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Abstract

In November 2022, Meta’s Galactica and Ope-
nAI’s ChatGPT were released within fifteen
days of each other, two transformer-based lan-
guage models that were architecturally similar
and built on comparable underlying technol-
ogy, yet experienced starkly different outcomes.
Where they diverged was not in technical kind
but in domain positioning and epistemic fram-
ing: Galactica was explicitly marketed as a re-
liable scientific assistant, while ChatGPT was
presented as a general-purpose conversational
tool. Using Twitter data collected via the Twit-
ter Research API, we conduct a comparative
analysis of early social media discourse sur-
rounding both models. Through sentiment clas-
sification, zero-shot harm and risk annotation,
and LLM-based topic modeling, we find that
negative sentiment escalated rapidly for Galac-
tica while remaining comparatively stable for
ChatGPT in the release period. Galactica expe-
rienced a marked escalation in criticism during
its first week, eventually structuring much of
the conversation. In contrast, ChatGPT’s early
discourse remained more evenly distributed
across hype, experimentation, practical engage-
ment, and criticism. We argue that domain
positioning and epistemic expectations, rather
than any meaningful technological difference,
played a central role in shaping public percep-
tion, with Galactica’s scientific presentation
making its well-documented hallucinations ap-
pear far more damaging in public opinion.

1 Introduction

In November 2022, two large language models
(LLMs) were released to the public with strikingly
different trajectories. Meta introduced Galactica on
November 15, 2022, a specialized LLM designed
explicitly for scientific applications. Introduced as
capable of summarizing academic literature, solv-
ing mathematical problems, generating Wikipedia
articles, writing scientific code, and annotating
molecules and proteins, the model was positioned

as a tool for the research community (Taylor et al.,
2022). However, within just two days of its public
demo launch, Meta withdrew the service following
criticism. According to Meta’s Chief AI Scien-
tist Yann LeCun, the model was effectively driven
offline by public backlash: "Galactica, the LLM
for scientists from Meta [...]. It was murdered by
a ravenous Twitter mob. The mob claimed that
what we now call LLM hallucinations was going
to destroy the scientific publication system" (Yann
LeCun [@ylecun], 2023).

In contrast, OpenAI’s ChatGPT, released just fif-
teen days later on November 30, 2022, experienced
rapid and widespread adoption, becoming a main-
stream phenomenon that reportedly reached 700
million weekly active users within three years of
its launch.1

This contrast provides a quasi-experimental op-
portunity to examine the two model launches: Why
did one model face shutdown within days, while
the other achieved remarkable success? Were the
concerns raised about Galactica equally applicable
to ChatGPT, but less central to the overall public
discourse?

This study addresses three research questions
through comparative analysis of social media dis-
course. First, how did public discourse differ be-
tween the two launches? Second, did harm- and
risk-related discourse escalate within Galactica
tweets over time? Third, did the target domain
(scientific knowledge versus general-purpose use)
affect public reception?

2 Previous research

While a growing body of research has examined
public discourse around LLM releases on social
media, particularly around ChatGPT (Koonchanok
et al., 2024; Weber, 2024; Rauchfleisch et al.,

1https://openai.com/index/
how-people-are-using-chatgpt/ (OpenAI usage re-
port, as of mid-2025).
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Topic Generation + Assignment

Filtered Galactica and ChatGPT Tweet Corpus

≡ ≡ ... ≡

Initial Topics

- Misinformation
- Approval

You are an assistant to a social scientist studying 
public discourse about artificial intelligence. Your 
task is to help annotate tweets with appropriate 
categories based on their content and sentiment. The 
goal is to better understand public perception dynamics
in AI discussions. Just give back the categories/topics
that are relevant to the tweet. Do not give any 
explanations or additional information. Just give the 
categories/topics in a comma-separated format without 
any additional text or formatting.

Initial System Prompt

Refinement Phase

Manual review, selecting and 
merging of topics

- Criticism
- Hype/Excitement
- Content Generation
- AI Safety/Risks
- Scientific Utility
- Technical Details
- Ethical Concerns
- Corporate Strategy/PR
- Media/Public Perception
- Educational Use
- Humor/Satire
...

Extracted Topics

[System Prompt]

[Galactica or ChatGPT Tweet]

Which categories or topics should 
be assigned to this tweet? Either
choose from these categories/
topics or define a new one:

[Topics]

Output: Tweet–Topic Mapping

Tweet Topic

#1 A, B

#2 C

#3 B

... ...

#N X

Figure 1: Overview of the Topic Generation and Assignment Pipeline. Given a filtered corpus of Galactica and
ChatGPT tweets and a set of manually-curated initial topics, an LLM iteratively assigns topics to each tweet. After
every 100 documents, the framework enters a refinement phase in which topics are manually reviewed, merged, and
selected, yielding a final curated topic list and a topic assignment for all sampled documents.

2025), comparative analyses of social media re-
actions to Galactica versus ChatGPT remain ab-
sent from the literature. Chartier-Edwards et al.
(2024) provide a critical account of the Galactica
release, arguing that the controversy reflects ten-
sions between AI for science promissory market-
ing claims, and epistemic expectations in scientific
domains. They further highlight concerns about
scientific misinformation and the framing of LLMs
as epistemic oracles. However, they do not conduct
a large-scale analysis of social media discourse,
which we address in this study.

3 Data and Methods

3.1 Data
We conduct an analysis of English-language Twit-
ter discourse during the initial release periods of
both models. Using the Twitter Research API, we
collected 109,694 initial tweets: 2,077 tweets men-
tioning "Galactica" from November 15 through De-
cember 15, 2022, and 107,726 tweets mentioning
"ChatGPT" from November 30 through December
7, 2022, with 283 tweets mentioning both systems.
To ensure comparability, our main analyses focus
on the first eight days following each release.

Since the term Galactica is also associated with

unrelated content on social media, such as the
television series Battlestar Galactica, we first fil-
tered out tweets that did not refer to Meta’s Galac-
tica model. To do so, we randomly sampled 250
tweets mentioning Galactica and manually anno-
tated them as relevant or irrelevant. We then em-
bedded all tweet texts using the snowflake-arctic-
embed2 model (via rollama: Gruber and Weber,
2024) and trained a logistic regression classifier
with LASSO regularization. The classifier achieved
an accuracy of 0.908 and a macro F1 score of 0.873,
after which it was applied to classify all remaining
tweets mentioning Galactica.

3.2 Sentiment Annotation

To assess the emotional tone of tweets, we em-
ployed a RoBERTa-based classifier fine-tuned on
Twitter data (Loureiro et al., 2022) and trained to
annotate tweets for negative, neutral, and positive
sentiment2. Each tweet was preprocessed follow-
ing the conventions (replacing @mentions with
@user and URLs with http) before classification.
The model assigns a probability score to each of the
three sentiment classes; the class with the highest

2cardiffnlp/twitter-roberta-base-sentiment-
latest
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score is taken as the predicted sentiment.

3.3 Harms and Risks Annotation
To identify Galactica tweets discussing potential
harms or risks, we employed zero-shot annotation
using meta-llama/Llama-3.3-70B-Instruct
(Grattafiori et al., 2024), loaded in 4-bit NF4
quantization from Hugging Face. Each tweet was
passed to the model with the following prompt: Is
this tweet about potential harm and risk of the AI
model (LLM) Galactica? Answer with just yes or
no. Classification was based on the normalized
probabilities of yes and no tokens. The system
prompt instructed the model to act as an assistant
to a social scientist studying public discourse
about AI, providing context that tweets mentioning
Galactica refer to Meta’s large language model
designed to assist scientific research. To eval-
uate annotation quality, two human annotators
independently labeled a random sample of 100
tweets, achieving an inter-annotator agreement of
κ = 0.67 (84% agreement). Evaluated against
each annotator separately, the model achieved a κ
of 0.688 and a macro-average F1 of 0.843 against
annotator 1, and a κ of 0.766 and a macro-average
F1 of 0.883 against annotator 2, indicating substan-
tial agreement between automated annotations and
human judgment.

3.4 Topic Classification
Recent work has explored the use of generative
large language models for topic modeling and
theme extraction through prompt-based frame-
works (Pham et al., 2024; Sharma, 2025; Liu et al.,
2025; van Wanrooij and Manhar, 2024). These
approaches typically leverage generative LLMs to
generate candidate topics and refine them through
iterative prompting. We adopt a similar pipeline
to Pham et al. (2024), as can be seen in Figure 1,
but omit their second annotation phase in which
a final fixed topic list is used to label a held-out
set of documents. The resulting LLM-based zero-
shot topic modeling and annotation pipeline in-
corporates a human-in-the-loop refinement stage,
in which topics are reviewed and consolidated by
the researchers. This design gives us direct con-
trol over the granularity and coherence of the final
topic set, ensuring that the extracted themes are
both meaningful and well-suited to the domain of
AI discourse on social media.

Topic generation and assignment were
performed using the open-weight Llama 3.3

Day Galactica (%) ChatGPT (%) Sig.

1 5.1 [2.0, 12.5] 12.0 [9.5, 15.2]
2 12.1 [8.9, 16.1] 17.5 [16.6, 18.5] *
3 35.6 [30.3, 41.3] 18.0 [17.4, 18.7] ***
4 33.6 [26.4, 41.6] 18.8 [18.1, 19.6] ***
5 49.1 [39.9, 58.3] 18.0 [17.4, 18.6] ***
6 42.4 [32.8, 52.6] 20.3 [19.8, 20.8] ***
7 31.2 [24.5, 38.8] 20.2 [19.7, 20.8] **
8 35.8 [28.2, 44.1] 21.2 [20.6, 21.8] ***

Table 1: Negative sentiment rate (%) for the first 8 days
after each model launch. Wilson 95% CIs in brackets.
Significance based on Fisher’s exact test (BH-adjusted):
* p < .05, ** p < .01, *** p < .001.

70B (llama3.3:70b-instruct-q4_K_M), an
instruction-tuned variant with 4-bit quantization,
run via Ollama. The system prompt framed the
task as assisting a social scientist in annotating
public discourse about artificial intelligence, and
restricted output to a comma-separated list of
topic labels without additional explanation. Topic
classification was applied to all tweets in both
corpora: a random subset of 1,640 tweets for
ChatGPT due to computational constraints, and the
full set of Galactica tweets.

4 Results

Table 1 and Figure 2 illustrate the temporal dy-
namics of sentiment during the first eight days fol-
lowing each model’s release. For Galactica, neg-
ative sentiment accounts for only 5.1% of tweets
on Day 1. However, this share rises rapidly over
the subsequent days, reaching 35.6% by Day 3
and peaking at 49.1% on Day 5. Following the
announcement that the demo was taken offline
(November 17), overall tweet volume declines sub-
stantially.

ChatGPT exhibits a markedly different pattern.
Although tweet volume increases steadily after
release, reaching substantially higher levels than
Galactica, negative sentiment remains compara-
tively stable throughout. On Day 1, 12.0% of Chat-
GPT tweets are classified as negative, and this share
fluctuates between 17% and 21% across the first
week. Unlike Galactica, ChatGPT does not experi-
ence a comparable escalation in negative sentiment.

As shown in Table 1, differences between the
two models are statistically significant on all days
except on the respective release date (Fisher’s exact
test), particularly from Day 3 onward. Overall, neg-
ative sentiment intensified markedly for Galactica
while remaining stable for ChatGPT.
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Figure 2: Temporal dynamics of Galactica (Figure A) and ChatGPT (Figure B) tweets. Lines show daily sentiment
counts; the dashed line indicates the percentage of negative-sentiment tweets.

Focusing on Galactica alone, potential harm and
risk annotation follows a similar pattern (Table 3).
Harm-related tweets constitute only 8.3% on Day 1,
but this share rises rapidly, reaching 43.9% by
Day 3 and 57% by Day 5. Thus, while criticism
was not dominant at launch, it came to structure
a majority of Galactica discourse within the first
week. Notably, following the model being taken
offline on November 17, discourse shifted further
toward harm- and risk-related concerns, suggest-
ing that the withdrawal itself amplified rather than
resolved the debate.

Figures 3 and 4 show the distribution of topics
identified via zero-shot topic classification. Chat-
GPT discourse is dominated by Innovation, fol-
lowed by Technical Details, Hype/Excitement, and
Criticism. Although Criticism and Misinformation
are present, they do not structure the majority of
the conversation.

In contrast, Galactica-related discourse is led
by Criticism, followed by Scientific Utility and AI
Safety/Risks. Hype-related categories are compara-
tively less dominant. This suggests that Galactica’s
reception became increasingly structured around
concerns about epistemic risk and factual reliabil-
ity, particularly after the first three days following
its release. During the initial three days (marked in
red), however, tweets more frequently focused on
Scientific Utility and technical details, with Criti-
cism becoming more prominent thereafter.

This suggests that while concerns were present
in the discourse around both models, they were
relatively more prominent in the case of Galactica,
particularly regarding misinformation, truthfulness,

Model Example Tweet

Galactica “Is this really what AI has come to, automat-
ically mixing reality with nonsense so finely
we can no longer recognize the difference?”

Galactica “Shocked that it only took a handful of ques-
tions before Meta’s new Galactica model pro-
duced racist garbage when asked about linguis-
tic prejudice.”

Galactica “A whole new level of AI-generated academic
misconduct to deal with now.”

ChatGPT “It boggles my mind how the world keeps spin-
ning like nothing happened despite #ChatGPT.
People don’t understand the danger.”

ChatGPT “#ChatGPT could make it easy to cheat on
written tests and homework. You can no longer
give take-home exams.”

ChatGPT “ChatGPT is down and I’m having an existen-
tial crisis because I can’t paste my code in.
Please come back.”

Table 2: Illustrative tweets from the early release period
of Galactica and ChatGPT. Tweets are lightly edited for
clarity and anonymized.

credibility, and scientific legitimacy. ChatGPT
discourse, while not free of criticism, was more
broadly characterized by exploratory and practical
engagement.

5 Discussion

Returning to our research questions, the findings re-
veal differences in the public trajectories of the two
model launches. First, public discourse differed
not only in tone but in temporal dynamics: while
both models were accompanied by early criticism,
Galactica’s reception shifted rapidly toward poten-
tial harm- and risk-centered discourse, which came
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Figure 3: Topic distribution in Galactica-related tweets during the first 2 weeks following release, derived from
zero-shot topic classification using Llama 3.3 (70B).

to structure a majority of tweets within days. Chat-
GPT discourse, by contrast, expanded in volume
while maintaining a comparatively stable mix of en-
thusiasm, experimentation, practical engagement,
and critique. Second, these patterns are consis-
tent with the interpretation that domain positioning
shaped public reception (Chartier-Edwards et al.,
2024). Arguably, it is possible that ChatGPT per-
formed better for users, leaving them with a more
positive outlook on the technology. However, Tay-
lor et al. (2022) themselves benchmarked Galactica
against text-davinci-002, a model in the GPT-3
family (Brown et al., 2020) that underpinned the
initial release of ChatGPT, and found that Galactica
outperformed it on scientific knowledge probes and
several bias and toxicity benchmarks. The main
technical difference was the reinforcement learning
from human feedback (Ouyang et al., 2022) ap-
plied in text-davinci-003, the model ChatGPT
used at launch, which was intended in part to make
the model less prone to assert falsehoods with con-
fidence. Yet even this technical difference reflects a
broader strategic divergence that led to the outcome
we observed: Galactica’s framing as a reliable sci-
entific assistant likely heightened epistemic expec-
tations, making hallucinations and factual errors
normatively consequential within a domain where

credibility is central. ChatGPT’s general-purpose
positioning, in contrast, appears to have allowed
criticism to coexist with hype rather than dominate
the discourse. While our design does not permit
strong causal claims, the comparative evidence sug-
gests that epistemic framing and expectation man-
agement play a critical role in shaping the early
public legitimacy of AI systems.

5.1 Limitations
This study has several limitations. Our dataset com-
prises only original tweets, excluding retweets, and
is restricted to the initial release period of both
models, leaving unexamined longer-term shifts in
discourse. Additionally, topic classification for
ChatGPT was conducted on a random subsample
of 1,640 tweets, which may not capture the full
breadth of discussion around the model.

Furthermore, since the tweets analyzed predate
the release of the Llama 3.3 models, it is possible
that some of this content was included in the mod-
els’ pretraining or fine-tuning data. This could in-
troduce bias, as the model may have been exposed
to content about Galactica and ChatGPT during
training.

Following Galactica’s withdrawal on Novem-
ber 17, discourse necessarily became retrospective,
as users could no longer interact with the model.
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This asymmetry with ChatGPT, which remained
live throughout, should be considered when inter-
preting the results.

6 Conclusion

Our analysis reveals differences in public reception
between Galactica and ChatGPT. Galactica faced
substantially more criticism, particularly centered
on concerns about misinformation and the gener-
ation of false or misleading scientific information.
ChatGPT, by contrast, generated more positive dis-
course characterized by hype, experimentation, and
demonstrations of utility, despite being subject to
many of the same technical limitations. This com-
parative case study highlights the role of domain
positioning, epistemic expectations, and expecta-
tion management in shaping public acceptance of
AI technologies.
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Yann LeCun [@ylecun]. 2023. Galactica, the LLM for
scientists from Meta, was released a couple of weeks
before ChatGPT but was taken down after... [Post].

A Appendix

Day % Harms/Risks 95% CI
1 8.3 [3.9, 17]
2 21.5 [17.1, 26.7]
3 43.9 [38.2, 49.8]
4 45.0 [36.4, 53.9]
5 57.3 [47.6, 66.4]
6 57.6 [47, 67.6]
7 55.7 [47.2, 63.9]
8 54.5 [45.2, 63.4]

Table 3: Potential harms/risks prediction rate (%) for
the first 8 days after Galactica’s launch. 95% CIs based
on Wilson score interval.
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Figure 4: Topic distribution for ChatGPT tweets during the first eight days following release. Topics are derived
from zero-shot topic classification using Llama 3.3 (70B) applied to a random subsample of 1,640 tweets.

Figure 5: Temporal dynamics of potential harm/risk predictions for Galactica tweets. Lines show daily counts of
predicted harms/risks and no harms/risks; the dashed line indicates the percentage of tweets classified as harms/risks,
with shaded band representing the 95% Wilson confidence interval.

102


