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Research Motivation

As the adoption of LLM services continues to scale, ensuring their reliability has 
become a critical challenge. However:

● Existing studies heavily rely on operator reports and lack access to large-scale, 
structured user feedback — a lack of comprehensive failure data.

● No effective tools exist to systematically collect, align, and compare operator and 
user reports — an absence of standardized analytical approaches.

These gaps hinder a comprehensive understanding and evaluation of LLM service 
reliability from both perspectives.
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Research Questions

How to collect and understand LLM service reliability through different sources of failure data?

5 sub-questions (RQ):

● RQ1: How to collect, process, and unify operator- and user-reported failure data to 
support reliability analysis of LLM services?

● RQ2: How to characterize failure recovery patterns across LLM services?

● RQ3: What temporal patterns emerge in LLM service failures, and how can they inform 
proactive reliability strategies?

● RQ4: How strongly correlated are operator and user-reported failure signals, and what 
inter-service dependencies can the analysis identify?

● RQ5: To what extent do operator reports align with user experiences, and what does this 
reveal about provider reporting practices?
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Research Contributions

● RC1 (Conceptual): We propose a data collection and analysis methodology for 
understanding LLM service reliability through multiple sources of failure reports.

● RC2 (Technical): We implement a data collection and analysis tool for processing and 
characterizing LLM failure data.

● RC3 (Conceptual): We design four types of failure analysis on our collected datasets: 
failure-recovery modeling, temporal pattern analysis, correlation analysis, and consistency 
analysis. Each type targets a distinct dimension of service reliability.

● RC4 (Technical): We conduct 11 types of analysis and summarize 28 important 
observations to provide insights based on long-term failure data from prominent LLM 
services.

● RC5 (Open Science): We will release the collected datasets and the relevant toolkit as a 
contribution to open science.
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Data Sources — Operator Reports

LLM services from 4 major providers:

● OpenAI's ChatGPT: https://status.openai.com

● Anthropic's Claude: https://status.anthropic.com

● DeepSeek's DeepSeek: https://status.deepseek.com

● Character.AI: https://status.character.ai

https://chatgpt.com
https://status.openai.com
https://claude.ai/
https://status.anthropic.com
https://chat.deepseek.com
https://status.deepseek.com
http://character.ai
https://status.character.ai
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Data Sources — Detailed Incident Content
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Data Sources — User Reports
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Data Sources — Downdetector & X/Twitter

● E.g. https://downdetector.com/status/openai/

Comments:

https://downdetector.com/status/openai/


9

Data Sources — Down for Everyone or Just Me

● E.g. https://downforeveryoneorjustme.com/chatgpt

https://downforeveryoneorjustme.com/chatgpt
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RQ1: Data collection pipeline
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RQ1: Summary of collected datasets
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RQ1: Data processing

Three main steps:

● Convert timestamps shown in different time zones to UTC

● Extract failure types from free text, such as user comments and incident 
descriptions, using few-shot prompts via the OpenAI API

○ Failure Types: Login, Inaccessible, Slow, Error Received, Others, Unknown

● Infer user-reported failure periods by aggregating user reports into 1-minute bins 
and applying a 7-minute moving average to the time series of report counts
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RQ1: Data processing — Inferring user-reported failure periods
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RQ2: Failure recovery patterns — Impact of failure type on median recovery time

● O1: In operator reports, Slow failures generally have the longest median recovery 
durations compared to Login, Inaccessible, and Error Received failures.

● O2: Operator reports exhibit greater variability in median recovery durations, both within 
and across failure types (average within-type variance: 1585; across-type: 1839). In contrast, 
user reports show much lower variability (within-type: 631; across-type: 377).
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RQ2: Failure recovery patterns — Recovery time distributions

● O3: Claude exhibits larger 
discrepancies between 
operator and user recovery 
time distributions across 
failure types (average IQR: 117 
vs. 29 minutes), whereas 
ChatGPT displays more 
consistent patterns between 
the two sources (111 vs. 112 
minutes, respectively).
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RQ2: Failure recovery patterns — Distributions of MTTR and MTBF

● O4: ChatGPT has the slowest recovery from failures, with the highest median MTTR 
reported by both the operator (1.07 hours) and the user (1.23 hours).

● O5: DeepSeek is the most reliable service on the operator side, with the lowest median 
MTTR (0.40 hours) and the highest median MTBF (5.39 days), whereas Claude ranks 
highest in user-side reliability (median MTTR: 0.82 hours; median MTBF: 1.07 days).
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RQ2: Failure recovery patterns — ECDFs for MTTR and MTBF

● O6: On the operator side, DeepSeek 
resolves failures most quickly 
(60.61% of durations ≤ 0.5 hours) 
and has the longest failure intervals 
(47.22% of intervals > 7 days).

● O7: From the user perspective, 
Claude exhibits the fastest recovery 
(70.59% of durations ≤ 1 hour) and 
the longest failure intervals 
(52.00% of intervals > 1 day).
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RQ2: Failure recovery patterns — Distributions of MTTR and MTBF

● O8: DeepSeek exhibits the largest discrepancy in median MTTR between operator and 
user reports (0.81-hour gap), whereas ChatGPT demonstrates the highest alignment 
(0.16-hour gap).

● O9: DeepSeek also exhibits the largest divergence in median MTBF between operator and 
user reports (4.6-day gap), whereas Claude shows the highest consistency (0.11-day gap).
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RQ2: Failure recovery patterns — Comparative analysis across services

Table 3.1: Comparative failure metrics of LLM services based on operator reports.

Table 3.2: Comparative failure metrics of LLM services based on user reports.

● O10: In terms of failure 
frequency and service 
availability, Character.AI is 
the most reliable service 
from the operator 
perspective (0.165/day, 
98.699%), whereas 
DeepSeek ranks highest on 
the user side (0.293/day, 
98.497%).
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RQ3: Temporal patterns of failures — Time series of daily and weekly failure counts

● O11: ChatGPT exhibits the most consistent gap between operator and user failure counts, 
with user reports exceeding operator reports on nearly all days and every week.

● O12: Claude shows the opposite pattern: operator-reported failures frequently outnumber 
user reports, particularly in weekly aggregates.
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RQ3: Temporal patterns — Temporal distribution of failures

● O13: Both operator- and 
user-reported failures occur 
more frequently on 
weekdays than on weekends.

● O14: All services show peak 
failures during their respective 
regional working hours: 
DeepSeek between 01:00 and 
10:00 UTC (09:00–18:00 
CST), and the others between 
13:00 and 00:00 UTC 
(06:00–17:00 PDT).
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RQ4: Cross-service correlations — Failure co-occurrence

● O15: On the operator side, failure 
co-occurrence is highest between 
ChatGPT and Claude, which exhibit 
elevated conditional probabilities of 40.56% 
and 36.71%, respectively. In contrast, 
DeepSeek shows minimal co-occurrence 
with other services, indicating a high degree 
of operational independence.

● O16: User-reported failures reveal strong 
cross-service co-occurrence, especially 
between ChatGPT and Character.AI, 
which exhibit mutual conditional 
probabilities exceeding 60%.
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RQ5: Consistency analysis — Match rates of failure types between the two sources

● O17: Claude exhibits the highest failure type match rate (81.8%), 
whereas Character.AI shows the lowest match rate (6.5%). 

● O18: The most 
frequent mismatch 
occurs when 
operator-reported 
failures are 
misclassified by users 
as Error Received, 
which accounts for an 
average of 62.7% of 
all misclassified cases 
across services.
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RQ5: Consistency of failure periods between the two sources

● O19: ChatGPT and Claude show relatively strong alignment between operator and user 
reports, though for different reasons: ChatGPT has a high operator coverage of 82.22%, 
while Claude shows accurate user reporting at 74.00%, along with closely aligned user 
detection, with a median user lead time of 3 minutes.
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● ChatGPT recovers the slowest across both sources; DeepSeek has the longest failure 
intervals on the operator side, while Claude shows the longest on the user side.

● DeepSeek exhibits the largest discrepancy between operator and user reports, in terms of 
both median recovery durations and median failure intervals.

● Both operator- and user-reported failures display clear periodic and diurnal patterns across 
services, occurring more frequently on weekdays and peaking during the working hours of 
each service’s primary user region.

● ChatGPT and Claude show relatively strong alignment between operator and user reports in 
terms of failure periods, though for different reasons: ChatGPT due to high operator coverage, 
and Claude due to accurate user reporting.

Summary

Thank you! Welcome to ask any questions.

Take home messages:


