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Research Question Method: Estimating Tree-Semantic Information (Semlinfo) Result: Semlinfo Training Significantly Improves Parsing Accuracy

Can we predict the constituent structure by searching for a structure maximiz- Semlinfo-trained parsers significantly outperform LL-trained counterparts in 17/20 combinations

INng semantic information?

Substring-Semantic Information

We propose to estimate substring-semantic information I(w Wi s . Sem(w)) via the following steps English Chinese French German
b Semlinfo (Ours) LL SemlInfo LL SemlInfo LL SemlInfo LL
_ _ . . . . . CPCFG 65.74,551 53.75.081 50.39 087 51.45,549 52.15.075 47.50,041 49.80.031 45.64,073
Motivation . !ntroducmg a bag-of-substrings representation of sentence semantics based on a paraphras- NPCEG 64.45.1 13 50.964182 53.30.042 42.12,307 52.3640¢2 47.95:009 50.74.0.28 45.85:0 63
ing model. SCPCFG 67.27,1 08 49.42,549 51.76,054 46.20,5 45 52.79.080 45.03,042 47.97.074 45.50,071
. . . . . SNPCFG 67.15 58.19 51.55 43.79 55.21 49.64 49.65 40.51
. o 4o . . \ ~f _ _ +0.62 +1.13 +0.82 +0.39 +0.47/ +0.91 +0.29 +1.26
e Linguistically-defined constituent phrases often correspond to semantic concepts. Conctituents ?daphgg the PWI metric in the bag-of-words model to estimate the substring-semantic in TNPCFG 66.55.00s 53.37.408 5179083 45.1415 05 5411,0 ps 39.97+4 10 49.2610 g1 449441 24
« Constituent structures aid natural language understanding [2, 3]. . carry Semantic ormation Average A | +13.09 +6.02 +7.31 +4.92
. o . . _ . Information Seminfo-MaxTreeDecoding 58.28 49.03 52.03 50.82
o Constituent phrases are resilient against semantic-preserving perturbations [1]. oo mmesomsessssoooseooneoe FTo T TTTTTTTTmTTTooTToommmmommmooomes GPT40-mini 36.16 11.82 30.01 33.56
/ :Bag-of-words Model . Paraphrasing Model
' @ Table 2. Parsing accuracy (SF1°) of SemiInfo-trained PCFG parsers and other baseline parsers.
Sentence: John has been working on a theory until late night Constituent Tree Source Analysis: Seminfo Strongly Correlates with Parsing Accuracy
| , -
hn h n working on | | . sentence PY ! L L S o
John has been working on a onn T Document d ' Paraphrases W) | Why the SemInfo maximization training improves over the LL maximization training?

theory until late night

— CYrs

until late night Sentence-level Analysis: SemiInfo Ranking Approximates Parsing Accuracy Ranking

has been working on a theory

Set repr. of constituent tree: | , .' . | | .' | This analysis compares the ranking of predicted trees by Seminfo/LL and that by instance-level

has been  workihg on  a theory untii  late  night parsing accuracy SF1'. High coefficient = SemlInfo/LL ranking of constituent trees approxi-
{a theory, until late night, has —L— Word-topic Information | Substring Semantic Information mates that by parsing accuracy
been working on a theory, ...} a  theory I(Wordy,t) 1 (w(i,j)a S em(w))

‘ ‘ e Semlinfo has a strong correlation with parsing accuracy

h, we have Oh, someone is Oh, he is worklng Oh, the ma WT . : : .
atheoW) working on .D until late n,ght = John ) I(Wordy, ¢) = F(Word,, d) x log \@ \ C has negligible correlation with parsing accuracy
T —— d':d' € 2WT A Wordy, € d'|
term frequency N —————————————————— , 8 - °r8 8- ° - 8
inverse document frequency SemlInfo-SF1*| LL-SF1* |SemlInfo-LL = .
CPCFG 0.6518 0.0196 go1° . "6 6- / 6
e ~
Figure 2. Structural parallelism between our bag-of-substrings model and the traditional bag-of-words model. NPCFG 0.634/ -0.0045 < 4- / -4 4 A - 4
SCPCFG 0.6431 0.0505 - ¥
SNPCFG 0.9289 0.0182 v 21 ° : r2 21 . ° 2
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Table 3. Spearman correlation coefficient
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between SemlInfo/LL and SF1°.
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Figure 4. Scatter plot of (Seminfo, LL, SF1Y) pairs.

Figure 1. Correspondence between constituent phrases and semantic concepts. Corpus-level Analysis: SemInfo Consistently Ranks PCFG Parsers throughout Training

Semlinfo: Tree-Semantic Information
This analysis compares the ranking of parsers by SemInfo/LL and that by parsing accuracy SF1°.

We calculate Seminfo I(t, Sem(w)) as the cumulative substring-semantic information associated High coefficient —> Seminfo/LL can be applied to training PCFG parsers

Findings: Complementary Benefit of Seminfo and PCFG-induced Bias with the tree ¢
Z I(w

I(t, Sem(w i), Sem(w))

Seminfo and PCFG-induced bias are complementary toward accurate unsupervised parsing. e Semlnfo maintains a consistently strong correlation with SF1throughout training.

. has a strong correlation with SF1¢ at the early training stage, but the strength quickly

e Three classes of paraphrasing models represent three levels of paraphrasing noises
degrades.

e SemlInfo improves PCFG parsing accuracy (Seminfo-NPCFG vs. LL-NPCFG)
Method: Training PCFG Parsers using Seminfo Maximization

e PCFG model improves parsing robustness (SemInfo-NPCFG vs. SemInfo-MaxTreeDecoding) CPCFG NPCEG SCPCEG
Paraphrasing Model We train a PCFG model by maximizing I(t, Sem(w)) through a TreeCRF model. c 0.8 4 c075] N— o c
Large Models Medium Models Small Models e | e € 0.5 -
gpt35 gpt4o  gptdomini |llama3.2-3b gqwen2.5-3b|llama3.2 1b gqwen2.5-0.5b Seminfo Training Log-likelihood (LL) loss S 0.6 S 0.50 - ©
SemlInfo-NPCFG 66.85+0.25 65.19+0.54 64.45+1.13|63.78+0.55 63.58+0.13|63.10+0.70 59.01+0.24 log(P(w)) 73 & a
SemlInfo-MaxTreeDecoding|  55.56 59.45 58.28 55.17 55.03 48.5 433 0.4 — . 0.25 7 — 0.0 , .
LL-NPCFG 50.96+1.82 i [1k, 10k] [11k, 20k][21k, 30Kk] [1k, 10k] [11k 20k][21k 30Kk] [1k, 10k] [11k, 20k][21k, 30Kk]
Right Branching 38.4 Sentence w . TreeCRF . . steps steps steps
e e ]C I | » - N qb(s) P(s is constituent | w) SNPCEG TNPCEG
able 1. Parsing accuracy of parsers trained using seminfo estimatead from seven paraphrasing modaels : Constituen . Seminfo loss N 1.0 - N —
---------------- \ Compute :  [Tree i _
""PCFG Model ; "\ . Eponr(g,)[1(t, Sem(w))] v S 5 07> -
(nside > log(P(w)) ~2LE r > J(9) = 05- = - Seminfo-sF
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Figure 5. Change of corpus-level correlation throughout training

Figure 3. Proposed Training pipeline
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