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LLM Rubric Representation Learning 

LLMs can construct powerful representations and 
streamline sample-efficient supervised learning


https://lrrlpaper.github.io/


Representational challenges in supervised learning

Clinical notes, 
free-text

Medical 
images

Structured tables / Time-series

Image Source

Image Source

Image Source

https://pubmed.ncbi.nlm.nih.gov/27919732/
https://www.nature.com/articles/s41597-019-0322-0
https://www.intelycare.com/career-advice/how-to-write-a-good-nursing-note-example-and-tips/


Representational challenges in supervised learning

Clinical notes, 
free-text

Medical 
images

Image Source

Structured tables / Time-series

Image Source

Image Source

• What to include in the input?


• How to represent the input ( )?


• What ML models to use?

X

Supervised learning 
(e.g. binary clf.)

https://pubmed.ncbi.nlm.nih.gov/27919732/
https://www.nature.com/articles/s41597-019-0322-0
https://www.intelycare.com/career-advice/how-to-write-a-good-nursing-note-example-and-tips/


Representational challenges in supervised learning

Annual reports, 
free-text

Image Source

Analyst ratings, 
tabular

Image Source

Market cap, time-series

Image Source

https://www.annualreports.com/Company/apple-inc
https://finance.yahoo.com/news/trader-toolkit-analyst-ratings-141432146.html
https://www.bloomberg.com/news/articles/2021-12-28/ford-market-value-closes-above-gm-for-first-time-in-five-years


LLMs as an interface to complex / heterogeneous datasets

Paper

Text-to-text regression to 
predict system performance 
from configuration

https://arxiv.org/pdf/2506.21718


LLMs as an interface to complex / heterogeneous datasets

Paper

Text-to-text regression to 
predict system performance 
from configuration

PaperActivity prediction from text-transformed multimodal data

Cooking 
Playing soccer 
Cleaning 
…

Activity prediction

https://arxiv.org/pdf/2506.21718
https://arxiv.org/pdf/2509.10729


EHRSHOT benchmark

EHRSHOT Paper

Wornow et al, 2023. ShahLab @ Stanford

Full longitudinal EHR of 6,739 patients


• Temporally ordered visits

• Coded events such as

• Labs, diagnoses, medications…

https://proceedings.neurips.cc/paper_files/paper/2023/file/d42db1f74df54cb992b3956eb7f15a6f-Paper-Datasets_and_Benchmarks.pdf
https://som-shahlab.github.io/ehrshot-website/


EHRSHOT benchmark

EHRSHOT Paper
Text-serialized EHR example adapted 
from Hegselmann et al (2025)

Full longitudinal EHR of 6,739 patients


• Temporally ordered visits

• Coded events such as

• Labs, diagnoses, medications…

Wornow et al, 2023. ShahLab @ Stanford

https://proceedings.neurips.cc/paper_files/paper/2023/file/d42db1f74df54cb992b3956eb7f15a6f-Paper-Datasets_and_Benchmarks.pdf
https://arxiv.org/abs/2502.17403
https://arxiv.org/abs/2502.17403
https://som-shahlab.github.io/ehrshot-website/


EHR text / rubric 
representations

NaiveText

Rubric: A recipe for transforming 
*naive* text serialization of input 
into a more structured / 
standardized representation

Example task query:  
Will the patient develop 
hypertension in the next year?



EHR text / rubric 
representations

NaiveText Local-Rubric

Rubric: A recipe for transforming 
*naive* text serialization of input 
into a more structured / 
standardized representation

(High inference cost)
Our rubric-transformed text-serializations (Paper)

↦

Example task query:  
Will the patient develop 
hypertension in the next year?

https://lrrlpaper.github.io/assets/LLM-rubric-representation-learning.pdf


EHR text / rubric 
representations

Downstream learning: linear 
heads over text-embeddings 
(we use Qwen3-Emb-8B)

Global-Rubric

Rubric: A recipe for transforming 
*naive* text serialization of input 
into a more structured / 
standardized representation

Our rubric-transformed text-serializations (Paper)

NaiveText Local-Rubric
(High inference cost) (More standardized / less cost)

https://lrrlpaper.github.io/assets/LLM-rubric-representation-learning.pdf


Baselines & sneak peek at results 

Zero-shot. Prompted with 
NaiveText serializations 
to answer “Yes/No”. 
Probabilities from 10 
samples
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Baselines & sneak peek at results 

Zero-shot. Prompted with 
NaiveText serializations 
to answer “Yes/No”. 
Probabilities from 10 
samples

EHRSHOT baselines. 


Count-GBM: uses count-
features + boosting machine


CLMBR-T: Autoregressive 
FM pre-trained on 2.57M in-
distribution patient. 
Embedding + linear head at 
test-time.

NaiveText EHR-
serialization are used to 
get text-embeddings and 
fit linear heads on top.

Hegselmann et al (2025)

https://arxiv.org/abs/2502.17403


How are (global) rubrics learned? 



How are (global) rubrics learned? 



How are (global) rubrics learned? 



Full global rubric creation prompt



Global rubric example



Rubric transformed input



How are rubric instructions applied?

Costly in time & money 

Same issue with local rubrics (summaries)



Automating rubric application
Naive text  Rubric text↦
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Automating rubric application
Naive text  Rubric text↦



Automating rubric application
Naive text  Rubric text↦

Synthetic example for rubric 
representation generated by script



Naive text  Rubric text↦ Rubric text  Tabular features↦

Tabularizing rubrics



Tabularizing rubrics
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Rubric text  Tabular features↦
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275 features for HTN



Rubric text  Tabular features↦

Tabularizing rubrics

Tabular representations automatically 
enable a whole suite of ML tools (causal, 
interp., etc)

275 features for HTN



Overall results & ablations

Rubrics created without 
inspecting any examples

Generic clinical summaries, 
instead of task-conditioned

Auto. rubric application & 
tabularization in prev. slides



Breakdown by task groups

(AUROC, n=All)



Future work & limitations

• More evaluation with different benchmarks


• e.g., MIMIC using clinical notes  


• non-health datasets


• Rubric improvement


• currently one-shot


• how to use > 40 patients (current bottleneck is context size)


• An algorithm to learn the rubric from all patients?


• Learning from failures in the natural language space


• Exploring if LLMs can help learning long-tails better, in a broad sense


