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Problems & Ideas

* Problems Statements:
— Existing salary prediction methods lack explainability in modeling skill
composition effects
— Traditional approaches fail to capture complex interactions between

skill sets
* |deas: Disentangled discrete skill subset selection, coupled
with set-oriented prototypical learning

Job Opening 1
Web & Hardware Integration
Qualifications:
v’ Reactjs, Vuejs
v Logic Analyzer, 12C
v HTML, CSS, WebUSB

Job Opening 2
Al Chatbot Front-end Dev
Qualifications:
v’ UX/Ul Design, jQuery
v" ML DL, NLP, LLM

Job Opening 3
Al Hardware Engineer
Qualifications:
v Digital/Analog Signal
v’ Tensorflow, Pytorch
v’ Verilog, VHDL, FPGA

v' JavasScript, CSS, HTML
6| — 6 .
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Job Salary: $120,000 Job Salary: $110,000 Job Salary: $160,000

skill Package(1]: Hardware

skill Package(2]: Web

skill Package[3]: Al

Avg. Salary: $130,000 Avg. Salary: $100,000 Avg. Salary: $160,000
Hardware, Digital HTML, JavaScript ML, Python, DL
Analog Circuit, VHDL React, jQuery, CSS Maths, Statistics, LLM

Image: Figure 1 - lllustrative example on skill-salary influence Caption: Traditional black-box models vs. our explainable approach
showing how different skill packages (Hardware, Web, Al) command different average salaries with transparent reasoning.




Main Contributions

e Contributions:

— Superior Performance: 10% improvement over state-of-the-art
baselines across four real-world datasets

— Comprehensive Evaluation: Validated on 400,000+ job postings across
IT, Design, High-tech, and Financial sectors

— Explainability Achievement: Successfully identifies semantically
coherent skill subsets with quantifiable salary contributions

Skill-Salary Job Postings [4] Job Salary Benchmarking [¥]

Methods IT Designer High-tech Finance

RMSE(l) MAE(l) RMSE() MAE() RMSE(]) MAE(]) RMSE(l) MAE()

HSBMF 5.291.0m7  3.939.005  4612.0005 3371001 3.844up016 28720013 42990005 3.150.0.019
SSCN 4.762.0063 34840052 3.84lip1as 2.766.0002 36630062 2.740ip006 4037.0134 2.94B.0.0906
NDP-JSB 5342.00m1  4073.0021  4.623s0044 326240023 38750086 2.827.0067 4.295.0075  3.146.0071
BERT-JSB 49130032 3.583:0014  3913:0046 2897008  407lposz 2.99up03s 4504i00a5 3.27240.036
Set-Tree 5.552:0065  4.367:0083  4.33%:0140 3.269:0061  3.953s0002  2.998:0065 4.406s0079  3.206:0.057
SESM 4.489.003¢  3.532.0005 3.812.0123  2.767.0064  3.623.0029  2.817:0017 3.967.00:1  2.940:00n
ProtoPNet 45030009 3423.0037  37%00m3  2772:00m6 360200010  2.786ip02s 411640144 3.013.0063
TesNet 4.555:0102  3.698i0037  3.804.0063  2.902:002  3.692.0006  2.806s0081  4.241i0108  3.094.0071

ProtoConcepls 4.468l[}.[}62 3.41 2_1_{)_025 3 .7929_(].(]33 2.??4_1_[}_[}52 3-504J.G.G61 2-??6J.[}.[}26 4.0231_9_034 2.961 +0.048

LGDESetNet 41620012 3.141.004 34730058 25590062 33270038 2 24340037 3.775.0.046 2.768.0.031

Image: Overall performance evaluation results Caption: Performance comparison showing LGDESetNet consistently outperforms
existing methods across all datasets with significant improvements in both RMSE and MAE metrics.



