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&5 Far 7 h? H1 HosT h1 HT Hys?
1 Please complete the following sentence to make it as grammatically simple as 8.23 7.46 12.26 6.55 2.62 8.26
possible:\n wq, -+ ,w,_
2 Please complete the following sentence with a careful focus on grammar: \n 824 7.19 11.99 6.20 2.99 8.72
wQ, - s Wr—1
3 Please complete the following sentence to make it as grammatically complex as 7.77 6.99 11.74 5.66 2.54 17.75
possible: \n wq, -+, w;_1
4 Please complete the following sentence using the simplest vocabulary possible: \n 7.82 7.48 12.15 5.70 3.11 8.90
WO, s Wi
5 Please complete the following sentence with a careful focus on word choice: \n 7.87 6.86 11.50 6.06 2.94 8.60
W0, s Wil
6 Please complete the following sentence using the most difficult vocabulary possible: 7.31 6.71 11.38 4.73 243  7.57
\n wo, -+ Wiy
7 Please complete the following sentence in a human-like manner. It has been 7.86 7.30 12.34 4.60 3.03 8.78
reported that human ability to predict next words is weaker than language models and
that humans often make noisy predictions, such as careless grammatical errors.\n
wQ, - s Wr—1
8 Please complete the following sentence. We are trying to reproduce human reading 8.17 7.36 1242 4.83 3.11 8.73
times with the word prediction probabilities you calculate, so please predict the
next word like a human. It has been reported that human ability to predict next words
is weaker than language models and that humans often make noisy predictions, such
as careless grammatical errors.\n wg, -+, w;_|
9 Please complete the following sentence: \n woq, -, w;_| 8.34 7.12 11.88 5.77 3.01 8.74
10 w/o prompting 932 6.15 1148 625 2.69 8.86
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Tk (Far 7 ) ETIL DC T NS 1
Suppose humans read the LLaMA-27B 0.09-0.04
following sentence: [SENT]. LLaMA-2 13B 0.06 -0.03
List the tokens in order of Falcon 7B 0.12 0.01
their reading cost (high to Falcon 40B 0.03-0.03
low) during sentence GPT3.5 D2 0.05 0.05
processing. GPT3.5D3 0.08 0.03
Suppose you read the following LLaMA-27B  0.05 0.00
sentence: [SENT]. List the LLaMA-2 13B 0.04 0.06
tokens in order of their Falcon 7B 0.08 0.05
probability in context Falcon 40B 0.02 0.13
(low to high). GPT3.5 D2 0.03 0.02
GPT3.5D3 -0.01 0.06

LLaMa-27B  0.28 0.19

o= S AN LLaMa-2 13B 0.27 0.19
YT IAPVMCELIMDT Faleon 7B 0.32 0.18
BA Falcon40B  0.28 0.17
GPT3.5 D2 0.28 0.16

GPT3.5D3 0.25 0.17
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Please complete the following sentence to Please generate a grammatically simple sen-
make it as grammatically simple as possible: tence as much as possible.\n\nAnswer: \n
\nwq, -, wp_| WO, W]

Please complete the following sentence Please generate a sentence with a care-

with a careful focus on grammar \n ful focus on grammar.\n\nAnswer: \n
Wo, s W wo, s Wr—]

Please complete the following sentence to Please generate a grammatically complex
make it as grammatically complex as possi- sentence as much as possible.\n\nAnswer:
ble: \nwg, - -+, wy_| \nwp, -+, wr_

Please complete the following sentence us- Please generate a sentence using the sim-

ing the simplest vocabulary possible: \n plest vocabulary possible.\n\nAnswer: \n
W0, Wi WO, Wi

Please complete the following sentence Please generate a sentence with a careful

with a careful focus on word choice \n focus on word choice.\n\nAnswer: \n
W0, - s W1 wo, s Wr—1

Please complete the following sentence us- Please generate a sentence using the most
ing the most difficult vocabulary possible: difficult vocabulary possible.\n\nAnswer:
\nwop, -+, W \nwp, -, wp_|

Please complete the following sentence in a Please generate a sentence in a human-

human-like manner. It has been reported that like manner. It has been reported that hu-

human ability to predict next words is weaker man ability to predict next words is weaker

than language models and that humans of- than language models and that humans of-

ten make noisy predictions, such as careless ten make noisy predictions, such as care-

grammatical errors. \nwyg, -+ ,wy_|  less grammatical errors.\n\nAnswer: \n
WO, s We—]

Please complete the following sentence. We Please generate a sentence. We are trying
are trying to reproduce human reading times to reproduce human reading times with the
with the word prediction probabilities you word prediction probabilities you calculate,
calculate, so please predict the next word so please predict the next word like a human.
like a human. It has been reported that hu- It has been reported that human ability to
man ability to predict next words is weaker predict next words is weaker than language
than language models and that humans of- models and that humans often make noisy
ten make noisy predictions, such as careless predictions, such as careless grammatical er-
grammatical errors. \n wg, - - ,wy_1  rors.\n\nAnswer: \nw, - -, Wy_|

Please complete the following sentence: \n Please generate a sentence.\n\nAnswer:
WO, s Wi \nwp, -+, wp_g
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Suppose humans read the following sentence: *’No, it’s fine. I'love it,” said Lucy knowing
that affording the phone had been no small thing for her mother.”

List the tokens and their IDs in order of their reading cost (high to low) during sentence
processing.

Token ID:

0: ’No,, 1: it’s, 2: fine., 3: L, 4: love, 5: it,’, 6: said, 7: Lucy, 8: knowing, 9: that, 10:
affording, 11: the, 12: phone, 13: had, 14: been, 15: no, 16: small, 17: thing, 18: for,
19: her, 20: mother.,

Answer:

20: mother., 10: affording, 6: said, 11: the, 0: 'No,, 7: Lucy, 1: it’s, 9: that, 17: thing, 5:
it,”, 2: fine., 15: no, 14: been, 3: I, 13: had, 8: knowing, 12: phone, 19: her, 16: small, 4:
love, 18: for,

Fifil 2 ()
il 3 (%)

Suppose humans read the following sentence: (G5 ¥ 3% 30)

List the tokens and their IDs in order of their reading cost (high to low) during sentence
processing.

Token ID:

(N3 23081 5 HEE

Answer:

&6 XXSFEHHER2 (FERZEHM)

Suppose you read the following sentence: *’No, it’s fine. I love it,’ said Lucy knowing
that affording the phone had been no small thing for her mother.”

List the tokens and their IDs in order of their probability in context (low to high).

Token ID:

0: "No,, 1: it’s, 2: fine., 3: 1, 4: love, 5: it,’, 6: said, 7: Lucy, 8: knowing, 9: that, 10:
affording, 11: the, 12: phone, 13: had, 14: been, 15: no, 16: small, 17: thing, 18: for,
19: her, 20: mother.,

Answer:

0: "No,, 10: affording, 8: knowing, 12: phone, 4: love, 5: it,’, 7: Lucy, 15: no, 13: had,
17: thing, 1: it’s, 6: said, 2: fine., 20: mother., 11: the, 18: for, 16: small, 9: that, 19:
her, 3: 1, 14: been,

exemplar 2
exemplar 3

Suppose you read the following sentence: {TARGET SENT

List the tokens and their IDs in order of their probability in context (low to high).
Token ID:

iTOKENS FROM TARGET SENT;,

Answer:
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