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Elicit.com

Workflows
Ask a research question to generate a structured research report

] Research report

Tools

. Try a couple of free examples to see what this is all about
() Find papers
GLP-1R. mechanisms Magnesium effects on sleep Online vs. in-person CBT

(=) Paper chat

Research papers
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Elicit.com

Workflows

What are the optimal parameters for 3D printing PEEK material?
[] Research report

Tools

) ® Good research question. Consider adding these elements for better results:
(1 Find papers
Specificity Performance outcome Comparative approach

Research papers v

(=) Paper chat
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Elicit.com

Workflows |
What are the optimal printing temperature, extrusion rate, and layer height |

LJ Research report parameters for 3D printing medical-grade PEEK material using fused |
deposition modeling?

Tools

. ® Good research question. Consider adding these elements for better results:
() Find papers
Specificity Performance outcome Comparative approach

(=) Paper chat

Research papers “~
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https://elicit.com/review/cffe441b-ce31-4648-b686-23f8fcaaf428

EI. .
ICIT.cOM
€ Elicit (9 Recents 0% Library [\ Alerts % Upgrade Help - o Riad -

Effective Semantic Embedding Methods (1 ® Research report View only < Create alert m I
Report
NOVEMBER 7, 2025
. . Status
Which methods are most effective for
generating semantic embeddings that capture © Gather sources Details 7
sentence meaning in natural language
) () Screen sgurces Details 71
proces Sll’lg taSkS? 2 sources included
. : . Extract data Details 7!
Encoder-only architectures combined with natural language 12 data points extracted
inference data refinement and contrastive learning produce the
most effective semantic sentence embeddings, with methods like Generate report

Sentence-BERT and Sentence-T5 achieving superior performance on
semantic textual similarity tasks.



Elicit/Elicit - Effective Semantic Embedding Methods - Report.pdf

Elicit.com

Which methods are most effective for generating semantic embeddings that
capture sentence meaning in natural language processing tasks?

Encoder-only architectures combined with natural language inference data refinement and contrastive learning pro-
duce the most effective semantic sentence embeddings, with methods like Sentence-BERT and Sentence-T5 achieving
superior performance on semantic textual similarity tasks.

Abstract

Sentence embeddings that capture meaning most effectively arise from encoder-only architectures refined by natu-
ral lanpuage inference (NLI) data and augmented with contrastive learning. Reimers and Gurevych (2019} present
Sentence-BERT, which uses a siamese/triplet network with pooling to vield fixed-length vectors. Their method scores
11.7 points higher than InferSent and 5.5 points ahead of the Universal Sentence Encoder on semantic textual sim-
ilarity (ST5) benchmarks, while cutting inference time for 10,000 sentences from 65 hours (BERT) to 5 seconds on
GPU and training in under 20 minutes.

Mi et al. (2021) detail Sentence-T5, which employs both encoder-only and encoder-decoder variants with a dual
encoder and multi-stage contrastive approach. The encoder-only model exceeds previous baselines on SentEwval
and SentGLUE tasks and, when scaled from 220 million to 11 billion parameters, achieves throughput rates of 274
examples per second on a Cloud TPU-v3. Both approaches also show robust transfer learning performance across
tasks such as sentiment analysis, paraphrase detection, and natural language inference.

Paper search

We performed a semantic search using the query "Which methods are most effective for generating semantic em-
beddings that capture sentence meaning in natural language processing tasks?” across over 138 million academic
papers from the Elicit search engine, which includes all of Semantic Scholar and OpenAlex.

We retrieved the 50 papers most relevant to the query.

Screening



Elicit/Elicit - Effective Semantic Embedding Methods - Report.pdf

Elicit.com

€ Elicit (® Recents 0% Library [\ Alerts % Upgrade Helf o Riad
Lo Library Q. Search your library... Connect Zotero Upload i

Al All (0)

Recently deleted

Details

= Filters = -
Library overview
COLLECTIONS + .
Titde T = Total sources
[= Organize your research Recently added

Collections help you group Auto-enriched

papers by tag or project. Need PDF
Create collection

Upload papers to start using Elicit. Quick tools

Your library is used to store papers and research for analysis and insights. . .
Start a SYStEI"I'IatIC review



Elicit.com

=

(9 Recents 08 Library [\ Alerts

Workflows

[] Research report

Click below to select sources from your library
or upload your own to begin a conversation

Tools .
0 Select sources

(. Find papers

(=) Paper chat




El. .
ICIt.cOom
(® Recents 08 Library [\ Alerts % Upgrade Help o

Expert-Driven Reinforcement Learning Share

i v (=) Chat with papers what is the main contribution for this paper?

Q what is the main contribution for this paper?

€ Main Contribution

The main contribution of this paper is the proposal of Supervised Reinforcement Learning (SRL), @
a novel training framework that addresses the limitations of existing methods for training small-

scale language models on multi-step reasoning problems 1 .

Key Innovation

SRL reformulates problem = ical "actions” and trains the

{D Add new step

model to aenerate an inter ttina to each action 2 . The


https://elicit.com/notebook/f64e339c-c8f8-4d6d-ac26-45fef67bea29
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ResearchRabbit.ai

U ResearchRabbit seach  Library

Follow your curiosity

Jump from what you know, to what you need to know

Q Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks

Search for new articles using keywords / titles

Recently saved Library
Dive deeperon your new finds Find new articles for your favourite topics

,,,,,,,,, IRFA—S

Upgrade Support My Research Project

or | [0 Browse Library

Grow what you've found

What’s New
Learn about all things ResearchRabbit

ResearchRabbit

Welcome
to the new

@



ResearchRabbit.ai

ResearchRab Search  Library

x < > 8

Q, Sentence-T5: Scalable Sentence Encoders from Pre-trained Text-to-Text Models

® Ni,2021

Sentence-T5: Scalable Sentence Encoders from Pre-trained Text-to-Text Models

Findings

<o L 558155 230 B3ai] e
i Led) YL sle| Il

Upgrade Support My ResearchProject ~ G

S E

Ni, 2021 l(. sentence embedding v::I

Sentence-T5: Scalable Sentence Encoders from Pre-
° trained Text-to-Text Models

ntence Fingings PDF

JianmoNi ... +5 YinfeiYang

Dive deeper on this article

Similar 1.5k CitedBy 729




ResearchRabbit.ai
izeziad| OV Gl o B 5 a0

Similar tO T =)

Grow and go!

ResearchRabbit search  Library

X <D e

bbbt e e e Improve your results by selecting articles to add to
O your search
He, 2020 O

Momentum Contrast for Unsupervised O Deviin
Visual Representation Learning O il

Williams, 2018
H O

A Broad-Coverage Challenge Corpus for BOvrnan
Sentence Understanding through Inference 2015 tath sk Gao

O OO 2019 ® Find out how it works

| B aea Inifer e s (AUTINLE o Search Settings
Jesianed for use in the development and evaluatior On q g

20 of 1.460 > s = Find related articles of 1article




ResearchRabbit.ai

ResearChRabbit Search Library Upgrade Support My ResearchProject v+ @

x < 04

Similar = to EELENE AL v Sl = [ 5selected Clear m G

LI, 20 15 eass . e :
= ; —+ Reforences @ Searchinputs decults 8 Added

Adam: AMethod for Stochastic

Reimers, 2019 Sentence-BERT: Sentence
Embeddings using Siamese BERT-

Optimization OO
_ renesenEeamng O = Devlin, 2019 BERT: Pre-training of Deep

Ve introduce Adam. an alqo or first-ord: O _:-@ Bidirectional Transformers for Language

Liu, 2019 RoBERTa: A Robustly Optimized
' BERT Pretraining Approach

Lan, 2019 O
ALBERT: A Lite BERT for Self-supervised O O @ Lan, 2020 ALBERT:ALite BERT for Self-
Learning of Language Representations C;f--f' supervised Learning of Language

Lan, 2019 ALBERT: A Lite BERT for Self-
supervised Learning of Language

O
o P ©

Mikolov, 2013 L O Bordes Lan 2020 Search Settings
Distributed Representations of Words and : Bromley " 2015 O s
20 of 1,289 » ) 1= Findrelated articles of 6 articles
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& ResearChRabblt Search Library Upgrade  Support My ResearchProject ¥+ @
Deselect all
Collections + Q W o =8 B © 7 selected Clear ® @ W
© uvnsorted @ Lan,2019 ALBERT:ALite BERTforSelf-
supervised Learning of Language
" ) . 4 = \
° Uncategorized:. W @ Lan,2020 ALBERT: A Lite BERT for Self- v
Devlin, 2019 supervised Learning of Language
& sentence supervi ing guag
¥ embedding
- ® Liu, 2019 RoBERTa: ARobustly Optimized 5
G BERT Pretraining Approach
Liu, 2019
\ @ Devlin, 2019 BERT: Pre-training of Deep v

Bidirectional Transformers for Language

“Lﬂ’&l‘ = V‘.ﬁ‘ - n,2020 @ Reimers, 2019 Sentence-BERT: Sentence

Embeddings using Siamese BERT-

+* *» ol ‘
L@.«d &.J\.Q}w‘j @ Ni, 2021 Sentence-T5: Scalable Sentence
e © Encoders from Pre-trained Text-to-Text
@
- Search Settings
S Q

™ Import <* Svne MAre rarshnO R BAchS 4 Findrelated articles of 7 articles Search
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& ResearChRabblt Search Library Upgrade Support My Research P @
Collections + Q D O & E m © 7 selected Clear = @ W
© unsorted il Ll e Title Refs  Cites Lan, 2019 ALBERT:ALite BERT forSelf-
,"n supervisedL i fL
Lan, 2019 2019 ALBERT: ALite BERT for Self-supervised Lea.. 108 8123 (~) supervisediearning ofLanguage
© uncategorized Lan, 2020 2020 ALBERT: ALite BERT for Self-supervised Lea.. 110 8,558 (v) Lan,2020 ALBERT:Alite BERT forSelf-
) o supervised Learning of Language
sentence : Liu, 2019 2019 RoBERTa: ARobustly Optimized BERT Pretra.. 103 32159 (+~)
embedding i
Devlin, 2019 2019 BERT: Pre-training of Deep Bidirectional Tra.. 90  N175.. (v) Liu, 2019 RoBERTa: ARobustly Optimized
BERT Pretraining Approach
Reirmers, 2019 2019 Sentence-BERT: Sentence Embeddingsusi.. 56 155. ()
Ni, 2021 2021 Sentence-T5: Scalable Sentence Encoders .. 54 729 (v) Devlin, 2019 BERT: Pre-training of Deep 9
_ Bidirectional Transformers for Language
Reirmers, 2019 2019 Sentence-BERT: Sentence Embeddingsusi.. 57 14,674 ()

Reimers, 2019 Sentence-BERT: Sentence
Embeddings using Siamese BERT-

&u‘ Qy Q & ‘ J_, \ Q, & § &) Ni, 2021 Sentence-T5: Scalable Sentence
L4 *» *»

Encoders from Pre-trained Text-to-Text

Search Settings

Find related articles of 7 articles

£0



https://app.researchrabbit.ai/library

ResearchRabbit.ai

<% ResearchRak" **

Collections

o Unsorted

o Uncategorized

sentence
[ embedding

R e

ST (e

Export Articles

Format | BibTeX(bib) ~

Lan, 2019 ALBERT: ALite BERT for Self-supervised Learning of Language Representations

Lan, 2020 ALBERT: ALite BERT for Self-supervised Learning of Language Representations

Liu, 2019 RoBERTa: A Robustly Optimized BERT Pretraining Approach

Devlin, 2019 BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
Reimers, 2019 Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks

Ni, 2021 Sentence-T5: Scalable Sentence Encoders from Pre-trained Text-to-Text Models

Reimers, 2019 Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks

Export

Deselect all @

A Lite BERT for Self-
g of Language

]
A Lite BERT for Self-
g of Language

]
A Robustly Optimized
iproach

]
Pre-training of Deep
ormers forLanguage
]
tence-BERT: Sentence
Siarmese BERT-

]

.T5: Scalable Sentence

trained Text-to-Text

My Research Project ~

@




ResearchRabbit.ai

1 % Exported from EesearchBEabbit (https://resesarchrabbitapp.com/)

@article{albert lan 20189,

4 title = {ALBERT: A Lite BERT for Self-supervised Learning of Language Representations},

=< author = {Lan, Zhen and Chen, Mingda and Goodman, Sebastian and Gimpel, Eevin and Sharma, Piyush and Soricut, ERadu},
& journal = {International Conference on Learning Eepresentations},

7 yvear = {2018},

8 researchBabbitId = {7fd55f38-2ef3-45a3l-9%b4d-cecdecaccell}

12 @article{albert lan 2020,
13 title = {ALBERT: A Lite BERT for Self-supervised Learning of Language Representations},

14 author = {Lan, Zhenzhong and Chen, Mingda and Goodman, Sebastian and Gimpel, EKevin and Sharma, Pivush and Soricut, ERadu}l,
15 journal = {arXiv (Cornell University)},
16 yvear = {2020},

17 researchBabbitId = {d741lelf5-6650-442d-53%a-=al143e8d9785}

;
|
bt

@article{roberta liu 2018,

2 title = {RoBERTa: A ERobustly COptimized BERT Pretraining Approachl,

3 author = {Liu, Yinhan and Ott, Myle and Goyal, Naman and I, Jingfei and Joshi, Mandar and Chen, Dangi and Lewvy, Omer
and Lewis, Mike and Zettlemoyer, Luke and Stovanov, Veselin},

{ S T T 6 Y %
L I

4 journal = {arXiv: Computation and Languagel,
5 year = {2019},
& resgearchRabbitId = {afatdcBb-cl0e(-4e81-805c-cS2elSe28aic}

T T T % % Y 6 T %

@article{bert devlin 20185,
title = {BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding},
3z doi = {10.18653/V1/N19-1423},
author = {Devlin, Jacob and Chang, MingliWei and Lee, Eenton and Toutanova, EKristinal,
34 journal = {NHorth American Chapter of the Association for Computational Linguistics},
year = {2019},
36 researchBEabbitcId = {beEe35cf-1450c-4bcf-83753-ce443a5837a0f59
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[ Paperpal grammarly

TRINKA
L QuﬂlBOt




grammarly - . o

"
& Goals - > _ o ) .
i Overall score Review Write with Check for Al
suggestions generative Al text & plagiarism

Review suggestions €

BERT designed to|pre train deep bidirectional representations from

unlabeled text by jointly conditioning on both left and right context in all

N N
Ness Clarity Engagement Delivery
layers.
. Verb problem
designed
| Correctness - Use the right word  (3)

..designed to pre-train pre-train deep bidirectional...

Accept Dismiss

) el A

RIAD SONBOL - Al AND SR 31



(8 Paperpal
byEdutooe

“ 1) +
Grammar Checker Paraphraser Research & Cite Al Writing
Assistant
Ensure high-quality Improve word choice, Find & cite references
academic writing in fluency, and academic from 250M+ research Write 2x faster with
minutes tone articles contextual text

suggestions

e a) B

Chat with PDFs Online Translator Plagiarism Submission
Checker Checks

Extract insights, Get accurate translation

summaries, and find in 50+ languages Avoid desk rejection with Perfect your manuscript

related papers our trusted similarity with 30+ essential checks
check
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Google CoLab with Gemini

cO & Untitled25.ipynb % &

File Edit View Insert Runtime Tools Help

= iE! 2, Share

Q Commands + Code ~ + Text P Runall ~ v FE)?:{ — T "
s= i ( PN 7 Wi
-— Files O X - ° Start coding or generate with AIL.
[Q L C W [1 . .
Start coding or generate with AT.
<> .
» [ sample_data
(O . .
[s¥) Shopping behavior updated.csv
O

e N  f
L How can | install Python libraries? L Load data from Google Drive )L Show an example of training :

@ Shopping_behavior_updated.csv X

Disk 68.45 GB available il gheall 8033 50 ghnall aluall 830 s dban ol 2] Ll it Silas ® B

{3} Variables [3 Terminal o Bl python 3



Q Commands + Code ~ <+ Text D Runall ~ &)

= O X

= Files

@ Connecting to a runtime to enable file
browsing.

<>

Oz

Runtime disconnected

e CoLab mw

plt.title(f'Average Purchase Amount by {col
plt.xlabel(col)

plt.ylabel('Average Purchase Amount (USD)')
plt.xticks(rotation=45, ha='right') # Rotat

plt.tight_layout()
plt.show()

Visualizing Numerical Relationships with 'Purcha:

Visualizing Categorical Relationships with 'Purc|

1 1.
! !
/ 4 ¢ ’ p / /
i Lo
| |

Gemini

Connecting ~ & v

X

@ vt oo el Sl W s
e ghedd

[@ Shopping_behavior_updated.csv
4 sl pshadl gl o 280D agal il Goade Jilan o 8l gl
Jexll das Sl (5 290

o Cile Jrent 1l Juaad
“/content/Shopping_behavior_updated.csv” sl 2

bl iy,
1ol 5202 ) (3n55 s (e ccnlilndl Zan CBLEEA - O 5
o Fialssaes) ashs Jle anlindl Ao (FLC0 Shdl LG

'CI:\AIL_! ALl @3 S.EADy‘ M"A“J ‘i.’:.i_a)!\ Q“\%"‘L‘-ﬂa}“-’ d—‘g_‘-ll

(Analyze the top 5 locations with the highest average purchase amount)

Q Visualize the relationship between 'Category' and 'Purchase Amount \
(UsD)'

( Suggest actionable insights based on the categorical analysis )

What can | help you build? ® &=

Gemini can make mistakes so double-check it and use code with caution.
Learn more

v 12:50PM  Connecting to Python 3


Gemini/Untitled25.html

Google CoLab with Gemini

Q Commands + Code ~ <+ Text P Runall ~ N G o BN
i SUDTasK.
= Gemini

ila (lesi “/content/Shopping_behavior updated.csy” taby iy JL 3

X

. . . . . . . Siriibaaall sl g dinae iloa¥al gl gend diat ol s 4
Reasoning: First, I'll import the pandas library to enable data manipulation, then load the CSV file G - - - -

¢ ‘/content/Shopping_behavior_updated.csv' into a DataFrame named 'df', and finally display the first & ibs el Suaw 6 gy o Jpeanll genf it ol ja) U il
o few rows to confirm successful loading. <l g ety sl LI e K 5 ds e dee
o (olatll peiis Jand po t Bannall falaSll duesd 1 dg gD T aall sl
O ;12}5 import pandas as pd Luste Ak pala ciablanl g BT Al jpall sl g 50
dilat e o o Jaall ol oyt (S0 a1 Y ) ol il sl
df = pd.read_csv('/content/Shopping_behavior_updated.csv') a2,

& Ay g ;oL s )1 Ay A0 o juall ¢ 00 Alia auigs el
is;n. (Box plots) L0.8 19w - . ; 4 (Violin plots)
A gl o 3all *( K0 a0 A L) ol alae’ w38 el
v Data loaded successfully. Here are the first 5 rows: ¥ L) i o L ) Lt el U gl Faes )
e e el U L 5 08 n i i

print({"Data loaded successfully. Here are the first 5 rows:")
df.head()

Customer Item Purchase i
Age Gender Category Amount Location Size Color Seas il stall,
ID Purchased ) - . ~ . )
{uUsD) o ol 8 gmnal dy Rl S il e JEURH O G Julas
il oMt Ju TR PTG R YEC P | IR L P e g ek
0 1 55  Male Blouse  Clothing 53 Kentucky L Gray Win - e A Rl el o et
1 2 18 Male Sweater  Clothing 64 Maine L Maroon  Winr What can | help you build? ® 0
2 9 50 Male Jeans Clothing 73 Masz=achusetiz o Maroon  Spri Gemini can make mistakes so double-check it and use code with caution.

Learn more

{2} Variables [3J Terminal o _ Executing (5s) B Python 3



e CoLab with Gemini

cO & Gemini Exampleipynb ¥ (5 Saving...

File Edit View Insert Runtime Tools Help

B iE! 2 Share

Q Commands + Code ~ <+ Text P Runall ~ vy E’?::{: - A

[12] o num cols = 2

-— o 45
for i, col in enumerate{key categorical features):
@ plt.subplot({num rows, num_cols, i + 1) # Create subplot
sns.boxplot({x=col, y="Purchase Amount (USD)', data=df, palette="wiridis', hue=col, legend=False)
<> plt.title(f'Purchase Amount Distribution by {col}")}

plt.xlabel(col)
plt.ylabel{'Purchase Amount (USD)")
plt.xticks{rotation=45, ha='right') # Rotate x-axis labels for readability

0 plt.tight_layout() # Adjust layout to prevent overlapping
plt.show()

Purchase Amount Distribution by Category Purchase Amount Distribution by Season

ENEE RN

£% Variables B Terminal o + 1110eM B pvthon 3

Purchase Amaunt {US0)
(=]
(=1
Purchase Amaunt {UsD)
&

-}
]
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Caalull e piii idlggaugl
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Published vs preprint °

Scopus Ranking °
Scopus ot s st Qmmost EEE ACCES8 8 SJR

DAIIv Export to Exce Save to source

View metrics for

COUNTRY SUBJECT AREA AND CATEGORY
Source title CiteScore |-  Highest percentile ~ Citations Documen
¥ 201922,  2019-22 United States Computer Science
.

Computer Science (miscellaneous)

[]1 [EEEAccess Open Access 9.0 97% 490,387 54351 Universities and research Endineeri
221302 institutions in United States nglnegrlng . .
Engineering (miscellaneous)
General

. Media Ranking in United States . .
& Materials Science

Materiale Srience (misceallanenns)
Quartiles hoy

Computer Science (miscellaneous) l

Engineering (miscellaneous)

2 0 4 Materials Science (miscellaneous)
RIAD SONBOL - Al AN

Engineering

H-INDEX

2014 2015 2016 2007 2018 2019 2020 2021 2022




Cialdl le 24 Aglgg.ugl

J2) Leladl o lla o V1S Il ol ol (335 5800 b o1 & T Al UL 1] s Y 0
(ChatGPT e 45l e

2 s 51,2 Al S psees as ©

Al handles the "how" (data processing, analysis), but you

provide the "why" (the research question, the interpretation).
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