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Language models can outperform empirical predictability in predicting eye movement data
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Introduction: Language Models provide a deep explanation of semantic long-term memory, because they reflect the 3 basic stages of the memory process...

Experience:

—)

Consolidation: Language Models (LMs)

(e.9., Hofmann et al., 2018)

Retrieval:

—)

Training Corpora

English:

WIKI: Wikipedia dump, 5M
documents/articles, 87M
sentences, 1.8B words

-> general knowledge

SUB: Subtitles from
opensubtitles.org, 110K
documents/movies, 128M
sentences/utterances, 716M
words

-> spoken language.

-> SUB-frequency correlates
better with lexical
decision/naming times (e.g.
Brysbaert et al., 2011)

German:

WIKI: 114K articles / 7.7M
sentences / 180M words
SUB: 7K movies / 7.3M
utterances / 54M words

Smith & Levy

N-gram

Conditional probability that a
word N occurs, given the two
previous words, e.g.

We enjoyed the tasty ice cream.
->P(N | N-1, N-2)

McDonald & Schillcock (2003):
Transitional probability ~ 2-gram
predicts SFD & GD

Wang et al. (2010): TVT, but not

first fixation effects of 2-gram
models in Chinese

Ney (1995) smoothed 3-gram
model predicted GD data

N-2 N-1 N

(2013): Kneser &

Topic

-> Can topical matches to previous
sentence context account for long-range

Probability of words to occur together in
documents is approximated by N = 200
latent topics z

pwld) = Z pwlz)p(zld)

-> Word-topic- & toplc -document-matrices

Document-based like Latent Semantic
Analysis (LSA, Landauer & Dumais, 1997)
At retrieval: d ~ preceding words in
sentence:

Pynte et al. (2008) found LSA-effects in
GD and Wang et al. (2010) in TVT

-> Late processes?
Griffiths et al (2007): Topics often better
than LSA

OUTPUT UNITS

Recurrent Neural Network (RNN)

HIDDEN UNITS

Eye Movement predictions

Eye movements (EM) and incremental Cloze
Completion Probability (CCP-) based
predictability data from Engelmann et al. (2013):
- SRC: Schilling, Rayner & Chumbley (1998)

- PSC: Potsdam Sentence Corpus (Kliegl et al.,
2006)

INPUT UNITS

Input : Present word
Output: Next word to be predicted

CONTEXT UNITS

Hidden Units: “Semantic” representation
Context: Hidden units of last word copied:
Trainable Connections:

_———

Initialized with random weights

Training: The lower the output probability
of the next word, the larger is the
connection weight change

Frank & Brod (2011): RNN predicts GD

Excluding first and last words of the sentences
Outliers:

Single-fixation duration (SFD, 70-800ms)
First-pass gaze duration (GD, 70-1200ms),
Total Viewing Time (TVT, 70-1600ms

—_—

Sentences | Targets | Participants | Rows of data in EM analysis
cce | EmM | sip G | vt |

SRC 48 536 20 [ 30 [ eas1 | sen | 876

PSC 144 850 | 272 | 222 | 100975 | 134835 | 135021

Table 1: Sample sizes of EM and CCP data

Comparing CCP-based to LM-based
“predictability”: Present word, last word: Lag

-> Early and/or late proceses semantics? : Mi
Y P Fiman (1990); Mikolov (2012) effects, next word: Successor effects
Statistical Analyses Stepwise GAMs M30: F-values
Generalized Additive Models (GAM): Thin plate SRC psC SRC psc
regression splines (mgcv-package in R); Gamma SED e e SFD | GD | TVE S | G | ™r | sm GD ™vr
. i . Lo 3 Model + Predictors GCV_ | %AR? | Deviance (df) | GCV | %AR? | Deviance (df) | GCV | %AR? | Deviance (df) | %AR® | %AR? | %AR? sub 7.768*¢ | 13.607*** | 0 59.085*** | 196.011%*% | 94.654***
functions with a logarithmic link (cf. Smith & Levy, [ o1 [ Raadom: item + sub 0.1324 | 038 | Mol 01803 | 04 | Mol 02154 | 026 | Mol 005* | 0.13* | 0.09° tem s3se | asose | ss | oaes 3566t | 2792+
2013) M02 | MOl + land 0.1318 [ 052 | 59@B1)* | 01777 | 132 | 2586)* 02109 [ 19 | 42888)* | 021* | 1.63* | L75* Py 27| seazee | 10589% | 1187w | 15aa5ee | 103975
. . MO03 | M02 + len + freq 0.1283 | 244 | 2274.1)* | 0.1675 | 539 | 9070.)* | 0.1969 | 597 | 12680)* | 167+ | 7.77* | 6588* o 017 9254%+ | 1664300+ | 213430+ | 337.608%** | 242906%*
Stepwise GAMs: M04 | MO03 +len_last + freq last_| 0.1275 | 06| 7268)° | 0.166 | 0.75 | 163(132)* | 0.1942 | L.1s_| 27.3(124)* | 18* | 0.85* | 088* = PEPTTS YT Dy By P p— e
Baseline predictors: Random terms: subject and MO5 | M04 + len_next + freq next | 0.1271 | 041 | 5.8(142)* | 0.1653 | 0.51 | 139(229)* | 0.1932 | 0.48 | 147(163)* | 034* | 033* | 048* P 70 | sagses [ 15369 | 2aa0e | arersves | 283000
items (M01); Landing site (M02); Length and or MOS MO MOS Mos o tast 0684|0916 | 293+ | ssoseee | oraree | 1175
MO06 | MOS + ccp 0.1271 | 0.02 0.4(1.8) 0.1653 | 0.03 0.8(2.9) 0.1929 | 027 6.4(8.9)* 0.09* | 0.09* | 03* =
frequency of the present (M03), last (M04), and MO7 | MO06 + cep_last 0127 | 004 | 129) 0.1651 | 0.13 | 4.60.4)° 0193 | -0.13 | 3.1(47)* | 0.05* | 0.05* | 0.13* len_next 4636* | 1978+ | 3a110es | 1181400+ | 13386 | 20.691%**
next word (M05). MO8 | MO7 + cop_next 0.1269 | 002 | 0.5(1.1) 0.1648 | 0.08 | 2.1(0.5)* 0.1929 | 001 | 0.9(1.4) 032% | 0.18% | 0.09% B pext 3309%0% | 3.194%% | 3.949%%¢ | 13.737°%% | 24.523%%% | 16.909%%%

5 « " Ly Wikipedia, N-gram MO5. MOS MOS. MOS ngram_wiki 0.004 147 0931 8.103%** 4.803%** 5.547%%*
Different types of predlctablllty : ) . M09 | MOS + ngram 0.1271 | 0 0.1(1.1) 0.1651 | 0.12 | 2.5(5.4)* 0.1927 | 03 6(5.5)* 029* | 0.14* | 027 ngram_wiki_last | 0.529 1309 1 2312* 3.074% 5.672%%
Cloze-Completion-Based (CCP) predictability MI0 | M09 + ngram last 01271 | 002 | 09(63) 01652 | 01 | 29(53)° | 0.1928 | 0.01 | 0.1(L.1) 0.12* | 0.08* | 0.3* ngram wiki next | 0322 | 2864+ | 2611 105450+ | 10299+ | 17.936%+
scores of present (MOG), last (M07) and next word | MI! | M10 + ngram_next 0.1272 | -0.08 | -1(-3.8) 0.1652 | 0.09 | 2.9(7.2)* 0.1928 | 0 0.6(2.1) 0.11* | 0.09* | 0.06* topic_wiki 3522+ | 201+ 2053 17.229%** | 16.185*** | 15.552***
(M08): Wikipedia, Topic Mos Mos Mos Mos topic_wiki last | 0076 | 2868% | Ls21 3s04vee [ BAISS | 11517000

. M12 | MO0 + topic 0127 | 002 | 2283)° 0.1652 | 0.06_| 2.6(8:5) 0.1932 | 0.03_| 08(14) 032* | 0.19* | 018° opio wikinext | 1955 | 28410 | 2993+ | 2124+ | 2203 39020
WiKIpedia-trained (M09-M17) & SUBtitles-trained | m13 | M2+ topic_last 01269 | 0.1 | 1.9(7) 0165 | 018 | 41(72)" 01929 [ 02| 5.7006)° 02* | 0.15* | 0.14* it 0763 | 103 2068 | 2908 | 60260+ | 10897%%
(M15-M27): N-gram (M09-M11 & M18-M20); Topic | M4 | Mi3 + opic next 0.1268 | 0.06_| 0.7(1.4)* 01647 | 0.2 | 12(3.9) 01927 | 0.15_| 66(146)* | 0.05* | 0.02* | 0.03* nwi st | 2160 | 037 0989 |a77se [omsee | 1130w

. Wikipedia, RNN Mos MoS MoS Mos wiki next | 3348** | 3.046** | 368%*+ | ss3sees | 79820%% | 15799%ee
(M12-M14 & M21-M23); RNN (M15-M17 & M24- MI5 | M05 +rmn 0127 | 003 | 0.738) 0.1652 | 009 | 23(66) 01929 |02 | 5.1(66)* 0.19* | 0.17* | 028% o ‘;:x s [sesee [aa1e [ s3s9mee | 150a7o | 1asiiome
M26) MI16 | MIS +rnn_last 0.127 | 003 | 0.6(25) 0.1653 | -009 | -26¢:52* | 0.1929 [ 0.01 | 1.1(4) 0.14* [01* [o013* = - - . . -
All WIKI-trained LMs better than CCP? (M27) M17 | M16 +mnn_next 0.1269 | 0.14 | 1.9(4.4)* 0.1649 | 026 | 7.5(15.2)* 0.1924 | 024 | 69(8.6)* 0.08* | 0.12* | 0.09* am sub fat | 3E24%° | 3857 229" 7'65':‘ 8'307':‘ ]2'59‘::
k Subiles, N-gram MOS MOS M05 MOS r@?mrsubrncxl L1152 1.636 1333 6.878 14211 19.518
SUB better than WIKI? (M28) MI8 | MO + ngram 0.1268 | 027 | 29(55) 0.1648 | 031 | 3.9(0.6)* 0.1925 | 038 | 84(73)* 026* | 023* | 031% opott | 0427 2z | et | Rl
Both better than SUB? (M29) MI9 | MI8 +ngram_last 0.1263 | 041 [ 5.1(8.4)* 0.1645 | 0.14 | 3.8(5.4)* 0.1924 | 0.08 | 2.6(5.5) 0.13* [ 0.12* | 022* topic sub last | 1.067 Lm2st | 2289 12216+ | 12563+*% | 11359+
+ . . . ic_sub_next 0212 0.02 0452 5.555%% 6.839%** 14.955%**
T . o M20 | M19 + ngram_next 0.1263 | 003 | -04(09) | 0.1645 | 0.03 | 1.3(6) 0.1924 | 0.02_| 19(6.1) 0.08* | 0.04* | 0.06 topic_sub
Does CCP account for additional variance? Subitles, Topic Mos Mos Mos Mo n_sub 0184 | 1747 0029 [a2910e [33a5e 28330
(M30) M21 | MOS + topic 0127 | 003 | 16(52)° 0.1652 | 006 | 13(4.1) 0.1931 | 0.16_| 44@8.1)° 02* | o015+ [013* mosublast |38+ | 2083° | 0498 | 7242%e | 5o18%es | 8929eer
Model scores: Generalized Cross-Validation M22 | M21 + topic_last 0.1269 | 003 | 05(1.7) 0.1653 | 001 | 0.13) 0.1931 | 001 | 198) 027 | 0.14* | 0.14% moshpet |2096 | 1377 0807 [GEASSS 8175 | 45270
- N M2 + . Y .3(1. 5 0 (L. 5 0 Y 07 | 0.02* | 0.02% 1.108 0.025 1.084 11.417%%% | 18473%%* | 34.1720%+
(GCV) scores: Mean prediction error based on a M23 | M22 + topic_next 0.1269 | 00| 03(1.7) 0.1653 | 001 | 0.1(1.1) 0.1932 | 0.01_| 0(09) 007* [ 002 | 0.02 pred
Subitles, RNN Mos MoS Mos M0S pred_last 1923+ | 1315 1038|2233+ | 7096**+ | 16.105**
leave-one-out cross validation process (~ AIC/BIC; | w24 | mos + rmn 0.1271 | 007 | 09(32) | 0653 | 0 0.1(09) 01932 [0.12_ [ 3.57.8) 025* | 021* [032% pred_next 0547 | 1667 1526 150850+ | 984ve [ 776700+
lower ~ better); %AR?; log likelihood tests whether |25 | M24 + rn las 0127 | 007 | 0803) 0.1652 | 0.17 | 3.6(89)° 0.1933 | 0.14 | -34(62)* | 003* | 0.02* | 0.1% Total %R (adj) | 5,69 100 10 596 22 1221
. M26 | M25+ t 0.1269 | 007 | 0.6(1.1)* 0165 |01 | 160.7)° 01931 | 01| 207)* 0.16* | 0.12* | 0.04*
present GAM fits better than last: Deviance: [P ) i o Table 2: Significantly better predictions than Table 3:

T i Nogram, Topic, RNN vs. CCP Mo§ Mo§ Mo§ Mo§ revious model in blue, worse predictions in red Significant
Similar to root-mean-squared error. Positive value [ w27 [wiki M- mi4+Mi7_| 01265 | 035 | 57025 | 0162 | 05| 103@04¢ | 01917 | 082 | 244@0n)¢ | o5+ | 041 | 0@ | ‘ P ont ;
indi f it M28 | SUB:M20+M23+M26_ | 0.1261 | 061 | 62(6:4)* 0.1641 | 009 | 0.7(0.7) 01923 | 041 [-1scis3r [oos [on> [omse | (OrC)- In PSC, all GAMs provided better predictors in
indicates the present GAM is better; Positive df — WlK.lA FTRYE Y 0"259 0'34 5'5(2'1)_ 0'1633 0'74 = 5(44 oD 0‘1912 0%3 = '.1(44 3‘)_ 0'57_ 0'46_ 0'73_ predictions than the previous GAMs. Therefore, we ~ M30. (+ P <.1;

A + SUB: M27 +) . . i . : 5(44. . ; 7044 . ) ; Jativel ; ; ; b i
indicates present GAM is simpler; * P< 0.05. CCP N-gram. Topic, RNN M2 2 ) a9 only report ely large) increases in explained " P < 0.05; ™ P
» N-gram, Topic, RNN ! ks ! variance (in blue, if SRC provided significant <0.01;**P<
M30 | M08 + M29 0.126 | -005 | -08(39) | 01633 [008 [270122) | 01912 [-001 [-15:29) [02* [0s* [03 increases in the same comparison) (*P < 0.05). 0.001)
Single LMs vs. CCP Take-Home:
SRC PSC . . .
- = s T o - - 3 WIKI-based LMs together provide better predictions than CCP (M27; Table 2)

Negram: WIKI (M11) | -19C23)* | 51656 | 8800 | 52¢16) | 4205 |-870) o . . .

T on TaaaseToxn Tsser Tiisoa |saon [ 70sc00r No general training corpus advantage, SUB better in 3, Wiki in 1 out of 6 comparisons (M28)

RNN: WIKI (M17) 1.4(4.8) -0.3(3.7) 8.7(13.2)* -6.8(0) 9.8(-0.7) -21.9(-0.5)* . s . . . .

N s oo |50 sy | 2aie |22y |aes [maen | — 1@KiNg together both training corpora improves the predictions: general knowledge + spoken language (M29)

Topics: SUB (M23) 0.5(2.8) -6.1(-4.7* -2.1(:33)* 10.6(0.2)* | 3.7(-1.2) -82.8(0.1) . . . 5 .

o sopoms [ascn Taaaer Tssanne | aa0e |asay [msans| — > Replicating and extending Hofmann et al.’s (2017) linear approaches to SFD(, N400 and CCP) data for the PSC

Table 4: Deviance (df) and * (P< 0.05). Blue = LM is better; red = CCP is better —
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Single LMs vs. CCP: LMs win in SRC (6 vs. 5), but loose in PSC (2 vs. 4, smaller LM training corpora, larger
CCP-sample). CCP is better for GD data, but LMs are often better for predicting SFD data (Table 4)

M30: In a large EM data set (PSC), all predictors except some item random terms are significant predictors:
Nearly all “item-level” variance explained? (Table 3)

- -: Lower F-values than N-gram & RNN in SRC, but highest in PSC for TVT: Late long-range semantics?
Effects are distributed across training corpora, EM measures and position (WIKI_last+next~GD, SUB~SFD,TVT)

RNN-based predictability of next word is best in WIKI training: general(ized) knowledge?

— N-gram-based conditional probability of present and last word is best in SUB training: spoken language?
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