|B|
∑

(i,j)∈{(r,t)|r∈B,t∈B}

λ1(yi − yj)(Ŝi − Ŝj)∇(Ŝi − Ŝj)

+λ2(yi − yj)(Ŝi − Ŝj)∇(Ŝi − Ŝj)

(21)

Thus, we should verify the original loss function without gradient noise (i.e. L∗
β) satisfies the

following assumptions.

Verify Assumption 5.1 in (Bu et al., 2024). Since yi ∈ [0, 1], Ŝi ∈ [0, 1], we have L∗
β ≥ −n2. Thus,

it has lower bound and satisfies Assumption 5.1 in (Bu et al., 2024).

Verify Assumption 5.2 in (Bu et al., 2024). According to Appendix. A.9, we can get the Hessian of
L∗
β in Eq. 22, where ∇2

W1,W2
Ŝ = ∇2

W2,W1
Ŝ = Ŝ(1− Ŝ) diag(σ′

1)Ik⊗ S̄T . W1 ∈ Rk×(D+2),W2 ∈
R1×r and Ik denotes a k× k identity matrix. σ′

1 is given in Eq. 23. ⊗ denotes the Kronecker product.

∂2L∗
β

(∂P)2
=

 ∂2L∗
β

(∂W1)2
∂2L∗

β

(∂W1)(∂W2)
∂2L∗

β

(∂W2)(∂W1)

∂2L∗
β

(∂W2)2


=

[
0 (yi − yj)(∇2

W1,W2
Ŝi −∇2

W1,W2
Ŝj)

(yi − yj)(∇2
W2,W1

Ŝi −∇2
W2,W2

Ŝj) 0

] (22)

σ′
1[i] =

{
k1, W1Ŝ[i] ≥ 0
k2, others

(23)

Since Ŝ only refers to the s, S and data representation obtained from TSADM R, which are constants
when training CoLLaTe (because the TSADM and LLM are fixed), S̄ have a upper bound U for
a given dataset. Furthermore, since Ŝ ∈ [0, 1],

∣∣∣∇2
W1,W2

Ŝ
∣∣∣ ≤ max(|k1|, |k2|) × k2U . Because

yi ∈ [0, 1] and yj ∈ [0, 1], the Hessian matrix
∣∣∣ ∂2L∗

β

(∂P)2

∣∣∣ ≤ 4max(|k1|, |k2|) × k2U . Thus, L∗β is
Lipschitz smooth and satisfies the Assumption 5.2 in (Bu et al., 2024).

Verify Assumption 5.3 in (Bu et al., 2024). We can transform E(g∗
i,j − gi,j) step by step, as shown

in Eq. 24.

E(g∗
i,j − gi,j) = E[(λ1(ϵs,i − ϵs,j) + λ2(ϵS,i − ϵS,j))(Ŝi − Ŝj)∇(Ŝi − Ŝj)]

= E[(λ1(ϵs,i − ϵs,j) + λ2(ϵS,i − ϵS,j))](Ŝi − Ŝj)∇(Ŝi − Ŝj)
(24)

Since E(ϵs,i) = E(ϵs,j),E(ϵS,i) = E(ϵS,j), we can obtain E[λ1(ϵs,i − ϵs,j) + λ2(ϵS,i − ϵS,j)] = 0.
Thus, E(g∗

i,j − gi,j) = 0. E|g∗
i,j − gi,j |2 can be calculated as shown in Eq. 25.

E|g∗
i,j − gi,j |2 = (Ŝi − Ŝj)

2(∇(Ŝi − Ŝj))
2E[(λ1(ϵs,i − ϵs,j) + λ2(ϵS,i − ϵS,j))

2] (25)

As proven above, |Ŝi − Ŝj | ≤ 1, thus (Ŝi − Ŝj)
2 ≤ 1. Similarly ∇(Ŝi − Ŝj) ≤ 1, we can obtain

(∇(Ŝi − Ŝj))
2 ≤ 1. Thus, we can obtain the inequality in Eq. 26.

(Ŝi − Ŝj)
2(∇(Ŝi − Ŝj))

2E[(λ1(ϵs,i − ϵs,j) + λ2(ϵS,i − ϵS,j))
2] ≤

E[(λ1(ϵs,i − ϵs,j) + λ2(ϵS,i − ϵS,j))
2]

(26)

Since ϵs,i ∼ D(µs, σs), ϵs,j ∼ D(µs, σs) independently, E[(ϵs,i − ϵs, j)2] = 2σ2
s . Similarly,

E[(ϵS,i − ϵS,j)
2] = 2σ2

S . After simplifying its formation, we obtain E[(λ1(ϵs,i − ϵs,j) + λ2(ϵS,i −
ϵS,j))

2] = 2λ2
1σ

2
s + 2λ2

2σ
2
S . Thus, E|g∗

i,j − gi,j |2 ≤ 2λ2
1σ

2
s + 2λ2

2σ
2
S . Then, it satisfies Assumption

5.3 in (Bu et al., 2024).

Therefore, L∗
β satisfies Assumption 5.1-Assumption 5.3 in (Bu et al., 2024). As proven before,

minimizing Lβ by stochastic gradient descent can be deemed as adding a random noise to the
gradient of each sample during the stochastic gradient descent process of L∗

β . Since Assumption
5.1-Assumption 5.3 in (Bu et al., 2024) hold, we can use Theorem 4 in (Bu et al., 2024) to prove that
after adding these random noise, Lβ can also converge as quickly as L∗

β by O(T− 1
4 ). Besides, we

have the equation as shown in Eq. 27.

E(gi,j) = E(g∗
i,j) + E([λ1(ϵs,i − ϵs,j) + λ2(ϵS,i − ϵS,j)](Ŝi − Ŝj)∇(Ŝi − Ŝj)) (27)
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Since E[λ1(ϵs,i−ϵs,j)+λ2(ϵS,i−ϵS,j)] = 0, we can obtain E([λ1(ϵs,i−ϵs,j)+λ2(ϵS,i−ϵS,j)](Ŝi−
Ŝj)∇(Ŝi − Ŝj) = 0. Thus, E(gi,j) = E(g∗

i,j). Since Lβ can converge as proven above, its gradient
E(g) should converge to 0 as iteration step grows up. Thus, as iteration step grows up, E(gi,j)
approaches 0, i.e., P approaches the one that makes E(g∗

i,j) = 0. Since L∗
β is convex, as long as

E(g∗
i,j) = 0, P is the optimal solution of L∗

β . Thus, by using Lβ , P can converge to the optimal
solution of L∗

β with similar converge rate O(T− 1
4 ), as iteration step approaches infinite.

A.4 PROOF OF THEOREM 2

Since when Assumption 1 - Assumption 4 hold, Lemma 1 is valid. Thus, using stochastic gradient
descent (SGD) to minimize Lβ can be approximate to using stochastic gradient descent to minimize
L∗
β , when iteration step approach infinity. Thus, we prove that optimal solution of L∗

β has the
mentioned properties.

Proof of property 2. Let Ŝ† denote the optimal solution of L∗
β . We use the proof of contradiction to

prove it. We firstly assume if there are r, k, r′, k′ ∈ [1, n] that satisfies Eq. 28-Eq. 29. By enlarging
Ŝ†
r by ∆t and reducing Ŝ†

r′ by ∆t, we can further decrease the value of L∗
β , which is contradict to the

assumption that Ŝ† is optimal. Thus, ∀r, k, r′, k′, if yr − yk > yr′ − yk′ , then Ŝ†
r − Ŝ†

k > Ŝ†
r′ − Ŝ†

k′ .

Here is the detailed derivation. Without loss of generality, we can assume yr > yr′ , because if
yr < yr′ , given yr − yk < yr′ − yk′ , yk < yk′ . In this case, by multiplying minus one to both side of
the inequality Eq. 28-Eq. 29, we can obtain a set of inequality that yk′ − yr′ > yk − yr, Ŝ

†
k′ − Ŝ†

r′ <

Ŝ†
k − Ŝ†

r with the condition yk′ > yk, which is equal to assuming yr > yr′ for Eq. 28-Eq. 29.

yr − yk > yr′ − yk′ (28)

Ŝ†
r − Ŝ†

k < Ŝ†
r′ − Ŝ†

k′ (29)

Let Ŝ†
r grows to Ŝ†

r +∆t and Ŝ†
r′ decreases to Ŝ†

r′ −∆t, where ∆t > 0. Let L1 denote the value
of L∗

β before changing Ŝ†
r and Ŝ†

r′ and L2 denote the value of L∗
β after changing Ŝ†

r and Ŝ†
r′ . We

compute the difference between L2 and L1 in Eq. 30. Furthermore, we can simplify it to Eq. 31.
Given yr > y[r

′], L1 − L2 > 0, which means L2 is smaller than L1. However, since Ŝ† is the
optimal solution of L∗

β , there should be no value set of Ŝ that can make L∗
β smaller than L1. Thus,

the conclusion L2 < L1 is contradict to the assumption that Ŝ† is optimal. Thus, ∀r, k, r′, k′, if
yr − yk > yr′ − yk′ , then Ŝ†

r − Ŝ†
k > Ŝ†

r′ − Ŝ†
k′ .

L1 − L2 =

n∑
i=1,i̸=r

(yi − yr′)∆t+
∑

j=1,j ̸=r

(yr′ − yj)(−∆t) + (yr − yr′)(2∆t) + (yr′ − yr)(−2∆t)

+

n∑
i=1,i̸=r′

(yi − yr)(−∆t) +

n∑
j=1,j ̸=r′

(yr − yj)(∆t)

(30)

L1 − L2 = 2n∆t(yr − yr′) (31)

Proof of Property 1. Let k = k′. Then, according to property 2, ∀r, k, r′, if yr − yk > yr′ − yk,
Ŝ†
r − Ŝ†

k > Ŝ†
r′ − Ŝ†

k. The inequality mentioned above can further reduced to ∀r, r′, if yr > yr′ ,
Ŝ†
r > Ŝ†

r′ .

A.5 TRAIN AND INFERENCE

During the training process, we use La + Lβ as the loss function. During the inference process, we
use the collated anomaly score output by the conditional network as the anomaly score.
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(a) The background
anomaly

(b) The data pattern
anomaly

(c) The mutant anomaly (d) The gradual anomaly

Figure 4: These figures show different anomaly types
A.6 ANOMALY TYPES

We use different binary classification standards to categorize the anomalies in Flight 1 and Flight 2.
Among them, the most common binary standard is point anomaly and contextual anomaly, which is
illustrated in (Lai et al., 2024). Besides, we also introduce two other kinds of binary classification
standards for aircraft monitoring datasets to explore the complementary performance between LLM
and TSADM. According to the degree of reliance on expert knowledge for anomaly detection,
we can divide anomalies into background anomalies and data pattern anomalies. The background
anomalies highly rely on expertise knowledge, while the data pattern anomaly can be identified only
by TSADMs. As shown in Fig. 4(a), the valid range of the dependent variable is decided by the
independent variable, which should satisfy the laws of physics between different parameters. It is
usually hard for a neural network to clearly identify the valid range of the dependent variable, given
the independent variable. Thus, in this case, it relies on expert knowledge and belongs to background
anomaly. In contrast, in Fig. 4(b), the redundant channel mechanism usually requires that most of
the redundant channels can reach a consensus. Thus, different redundant channels should always be
similar to each other in normal status. In this situation, the neural network can identify the similarity
between different channels without expert knowledge. Thus, it belongs to data pattern anomaly.
According to the similarity between anomaly and surrounding time series, we can divide anomalies
into gradual anomalies and mutant anomalies. As shown in Fig. 4(c), the anomalies are quite different
from surrounding normal time series and they should belong to mutant anomalies. In Fig. 4(d), the
anomalies are similar to the surrounding normal time series and they should belong to the gradual
anomaly.

A.7 DATASETS

In our experiments, we used four datasets from different scenarios: cloud service monitoring, aircraft
monitoring, and mathematical assumption-based anomaly datasets. We introduce these datasets in
the following. The used datasets of Mackey and Mustang are included in "Supplementary Material".
As for Flight 1 and Flight 2, since they refers to business secret, we could not disclose them.

• Mackey (Thill & Konen, 2020).The dataset comprises a synthetic Mackey-Glass time
series characterized by non-trivial anomalies. Mackey-Glass time series are recognized for
their propensity to exhibit chaotic behavior under specific conditions. The Mackey dataset
encompasses 10 Megabytes (MG) of time series data, with each series extending to a length
of 105 time points. Within each time series, 10 anomalies are meticulously introduced
using a procedure outlined subsequently. Unlike other synthetic benchmarks, it poses a
considerable challenge for the human eye to discern the artificially introduced anomalies
from the inherent chaotic behavior. A segment of a time series featuring 3 anomalies is
illustrated in the graph above. Due to the limit of computation resources when using LLM,
we only use 10000 time slots in our experiments. Since there are no point anomalies in
the original dataset, but our model utilizes the complementary performance of LLM and
TSADM on point anomaly and contextual anomaly, we insert some point anomalies into the
original dataset and release it in "Supplementary Material".

• Mustang (Amvrosiadis et al., 2018; Chen et al., 2024b). The Mustang dataset chronicles
the task duration of operations over a span of five years. The authors in (Chen et al., 2024b)
have conducted preprocessing on the raw dataset, where they count the histogram of the
task duration time distribution at each time slot. Subsequently, they manually identified and
labeled the slowdown anomalies. We include used dataset in "Supplementary Material".
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Table 4: The meaning of each hyperparameter.
Hyperparameter Name Meaning

winLen The length of sliding window
moduleNum The number of TSADM attention layers

batchSize The size of batch
trlr The learning rate of TSADM
colr The learning rate during collaboration

patchSize The size of patch in computin Dinter and Dintra

kLen The length of convolution kernel in TSADM
d The square root in Eq. 37
λ̂ The hyperparameter weight in La

Table 5: The value of each hyperparameter.
Mustang Mackey Fligh 1 Flight 2

Name Value Name Value Name Value Name Value
winLen 4 winLen 5 winLen 2 winLen 2

moduleNum 6 moduleNum 10 moduleNum 6 moduleNum 10
batchSize 100 batchSize 100 batchSize 100 batchSize 100

trlr 0.001 trlr 0.01 trlr 0.01 trlr 0.01
colr 0.001,0.0001 colr 0.01 & 0.001 colr 0.008 colr 0.01,0.001

patchSize 2 patchSize 2 patchSize 2 patchSize 2
kLen 2 kLen 2 kLen 2 kLen 2

d 0.7,1.2 d 0,0.5,0.7,1,1.5 d 0,1.7,2 d 0.01,0.5,0.9,1.7,2
λ̂ 0.1,1 λ̂ 1 λ̂ 1,2,5 λ̂ 1,5

• Flight 1 & 2. These datasets are collected from an airline company, which is one of
the world’s top 150 enterprises. Due to the confidentiality requirements of monitoring
data, we extracted obvious data patterns from the raw data and performed encryption and
desensitization operations on the raw data through regeneration. The datasets use redundant
channels (Osder, 1999) to ensure the robustness of flight systems and refer to sophisticated
collaborative relationships between different parameters, which introduces complex rules to
judge the availability of the flight control system and is hard to learn only by neural networks.
Besides, we show the ratios of normality and different kinds of anomaly in Fig. 5(a), where
the anomaly classification is defined in Appendix. A.6.

A.8 EXPERIMENT DETAILS

The four datasets used in our experiments consist of multiple subsets. For each subset, we use
40% as the training set, 10% as the validation set, and the remaining 50% as the testing set. We
illustrate the meaning of each hyperparameter in Tab. 4 and list the value of the hyperparameter in
Tab. 5. Since the datasets used in our experiments consist of several subsets. In some datasets, we
set different hyperparameter values for different subsets and we list the values used in the Tab. 5. In
these situations, we use grid search to find the optimal combinations of these hyperparameters for
each subset.

A.9 ARCHITECTURE OF OUR CONDITIONAL NETWORK

The conditional network uses the data representation obtained from a TSADM as the condition and
leverages the aligned anomaly score of the TSADM and anomaly score of LLM to output the collated
anomaly score. As shown in Eq. 32, we firstly concat data representation, aligned anomaly score of
TSADM and anomaly score of LLM as many conditional networks do (Rakelly et al., 2018). After
that, we use multilayer perceptrons to output collated anomaly score as shown in Eq. 33, where W1

and W2 are trainable parameters, σ1 is LeakyReLU and σ2 is Sigmoid.

S̄ = Concat(S, s,R) (32)

Ŝ = σ2(W2σ1(W1S̄)) (33)
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(a) The distribution of
Flight datasets

(b) GPT4 performance for
different distances from
examples

(c) The complementary
strength of LLM and
TSADM

(d) Validity of Assump-
tion 3

Figure 5: (a) shows the distribution of flight datasets. (b) shows the anomaly detection performance
of GPT4 when the distance between the designated time slot for anomaly detection and the time
slot of the examples increases. (c) The figure shows the F1 score of LLM (GPT4) and TSADM
(CoLLaTe⋆) when using different anomaly binary classification criteria. (d) We verify that the mould
length of |L∗

β(θ1)− L∗
β(θ2)|2 is less than L|θ1 − θ2|2 and verifies the validity of assumption 3.

A.10 ARCHITECTURE OF TSADM

The TSADM consists of 6-layer anomaly attention. Each anomaly attention layer is described in

Eq. 34, where G[i, j] = 1 − exp−
(i−j)2

σ2 , σ is a learnable parameter and ∗ denotes an element-
wise multiplication. This attention mechanism is built on the observation that anomaly could not
establish decentralized connection with the whole time series (Xu et al., 2022) and embeds moderate
modification compared with the original one. To promote the anomaly attention capacity of dealing
with compound periodic time series, different anomaly attention layers are organized by skimming
attention mechanism (Chen et al., 2024b).

A = qdk
T
d , (34)

Ã = softmax(A ∗G), (35)

x̃l[:, d] = Ãvd. (36)

A.11 COMPLEMENTARY PERFORMANCE

In CoLLaTe, we mainly utilize the complementary performance of LLM and TSADM on point
anomaly and contextual anomaly. Actually, there are other complementary performances between
the TSADM and LLM by using another binary classification standard, and we explore them in this
section. We introduce two kinds of binary classification standards: the anomalies that need expert
knowledge to detect and the anomalies that can be detected only by data patterns, gradual anomalies,
and mutual anomalies. These anomalies are illustrated in detail in Appendix. A.6. We divide Flight 2
into pieces and gather the pieces only obtain only one kind of anomaly. We test GPT4 and CoLLaTe⋆
on them and compute their average F1 score, which is shown in Fig. 5(c). In Fig. 5(c), we can see
that LLM always has better performance on one kind of anomaly and has poorer performance on
another in each binary anomaly classification.

A.12 SET-UP-PITCH PROMPT

Numerous studies have shown that incorporating similar historical examples into prompts can
significantly enhance anomaly detection performance (Liu et al., 2024b). Based on this insight, our
prompt is structured into four components: expertise supplementation, task description, input data, and
examples. The expertise supplementation component provides the contextual meanings of the various
dimensions of the input data within the application domain, along with relevant domain-specific
knowledge in professional document, such as typical value ranges and interrelationships between
dimensions. The task description component directs the large language model (LLM) to determine
whether a given time slot is anomalous and specifies the required output format. The examples
component includes both a positive and a negative example to guide the model’s understanding. The
detailed prompt design is provided in the following.
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Table 6: The mean and standard deviation of CoLLaTe performance.
Mustang Mackey Flight1 Flight2

Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1

Best Baseline 1.000 0.891 0.935 0.829 0.960 0.882 0.690 0.947 0.768 0.749 0.742 0.746
CoLLaTe-mean 0.934 0.989 0.956 0.941 0.990 0.964 0.806 0.970 0.872 0.841 0.930 0.871
CoLLaTe-std 0.044 0.025 0.015 0.023 0.013 0.017 0.025 0.019 0.010 0.068 0.040 0.026

While recent works utilize examples from a fixed dataset, many application scenarios exhibit dynamic
patterns over time. For instance, in cloud server monitoring, the cloud environment evolves with
service updates, deployments, and revocations (Chen et al., 2024a; Ma et al., 2021). Similarly, in
aircraft monitoring, normal patterns shift with changes in flight conditions and aircraft states. As
illustrated in Fig. 5(b), our experiments with aircraft monitoring data reveal that the performance of
GPT-4 degrades as the temporal distance between the anomaly detection time slot and the example
time slot increases. To address this, we leverage a TSADM for anomaly detection to periodically
label data flow and update the example collection with manual assistance, ensuring that the examples
remain relevant and effective over time.

We list the concrete prompts for different datasets below. Since the prompt for aircraft monitoring
datasets (Flight 1 and Flight 2) refers to the trade secrets of the airline company, we do not list
them below. Due to the randomness of LLM, we ran 5 times independently and show the average
performance of CoLLaTe and its standard deviation in Table. 6.

Prompt of Mackey
Expertise Supplement: The input data is a 10000 ∗ 1 time series. The time series is generated
by adding the value x, which satisfied dx

dt = 0.25 ∗ x(t−18)
1+x(t−18)10 − 0.1 ∗ x(t), and some noises

within range of [−0.01, 0.01], where x(t) represents the value of time series at tth time slot.
There are some anomalies inserted into the time series, which do not obey mentioned rules.
The anomalies are inserted by repeating some future segments of the time series to the present
position. [Professional document can be inserted into this part]
Input data: {data}
Task description: Given the input data, please pick out the anomalies along the time series and
output the possibility that the ith time slot is anomalous. Please only output the corresponding
possibility within the range of [0, 1]. (i is an iterable index).
Examples:
Example 1: Given the input data, please pick out the anomalies along the time series and
output the possibility that the ith time slot is anomalous. Please only output the corresponding
possibility within the range of [0, 1]. Output: 0.

Example 2: Given the input data, please pick out the anomalies along the time series and
output the possibility that the ith time slot is anomalous. Please only output the corresponding
possibility within the range of [0, 1]. Output: 1.

Prompt of Mustang
Expertise Supplement: The input data is a matrix with size T * 17, which represents the task
duration time distribution for T time slots in the cloud center. For each time slot, there are 17
dimensions. The values for these dimensions respectively represent the ratio of tasks whose
duration time belongs to [0,5), [5,10), [10, 20), [20,30), [30, 40), [40, 70), [70, 110), [110, 150),
[150, 190), [190, 230), [230, 280), [280, 330), [330, 380), [380, 430), [430, 900), [900, 1200),
[1200, 1900). [Professional document can be inserted into this part]
Input data: {data}.
Task description: Given a sliding window with size 50 ∗ 17, please judge if there are many tasks
slowdown at a specific time slot, compared with other slots in a given window. Please output a
float number ranging from 0 to 1 to represent the probability that there are many tasks slowdown
at the specific time slot.
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Table 7: The model efficiency.
Model Train (s/subset) Inference(s/subset) LLM (s/request)

CoLLaTe 12.27 0.24 1.27
GPT4 — — 1.27
sigLLM — — 2.31
LLMAD — — 1.42
MSCRED 3.04 0.17 —
OmniAnomaly 2.32 0.14 —
TranAD 1.52 1.31 —
AnomalyTr 9.46 1.71 —
DCdetector 3.79 1.21 —

Examples:
Example 1: Given the input data, please judge if there are many tasks that slow down at time slot
i and output a float number ranging from 0 to 1 to represent the probability of it. Response: 0.

Example 2: Given the input data, please judge if there are many tasks that slow down at time slot
i and output a float number ranging from 0 to 1 to represent the probability of it. Response: 1

A.13 MIN-MAX NORMALIZATION TO TSADM ANOMALY SCORES

we firstly scale anomaly scores from the TSADM by Eq. 37, where d is a hyperparameter, ṡmax and
ṡmin are the maximum and minimum values of these anomaly scores.

s =
ṡ

d
√
ṡmax − ṡmin

(37)

A.14 MODEL EFFICIENCY

Since we call the GPT-4 API, which will force the program to sleep for a while after sending several
requests consecutively. Therefore, using a locally deployable LLM would significantly reduce the
time compared to the times we have listed.

When using a K80 to train and inference CoLLaTe (LLM part calls API), the average time to obtain
LLM anomaly scores is 1.27 seconds per request for the first 10 requests. After obtaining the anomaly
scores, we separately compute the training and inference times. Training CoLLaTe on the Mackey
dataset takes an average of 12.27 seconds per subset, while inference takes an average of 0.24 seconds
per subset. We compare the running time of CoLLaTe and the baselines in detail in Table 7, where
the time for LLM is calculated separately from the time for other steps. The memory size of the
CoLLaTe (except the LLM part) is 43KB.

Regarding time complexity, the time complexity for transformer-based methods (LLM and TSADM
in CoLLaTe) is O(n2), where n is the sequence length of prompt. The time complexity for the
conditional network is O(d2), where d is the dimension of the feedforward network in the conditional
network. Thus, the total time complexity of CoLLaTe is O(n2 + d2).

A.15 POTENTIAL LIMITATION

Firstly, CoLLaTe is not suitable for application scenarios with limited computational capacity or
unstable network accessibility, as we would be unable to deploy the LLM locally or call its API
remotely. Secondly, CoLLaTe is not applicable in scenarios with high concurrency or stringent
real-time requirements, as calling the GPT-4 API takes 1 second per request and triggers forced
delays after several consecutive requests. Besides, if both LLM and TSADM in CoLLaTe fail to
detect an anomaly, CoLLaTe will also fail to detect it.
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A.16 ASSUMPTION VALIDITY

Assumptions 1 and 2 state that the anomaly score prediction errors of LLM and TSADM follow
two unknown distributions, respectively. The only constraint on these distributions is that their
expected values are not equal to zero. We consider this assumption to be practical, as no model
can achieve perfect performance, and the expectation of their prediction errors should naturally
bigger than zero. This is also proven by the experimental result shown in Tab. 2, where the F1
scores of CoLLaTe⋆ and GPT4 are not 1.0. Assumption 3 assumes that L∗

β in Eq. 6 is L-Lipschitz
continuous towards the trainable parameters in Ŝi and Ŝj . We plot the variation of |L∗

β(θ1)−L∗
β(θ2|)

as the distance between two trainable parameters θ1 and θ2 change in Fig. 5(d). We can assure
|L∗

β(θ1)− L∗
β(θ2|) < L|θ1 − θ2| when setting L as 280 and the Lipschitz continuous assumption is

satisfied.

A.17 EFFECTIVENESS OF EXPERT KNOWLEDGE

To verify the effectiveness of Expert knowledge used in prompt. We omit the expert knowledge and
compare the original model performance with omitting one in Tab. 8, where ‘w/o EK’ denotes omit
expert knowledge.

Mustang Mackey Flight1 Flight2
Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

w/o EK 0.701 0.936 0.801 0.810 0.978 0.883 0.699 0.828 0.756 0.618 0.936 0.744
CoLLaTe 1.000 0.943 0.967 0.970 0.996 0.982 0.790 0.978 0.866 0.897 0.891 0.883

Table 8: Expert Knowledge Ablation Study

A.18 COMPARING WITH TIME SERIES FOUNDATION MODEL AND LLM

We compare CoLLaTe with Time Series Foundation Model, TimesNet (Wu et al., 2023), Timer (Liu
et al., 2024c), Moment (Goswami et al., 2024), large language model, Qwen3 and popular time series
models, FedFormer (Zhou et al., 2022), AutoFormer (Wu et al., 2021) in Table. 9.

Mustang Mackey Flight1 Flight2

Prec Rec F1 Prec Rec F1 Prec Rec F1 Prec Rec F1

TimesNet 0.448 0.317 0.371 0.647 0.324 0.431 0.904 0.765 0.829 0.701 0.747 0.723
AutoFormer 0.778 1.000 0.875 0.607 0.872 0.716 0.447 0.654 0.531 0.778 0.538 0.636
FedFormer 0.277 0.650 0.389 0.943 1.000 0.971 1.000 0.333 0.500 0.864 0.487 0.623
CoLLaTe 1.000 0.943 0.967 0.970 0.996 0.982 0.790 0.978 0.866 0.897 0.891 0.883

Table 9: Performance comparison of different methods on Mustang, Mackey, Flight1, and Flight2
datasets.

A.19 USAGE OF LLM

In our paper writing process, we leverage large language models (LLMs) to assist with polishing and
proofreading our English expressions and generating LaTeX tables from experiment results.

A.20 ARCHITECTURE OF MAPPING FUNCTION

The Mapping function is designed as Eq. 38, where R is time series representation obtained from
a fixed TSADM. M(si) is a linear mapping function combined with a sigmoid function. Because
both of them are monotonous and the time series representation part R is a fixed constant (we do not
change the learnable parameters of the pre-trained TSADM in our model), the M(si) is monotonous
with respect to si.

s̄i = Concat(R, si),M(si) = Sigmoid(Ws̄i) (38)
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(a) The anomaly scores of LLM and TSADM on a time
series
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(b) The anomaly score distributions of anomaly
and normality

Figure 6: (a) shows the anomaly scores of an LLM and a TSADM on different anomaly types; (b)
shows the anomaly score distributions of normality and anomaly for TSFM.

A.21 WHERE DOES LLM HELP?

Distributions D Bootstrap-P-Value
Beta 0.2023 0.5033
Logit-normal 0.2519 0.5633
Half-Gaussian 0.2428 0.4867
GMM 0.1218 0.4967

Table 10: Goodness-of-fit results for different distributions.

Table 11: Performance (Precision, Recall, F1) across four datasets.
Mustang Mackey Flight1 Flight2

Model Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1

Beta 0.933 0.992 0.961 0.851 0.992 0.915 0.792 0.972 0.860 0.965 0.848 0.885
Logit-normal 0.875 1.000 0.929 0.926 0.996 0.956 0.987 0.779 0.847 0.780 1.000 0.876
Half-Gaussian 1.000 0.943 0.967 0.970 0.996 0.982 0.790 0.978 0.866 0.897 0.891 0.883
GMM 0.980 1.000 0.989 0.962 0.996 0.978 0.805 0.978 0.872 0.835 0.978 0.889

We show a typical case where LLM can help and where it can not in Figure. 6(a). The first anomaly
(before the 200-th time step) is a contextual anomaly: its absolute values appear normal when viewed
globally, but they violate the expected local context distribution. The second anomaly is a point
anomaly, because the global value range of the series lies above 2.66, while this spike falls below
that range. For the first anomaly, the LLM fails to detect it because it is less sensitive to fine-grained
fluctuations and local temporal patterns, whereas the TSADM is better at capturing such patterns and
therefore detects it successfully. In contrast, the second anomaly requires global-range awareness to
identify its abnormality. In this case, the LLM provides stronger global reasoning than the TSADM
and thus performs better.
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Table 12: Performance comparison across datasets for TSADM, LLM, ensemble methods, and
CoLLaTe.

Mustang Mackey Flight1 Flight2

Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1

TSADM → LLM 0.696 0.889 0.571 0.259 1.000 0.411 0.375 0.857 0.522 0.416 0.877 0.458
LLM → TSADM 0.900 0.927 0.889 0.918 0.787 0.820 0.793 0.819 0.706 0.667 0.923 0.774
Max 0.857 0.861 0.845 0.768 1.000 0.863 0.845 0.855 0.794 0.778 0.824 0.799
Avg 0.874 0.907 0.881 0.812 1.000 0.891 0.898 0.734 0.776 0.563 1.000 0.720
Vote 0.076 1.000 0.141 0.177 1.000 0.301 0.157 0.889 0.267 0.112 0.876 0.199
CoLLaTe 1.000 0.943 0.967 0.970 0.996 0.982 0.790 0.978 0.866 0.897 0.891 0.883

Mustang Mackey Flight1 Flight2

TCoLLaTe − Tw/o-LLM (s/sample) 1.31 1.24 1.26 1.41
F1CoLLaTe − F1w/o-LLM (%) 2.9 2.5 17.2 18.1

Table 13: Performance and runtime improvements of CoLLaTe over the w/o-LLM variant.

A.22 WHY TSFM SHOWS WEAK PERFORMANCE IN OUR EXPERIMENT?

The weak performance of TSFM can come from the overgeneralization problem in anomaly detection.
Those TSFM are used as prediction-based anomaly detection method in our experiment. Since
they are trained on lots of dataset in pretraining process, it has good generalization across different
data patterns, which is verified by the zero-shot prediction performance reported by many TSFM
papers [1,2]. However, this strength in zero-shot prediction can be a shortage when using it as
a prediction-based anomaly detection, because it can also fit the anomaly patterns well. In such
situation, the prediction error (used as anomaly score) of anomalies can also be small and is hard to
distinguish from normal samples. We draw the anomaly score distributions of anomaly and normal
patterns for TSFM in Figure. 6(b), where their distributions are mostly overlapped.

A.23 GOODNESS-OF-FITS TEST

(Also guided by Reviewer 2vmL and Reviewer ct8Q). We provide goodness-of-fits test (KS) across
half-Gaussian/Beta/logit-normal/isotonic calibration in Table. 10. According to the goodness-of-fits
test, GMM can fit the distribution best.

We rerun our model with Beta distribution, Logit-normal and GMM, and list their performance
in Table. 11. Since GMM can fit the LLM anomaly score distribution better, it can achieve better
performance in most of datasets. Besides, our model is also robust for other assumptions.

A.24 MORE BASELINES

We list the performance of TSADM -> LLM, LLM -> TSADM and simple score fusion strategies in
Table. 12, where CoLLaTe still achieve the best F1 score.

• LLM -> TSADM: We first train a TSADM on a given dataset. Then, we fine-tune the
TSADM with the anomaly scores of an LLM by distillation learning.

• TSADM -> LLM: We integrate the anomaly score output by a TSADM with the original
LLM prompt.

• Max/Avg: We compute the Max/Avg of the anomaly scores from a TSADM and a LLM.

• Vote: We use a TSADM and two randomly sampled LLM output to vote.
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A.25 DISCUSSION OF COSTS VS. GAINS

we compare the time overhead of CoLLaTe and CoLLaTe-w/o LLM, as well as their F1 score in
Table. 13. Since the Mackey dataset is based on the Mackey-glass equation and the Mustang dataset
is to detect cluster-wide slow down from task execution time distribution, detecting anomalies from
them depends more on the data fluctuation patterns rather than expert knowledge. As for Flight 1 and
Flight 2 are monitoring data collected from aircraft, detecting anomaly from them depends on prior
knowledge about aircraft design. Thus, incorporating LLM can improve F1 score on Flight 1 and
Flight 2.

Considering the strength and weakness of CoLLaTe, it is better suited for situations where accuracy
matters more than strict real-time response and require lots of expert knowledge to detect anomaly.
For example, during ground tests after aircraft assembly, engineers prefer spending extra time to
ensure the aircraft’s health is assessed correctly, because a missed anomaly could lead to serious
accidents during aircraft flight tests, which can lead to a plane crash and people death. Similar
situations include safety checks before restarting large industrial machines, inspections of power
systems before they go online, or pre-mission checks for UAVs and ships. In all these cases, taking a
little longer is acceptable, but making a wrong decision is not.

A.26 INTERPRETABILITY OF COLLATE

We can obtain an interpretation of CoLLaTe by the following step:

• Compute Dinter and Dintra and see which model contributes more to the final result.
• If the TSADM contributes more to the final result: we can compute reconstruction error at

each dimension and localize the root cause of the anomaly.
• If LLM contributes more to the final result: we can get interpretation from LLM’s response

by removing the requirement "only output the anomaly score". Then, we can get the chain
of thought of LLM.

We provide an example of LLM’s response in the following:

LLM API Response

LLM Output: To determine if there are many tasks slow down at time slot 0 compared to the
other time slots in the given sliding window, we can analyze the ratios of tasks for each time
slot. Here’s the breakdown for time slot 0 based on the given input data: - Time slot 0: [0.75,
0.08299999684095383, 0.16699999570846558, ...] - The first value (0.75) indicates that 75%
of tasks have a duration in the range [0, 5). Now, we can compare this value to the other time
slots to assess the overall distribution of tasks: From the first five time slots (for example): -
Time slot 1: [0.4000000059604645, ...] - Time slot 2: [0.5, ...] - Time slot 3: [1.0, ...] - Time
slot 4: [0.0, ...] In observing the first dimension, a value of 0.75 in time slot 0 is relatively
high compared to slots 1, 2, and 4. However, time slot 3 has a value of 1.0, which indicates
all tasks are in the [0, 5) duration. One approach to calculate a probability score for slot 0 is
to evaluate the distribution of tasks across all time slots considering an anomaly detection
score. Given there are examples with specific scores (0.000000 for time slot 0 indicating no
slowdown) and 1.000000 for time slot 3 indicating a significant slowdown, we can infer that:
- A score approaching 0 indicates normal conditions. - A score significantly higher than 0
indicates detected anomalies or slowdowns. Considering the distribution: - Time slot 0 has
a rather high concentration of tasks with fast durations, while other time slots show varied
distributions. Thus, the probability that time slot 0 has many tasks slow down compared to
others can be assigned a score consistent with lower than the typical anomaly score. Based
on the comparative analysis, I would assign a score of approximately 0.1 for time slot 0’s
probability of having many tasks slowed down compared to the overall data: Final output:
Anomaly Score: 0.1
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