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ChatGPT Fever?
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Word Frequency in arXiv Abstracts (Geng, Trotta, 2024)

• 1 million arXiv abstracts submitted from May 2018 to Jan 2024

• 100 periods (10,000 abstracts in each period)

• Period 80: Jan 2023

What happened?
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LLM Simualtions

• Prompt: “Revise the following sentences:”

• Model: GPT-3.5

• word i , arXiv category j , time period t

• qdij , q̃
d
ij : word frequency in arXiv abstracts before and after ChatGPT

processing for estimating word change rate r̂ij

r̂ij =
q̃dij − qdij

qdij
=

q̃dij
qdij

− 1 (1)

• f̄ij , f
∗
ij : word frequency in arXiv abstracts for the corresponding word

change rate r̄ij

r̄ij =
f̃ ∗ij − f ∗ij

f ∗ij
=

f̃ ∗ij
f ∗ij

− 1 (2)

• ϵij(·) and ϵsij(·): the noise for word i due to ChatGPT processing

f̃ ∗ij − ϵij(f
∗
ij )− f ∗ij

f ∗ij
=

q̃dij − ϵsij(q
d
ij )− qdij

qdij
(3)
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LLM Impact Model

• ηj(t): ChatGPT impact (“proportion”)

• Without noise

f̄ij(t) =(1− ηj(t))f
∗
ij (t) + ηj(t)f

∗
ij (t)(r̄ij + 1)

=f ∗ij (t) + ηj(t)f
∗
ij (t)r̄ij

(4)

• f dij : word frequency (observed in the data) for word i in category j

• δij(·): noise and word usage variability which are not directly related

to the internal parameters of ChatGPT

• With noise

f dij = f ∗ij + δij(f
∗
ij ) (5)

f δ,ηij (t) = ηj(t)f
∗
ij (t) + δij(ηj(t)f

∗
ij (t)) (6)

f δ,1−η
ij (t) = (1− ηj(t))f

∗
ij (t) + δij((1− ηj(t))f

∗
ij (t)) (7)

f dij (t) = f δ,1−η
ij (t) + Cij(f

δ,η
ij (t)) (8)
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Linear Regression?

The difference in word frequency with and without ChatGPT can be

rewritten as

hij(t) = ηj(t)xij(t) + gij(t) + ξij(t) (9)

where

hij(t) =f dij (t)− f ∗ij (t) (10)

xij(t) =f ∗ij (t)r̂ij (11)

gij(t) =ηj(t)f
∗
ij (t)ϵ

η
ij(q, f , t) (12)

ξij(t) =(r̂ij + 1 + ϵηij(q, f , t))δij(ηj(t)f
∗
ij (t))

+ δ′ij((1− ηj(t))f
∗
ij (t))

(13)

and

Cij(f
δ,η
ij (t)) = f δ,ηij (t)(r̂ij + 1 + ϵηij(q, f , t)) (14)

ϵηij(q, f , t) =
ϵij(f

δ,η
ij (t))

f δ,ηij (t)
−

ϵsij(q
d
ij )

qdij
(15)
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Impact Estimation

The quadratic loss function

Lj,t(ηj) =
1

nj

∑
i∈Ij

(hij(t)− ηj(t)xij(t))
2 =

1

nj

∑
i∈Ij

(gij(t) + ξij(t))
2 . (16)

Ordinary Least Squares (OLS) estimator

η̂j(t) =

∑
i∈Ij

hij(t)xij(t)∑
i∈Ij

x2ij (t)
. (17)

Case 1: if the effect of ηj(t) on ξij(t) can be ignored compared to other

terms, e.g., the following simple scenario,

Var[δij(ηj(t)f
∗
ij (t))] ≪ ηj(t)f

∗
ij (t)Var[ϵ

η
ij(q, f , t)] (18)

Lj,t,g (ηj) =
1

nj

∑
i∈Ij

(hij(t)− ηj(t)xij(t)− gij(t))
2 =

1

nj

∑
i∈Ij

ξ2ij(t) (19)

η̂j(t)− η̂gj (t) =

∑
i∈Ij

E
[
gij(t)

∂gij (t)
∂ηj (t)

]
∑

i∈Ij
(f ∗ij (t)r̂ij)

2
. (20)
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Calibration and Test

• No explicit expression

• Different words produce

different estimates

• How to chose the

words?

• Calibration on mixture

of real abstracts and

ChatGPT-modified

abstracts (simulated

data)

• Grid search: e.g.,

qdij > 0.1 and
r̂ij+1

r̂2ij
< 0.1+1

0.12 )

• Red star points: optimal word set with

the same mixed ratio ηn as in the

calibration data.
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It Works!?

• 20 periods in total

• Period 16: Jan 2023 - April 2023

• Different ways of normalizing

• Triangle points: average of 3 estimates

Proportion?
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Machine Learning Conferences (Geng et al., 2024)

• ICLR, ICML, NeurIPS

• More than 30,000 papers (oral, spotlight, poster, rejected,

withdrawn) and 1,000 presentations (of oral papers)
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From Writing to Speaking
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Conclusions and Discussions

• LLMs are being used more and more

• Papers, presentations, peer reviews, proposals, etc.

• How and when to use?

• How to detect and monitor?

• Not only in academia

• Implicit influence and ripple effect

• Opportunities and challenges:

• Synthetic data

• Model collapse

• Knowledge collapse
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Questions?
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