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About Me

• Second year PhD student at DEEM Lab  , supervised by Prof. Schelter


• Studied before at                  and


• Working on semantic operators in the context of ML and data management


• Prior experience on applied ML for genomics and development of ML systems internals
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Data Preparation: The Least Enjoyable Part of Data Science
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https://www.forbes.com/sites/gilpress/2016/03/23/data-preparation-most-time-consuming-least-enjoyable-data-
science-task-survey-says/ 

"Everyone wants to do the model work, not the data work":  
Data Cascades in High-Stakes AI, CHI’21

https://www.forbes.com/sites/gilpress/2016/03/23/data-preparation-most-time-consuming-least-enjoyable-data-science-task-survey-says/
https://www.forbes.com/sites/gilpress/2016/03/23/data-preparation-most-time-consuming-least-enjoyable-data-science-task-survey-says/
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ML Engineering Agents Will Write All Pipelines Instead of Us!
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AIDE: AI-Driven Exploration in the 
Space of Code

CatDB: Data-catalog-guided, LLM-
based Generation of Data-centric 

ML Pipelines, VLDB’24

MLE-STAR: Machine Learning 
Engineering Agent

via Search and Targeted 
Refinement, NeurIPS’25 MLZero: A Multi-Agent System for 

End-to-end Machine Learning 
Automation, NeurIPS’25

• LLM-based agents for the end-to-end machine learning 
engineering using code generation

• Promises

• Automatic implementation of ML pipelines via code 
generation

• State-of-the-art results on multiple machine learning 
engineering benchmarks

• End-to-end ML automation across diverse data 
modalities with minimal human intervention

• Comprehensive, LLM-based system for generating 
effective, error-free, and efficient data-centric ML 
pipelines



Olga Ovcharenko

Will ML Engineering Agents Write All Pipelines Instead of Us?
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MLE-Bench: Evaluating Machine 
Learning Agents on Machine 

Learning Engineering, ICLR’25

AIDE: AI-Driven Exploration in 
the Space of Code

CatDB: Data-catalog-guided, LLM-
based Generation of Data-centric ML 

Pipelines, VLDB’24

Data LeakageIntransparent Experiments

Performance Drop for Tasks Published after LLM Training Cutoff Date
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What Would Be Nice To Have?

• An easy and robust way to control which parts of the pipeline


• To write by hand  

• To generate & optimize via an LLM 

• A runtime system that synthesizes & optimizes the code mimicking manual optimization by a 
data scientist


• Users can declaratively specify the operations to delegate to LLMs


• LLM generates implementations tailored to the users pipeline
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Declarative Programming with Semantic Operators

• Core idea: Users embed semantic operators with NL instructions into their code to define 
what to compute, the underlying system decides how to compute it


• LLMs in SQL operators


• Modular AI software automating the optimization of prompt construction

7DSPy: Compiling Declarative Language Model Calls into State-of-the-Art Pipelines, ICLR’24

SemBench: A Benchmark for Semantic Query 
Processing Engines, VLDB’26

Semantic Operators and Their Optimization: Enabling LLM-Based Data 
Processing with Accuracy Guarantees in LOTUS, VLDB’24
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• SemPipes introduces AI-assisted primitives for writing (tabular) ML pipelines


• A novel declarative programming model that integrates LLM-powered optimizable 
semantic data operators 


• A new execution model: Training-time code synthesis, inference-time execution


• Leverages skrub DataOps pipelines, a lightweight abstraction for multi-table ML pipelines

SemPipes
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• SemPipes synthesizes custom operator implementations based on data characteristics, 
user instructions in natural language, and pipeline context

SemPipes
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SemPipes
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• Training 
• Synthesize operator code based on input data characteristics, pipeline context & prompt

• Validate by executing code on a sample & check operator-specific output constraints


• Inference 

• Reuse synthesized code
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• Refines the LLM-synthesized implementations and iteratively improves generated code and 
predictive performance


• LLM suggests a better implementation based on history, predictive score on validation data, 
and previous “good" implementations 
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SemPipes Optimizer

• Monte Carlo tree search to improve the each operator


• Select which operator to optimize in each round using 
multi-armed bandits approach


• Evaluate improvements & predictive performance on 
the validation set
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• Data cleaning & augmentation operators

SemPipes Operators
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Introduced semantic operators

• Logical: Fill missing values 

• Physical: Select one of 5 imputation 

models suggested by LLM

• Logical: Refine column’s unique values 
using parametric knowledge 


• Physical: Create correspondence 
dictionaries

• Logical: Data augmentation (rows)

• Physical: Augment data using Synthetic 

Data Vault (SDV) Python library
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• Feature extraction operators
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Introduced semantic operators

• Logical: Generate features from  
existing columns


• Physical: Combine/remove  
existing columns

• Logical: Aggregate 
columns and calculate new 
aggregated columns


• Physical: Left join with 
custom aggregations

• Logical: Extract features from text/images/
audio


• Physical: Pre-trained models, regexes

SemPipes Operators
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• Selected results of SemPipes operators


• Semantic operators improve and simplify ML pipelines written by humans and agents

SemPipes
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SEMPIPES – Optimizable Semantic Data Operators for Tabular Machine Learning Pipelines

Table 2: Results from using semantic data operators with natural language instructions in expert-written and
agent-generated pipelines across a broad range of data-centric tasks. In 18 out of 19 cases, semantic operators
improve the performance over the original code. All improvements stem solely from data operations, as model choices and
hyperparameters from the original code remain unchanged in our experiments.

Data-Centric Task Metric Pipeline Origin Original w/ SemOps & w/ Optimized
Expert Agent Pipeline Instructions SemOps

Extraction of clinically F1 Score → micromodels ↭ 0.665 ± 0.01 0.692 ± 0.02 0.729 ± 0.00
informed features swe-micromodels ↭ 0.690 ± 0.00 0.692 ± 0.02 0.729 ± 0.00

Blocking for

Recall →
rutgers ↭ 0.238 ± 0.00 0.240 ± 0.02 0.255 ± 0.01

entity resolution sustech ↭ 0.322 ± 0.00 0.320 ± 0.00 0.321 ± 0.00
aide-sigmod ↭ 0.043 ± 0.00 0.163 ± 0.03 0.165 ± 0.03
baseline-sigmod ↭ 0.099 ± 0.00 0.141 ± 0.02 0.173 ± 0.05

Feature engineering
RMSLE ↑

kaggle-movie-a ↭ 2.222 ± 0.14 2.222 ± 0.14 2.203 ± 0.12
(movie revenue) kaggle-movie-b ↭ 2.170 ± 0.07 2.129 ± 0.15 2.122 ± 0.14

aide-movie ↭ 2.355 ± 0.14 2.319 ± 0.15 2.269 ± 0.20

Feature engineering

RMSLE ↑
kaggle-house-a ↭ 0.158 ± 0.03 0.149 ± 0.00 0.157 ± 0.03

(house prices) kaggle-house-b ↭ 0.159 ± 0.03 0.153 ± 0.03 0.150 ± 0.03
aide-house ↭ 0.165 ± 0.04 0.163 ± 0.05 0.163 ± 0.04
swe-house ↭ 0.177 ± 0.04 0.168 ± 0.04 0.164 ± 0.03

Feature engineering
RMSE ↑

kaggle-scrabble ↭ 176.1 ± 24.7 149.2 ± 24.8 144.4 ± 18.3
(scrabble rating) aide-scrabble ↭ 255.0 ± 24.9 195.2 ± 21.9 186.7 ± 21.1

swe-scrabble ↭ 228.5 ± 12.9 210.1 ± 43.0 187.8 ± 21.4

Data annotation Accuracy → hibug ↭ 0.598 ± 0.05 0.758 ± 0.15 0.766 ± 0.16

Data augmentation AUROC → sivep ↭ 0.653 ± 0.03 0.682 ± 0.00 0.710 ± 0.04
for fairness swe-fair ↭ 0.650 ± 0.04 0.682 ± 0.02 0.710 ± 0.04

tilingual dataset, where the original approach achieves a
low recall. Using SEMPIPES, we replace hundreds of lines
of hand-written feature extraction and blocking code with
calls to sem_extract_features and sem_gen_features,
which enrich the feature set. Our optimizations would
improve rutgers from fifth to third place on the public
leaderboard. Third, in the data annotation for model de-
bugging task, optimizing the expert-written hibug pipeline
with SEMPIPES results in an uplift of more than 16% for
the annotation accuracy. We attribute this improvement to
the optimizer’s choice of a well-working pretrained model.
We additionally find that semantic data operators simplify
expert-written pipelines, see Section A.6.4.

In summary, SEMPIPES enables the optimization of data op-
erations in ML pipelines, which are typically fixed in prior
work that only focuses on models and hyperparameters. Our
results on challenging tasks with strong expert baselines
show that optimizing data operations constitutes an addi-
tional route for improving performance in tabular ML. All
gains stem solely from data operations, as model choices
and hyperparameters remain unchanged in our experiments.
LLM-based experiments can be affected by training-time
contamination, e.g., exposure to task solutions during pre-
training. We believe this is unlikely to impact our results:
the agent-generated pipelines perform poorly/fail on our
tasks; several tasks do not derive from existing competi-
tions; and the semantic operators already encode domain
knowledge explicitly via their natural language instructions.

5.2. Semantic Data Operators Perform On-Par or
Better than Specialized Approaches

We validate that SEMPIPES operators match or exceed the
performance of specialized approaches through comparison
to strong baselines. See Section A.7 for further details.

Experimental Setup. For feature generation with
sem_gen_features, we compare against the automated fea-
ture engineering method CAAFE (Hollmann et al., 2023b).
We evaluate on three datasets using the experimental setup
and precomputed feature engineering code provided by
the CAAFE authors. We use a random forest and a non-
tuned TabPFN 2.0 (Hollmann et al., 2023a) as downstream
models, and report mean AUROC on the test splits. For
SEMPIPES, we optimize the semantic pipelines on hold out
data. For missing-value imputation with sem_fillna, we
compare against the prompting scheme of (Narayan et al.,
2022) on two benchmark tasks from the paper, and mea-
sure the accuracy of the imputed values. For zero-shot
feature extraction with sem_extract_features, we com-
pare SEMPIPES’ synthesized code against direct per-item
LLM processing in SEMPIPES and semantic query process-
ing systems Palimpzest (Liu et al., 2025) and LOTUS (Patel
et al., 2025). We evaluate on text (financial clause classifi-
cation (Alrashidan, 2022)), images (pneumonia detection
in X-Rays (Kermany et al., 2018)) and audios (environmen-
tal sound extraction (Piczak, 2015)), processing 1,000 and
10,000 samples per modality.
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improve rutgers from fifth to third place on the public
leaderboard. Third, in the data annotation for model de-
bugging task, optimizing the expert-written hibug pipeline
with SEMPIPES results in an uplift of more than 16% for
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the optimizer’s choice of a well-working pretrained model.
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erations in ML pipelines, which are typically fixed in prior
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LLM-based experiments can be affected by training-time
contamination, e.g., exposure to task solutions during pre-
training. We believe this is unlikely to impact our results:
the agent-generated pipelines perform poorly/fail on our
tasks; several tasks do not derive from existing competi-
tions; and the semantic operators already encode domain
knowledge explicitly via their natural language instructions.

5.2. Semantic Data Operators Perform On-Par or
Better than Specialized Approaches

We validate that SEMPIPES operators match or exceed the
performance of specialized approaches through comparison
to strong baselines. See Section A.7 for further details.

Experimental Setup. For feature generation with
sem_gen_features, we compare against the automated fea-
ture engineering method CAAFE (Hollmann et al., 2023b).
We evaluate on three datasets using the experimental setup
and precomputed feature engineering code provided by
the CAAFE authors. We use a random forest and a non-
tuned TabPFN 2.0 (Hollmann et al., 2023a) as downstream
models, and report mean AUROC on the test splits. For
SEMPIPES, we optimize the semantic pipelines on hold out
data. For missing-value imputation with sem_fillna, we
compare against the prompting scheme of (Narayan et al.,
2022) on two benchmark tasks from the paper, and mea-
sure the accuracy of the imputed values. For zero-shot
feature extraction with sem_extract_features, we com-
pare SEMPIPES’ synthesized code against direct per-item
LLM processing in SEMPIPES and semantic query process-
ing systems Palimpzest (Liu et al., 2025) and LOTUS (Patel
et al., 2025). We evaluate on text (financial clause classifi-
cation (Alrashidan, 2022)), images (pneumonia detection
in X-Rays (Kermany et al., 2018)) and audios (environmen-
tal sound extraction (Piczak, 2015)), processing 1,000 and
10,000 samples per modality.
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• sem_gen_features for the feature generation from existing data/columns


• SemPipes is on par with LLM feature engineering methods like CAAFE (NeurIPS’24)

• Larger context such as data characteristics and pipeline & task summary

SemPipes Operator Evaluation

15

AUROC scores without feature engineering (No 
FE), and for automated feature engineering on 
three datasets with Random Forest (RF) and 
TabPFN. SemPipes uses sem_gen_features
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• sem_extract_features for zero-shot feature extraction from multi-modal data


• SemPipes outperforms direct LLM data processing for specialized data

• Text - financial clause classification (DeBERTa)

• Image - pneumonia detection in X-Rays (BiomedCLIP)

• Audio - environmental sound extraction (CLAP)
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Zero-shot feature extraction via direct data processing and code 
generation

SemPipes Operator Evaluation
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• SemPipes contextualization allows to achieve competitive performance with smaller models 

Smaller vs Larger Models
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Optimization effectiveness of LLMs for code synthesis in semantic data 
operators. Search policies include Monte Carlo tree search (MCTS), 
truncation selection (TS), greedy tree search (GTS) or random search (RS)
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SemPiper “plays” SemPipes
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Conclusions

• Delegate data-heavy, time-consuming tasks to LLMs via code generation 


• Utilize existing resources such as pre-trained HuggingFace models


• Limitations 

• Security risks if SemPipes is run in a not security-hardened sandbox


• Limited support of videos, time series, and documents


• Future work 

• SemAgent: Generate end-to-end pipelines using SemPipes operators


• Localize tasks within a pipeline and evolve each task separately

19

SemPipes research 
prototype
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Thanks

20

SemPipes Contact
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• Eases preprocessing & feature engineering for tabular ML and bridges between dataframe 
libraries (pandas, polars) and ML libraries (sklearn, scipy)


• Allows constructions of pipelines that can be fully tuned, inspected, or applied to new data


• DataOps 

• Special objects that encapsulate operations on data (applying operators, calling methods)

• Replayable on new data and fitting/predicting with a pipeline w/o any code rewrites

• Combinable into a DataOps plan, a directed acyclic graph (DAG) of operations

Skrub & DataOps

21
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• Credit fraud dataset with products and baskets tables


• Task: Predict if a basket is fraudulent (binary classification, highly unbalanced classes)

22

A Very Simple Example Pipeline
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• Left join to aggregate features with SemPipes sem_agg_features
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A Very Simple Example Pipeline, SemPipes Generated Code
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SEMPIPES – Optimizable Semantic Data Operators for Tabular Machine Learning Pipelines

Corresponding synthesized operator code.
1 import pandas as pd
2 import numpy as np
3
4 def _sem_agg_join(left_join_column , left_df , right_join_column , right_df):
5
6 # Aggregate required features at the basket_ID level
7 agg_df = right_df.groupby(right_join_column).agg(
8 total_basket_cash_price =('cash_price ', 'sum'),
9 total_basket_product_units =('Nbr_of_prod_purchas ', 'sum'),

10 # This feature counts the number of distinct 'item' categories purchased within each basket.
11 num_unique_items_in_basket =('item', 'nunique '),
12 # This feature captures the maximum cash price of any single product entry within a given basket.
13 max_item_cash_price_in_basket =('cash_price ', 'max'),
14 # This feature counts how many items within a basket are categorized as service or fulfilment.
15 num_service_fulfilment_items_in_basket =('is_service_or_fulfilment ', 'sum'),
16 # This feature calculates the standard deviation of `cash_price ` for all items within a specific basket.
17 basket_cash_price_std =('cash_price ', 'std'),
18 # Description: This feature counts the number of distinct 'make' (manufacturer/brand) types present within each basket.
19 num_unique_makes_in_basket =('make', 'nunique '),
20 # This feature calculates the minimum cash price of any product line within a given basket.
21 min_item_cash_price_in_basket =('cash_price ', 'min'),
22 # This feature calculates the average cash price across all *line items* within a basket , providing a central tendency of

item values.
23 mean_item_cash_price_in_basket =('cash_price ', 'mean')
24 ).reset_index ()
25
26 # Description: This feature calculates the average cash value contributed by each individual product unit within a basket.
27 agg_df['basket_item_value_per_product_unit '] = agg_df['total_basket_cash_price '] / agg_df['total_basket_product_units ']
28 agg_df.loc[agg_df['total_basket_product_units '] == 0, 'basket_item_value_per_product_unit '] = 0
29
30 # Description: This feature calculates the ratio of the maximum single item's cash price to the total cash price of the entire

basket.
31 agg_df['basket_price_concentration_max '] = agg_df['max_item_cash_price_in_basket '] / agg_df['total_basket_cash_price ']
32 agg_df.loc[agg_df['total_basket_cash_price '] == 0, 'basket_price_concentration_max '] = 0
33
34 # Fill NaNs for basket_cash_price_std (occurs when a basket has only one item) with 0.
35 # A single item basket has no variation in price , so its standard deviation is 0.
36 agg_df['basket_cash_price_std '] = agg_df['basket_cash_price_std ']. fillna (0)
37
38 # Drop the intermediate sum columns used for calculations , as they are not the final desired features
39 agg_df = agg_df.drop(columns =['total_basket_cash_price ', 'total_basket_product_units '])
40
41 # Rename the right_join_column in agg_df to match left_join_column in left_df for merging
42 agg_df = agg_df.rename(columns ={ right_join_column: left_join_column })
43
44 # Left join the aggregated features back to the main dataframe
45 left_df = left_df.merge(agg_df , on=left_join_column , how='left')
46
47 return left_df

Feature Extraction with sem_extract_features. The sem_extract_features(D, Cout, s) operation extracts the feature
columns Cout from dataframe D following the corresponding natural language instructions s. To synthesize code for
this operator, SEMPIPES first determines the modalities (text, image, audio) of all input columns of D and provides a
code skeleton sem_extract_features(df: DataFrame, features_to_extract: list[dict[str, object]]) ->
DataFrame with a typed signature. Next, the LLM is prompted to generate custom extraction code per output column c
(with user-provided instruction s) for all feature columns (c, s) → (Cout, Sout). The prompt asks the LLM to synthesize
extraction code using appropriate pretrained models from HuggingFace’s transformers library in zero-shot mode, to choose
the available GPU with least load, to use batching to make efficient use of the GPU and display a progress bar for users.
SEMPIPES validates candidate code on a sample of 50 input tuples and checks if the requested feature columns are added.
In case of any runtime or validation errors, a retry mechanism is applied to generate an improved version of the candidate
code, by feeding back the error messages to the LLM.

Example. We provide a concrete example of code synthesized by SEMPIPES for feature extraction in a tweet classification
pipeline, where SEMPIPES selects different models for sentiment detection, toxicity detection and named entity recognition.

Pipeline containing the semantic operator.
1 def pipeline () -> skrub.DataOp:
2 tweets = skrub.var("data")
3 labels = skrub.var("labels")
4
5 tweets = tweets.skb.mark_as_X ()
6 labels = labels.skb.mark_as_y ()
7
8 output_columns = {
9 "maybe_toxic": "Respond with '1' if a tweet is toxic and '0' if its text is not toxic.",

10 "sentiment_label": "Classify the overall sentiment of the tweet as 'positive ', 'negative ', or 'neutral.",
11 }

19
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Corresponding synthesized operator code.
1 import pandas as pd
2 import numpy as np
3
4 def _sem_agg_join(left_join_column , left_df , right_join_column , right_df):
5 agg_df = right_df.groupby(right_join_column).agg(
6 total_basket_cash_price =('cash_price ', 'sum'), total_basket_product_units =('Nbr_of_prod_purchas ', 'sum'),
7 num_unique_items_in_basket =('item', 'nunique '), max_item_cash_price_in_basket =('cash_price ', 'max'),
8 num_service_fulfilment_items_in_basket =('is_service_or_fulfilment ', 'sum'), basket_cash_price_std =('cash_price ', 'std'),
9 min_item_cash_price_in_basket =('cash_price ', 'min'), mean_item_cash_price_in_basket =('cash_price ', 'mean')

10 ).reset_index ()
11
12
13 agg_df['basket_item_value_per_product_unit '] = agg_df['total_basket_cash_price '] / agg_df['total_basket_product_units ']
14 agg_df.loc[agg_df['total_basket_product_units '] == 0, 'basket_item_value_per_product_unit '] = 0
15
16 agg_df['basket_price_concentration_max '] = agg_df['max_item_cash_price_in_basket '] / agg_df['total_basket_cash_price ']
17 agg_df.loc[agg_df['total_basket_cash_price '] == 0, 'basket_price_concentration_max '] = 0
18
19 agg_df['basket_cash_price_std '] = agg_df['basket_cash_price_std ']. fillna (0)
20
21 agg_df = agg_df.drop(columns =['total_basket_cash_price ', 'total_basket_product_units '])
22 agg_df = agg_df.rename(columns ={ right_join_column: left_join_column })
23
24 left_df = left_df.merge(agg_df , on=left_join_column , how='left')
25
26 return left_df

Feature Extraction with sem_extract_features. The sem_extract_features(D, Cout, s) operation extracts the feature
columns Cout from dataframe D following the corresponding natural language instructions s. To synthesize code for
this operator, SEMPIPES first determines the modalities (text, image, audio) of all input columns of D and provides a
code skeleton sem_extract_features(df: DataFrame, features_to_extract: list[dict[str, object]]) ->
DataFrame with a typed signature. Next, the LLM is prompted to generate custom extraction code per output column c
(with user-provided instruction s) for all feature columns (c, s) → (Cout, Sout). The prompt asks the LLM to synthesize
extraction code using appropriate pretrained models from HuggingFace’s transformers library in zero-shot mode, to choose
the available GPU with least load, to use batching to make efficient use of the GPU and display a progress bar for users.
SEMPIPES validates candidate code on a sample of 50 input tuples and checks if the requested feature columns are added.
In case of any runtime or validation errors, a retry mechanism is applied to generate an improved version of the candidate
code, by feeding back the error messages to the LLM.

Example. We provide a concrete example of code synthesized by SEMPIPES for feature extraction in a tweet classification
pipeline, where SEMPIPES selects different models for sentiment detection, toxicity detection and named entity recognition.

Pipeline containing the semantic operator.
1 def pipeline () -> skrub.DataOp:
2 tweets = skrub.var("data")
3 labels = skrub.var("labels")
4
5 tweets = tweets.skb.mark_as_X ()
6 labels = labels.skb.mark_as_y ()
7
8 output_columns = {
9 "maybe_toxic": "Respond with '1' if a tweet is toxic and '0' if its text is not toxic.",

10 "sentiment_label": "Classify the overall sentiment of the tweet as 'positive ', 'negative ', or 'neutral.",
11 }
12
13 labeled_tweets = tweets.sem_extract_features(
14 nl_prompt="Extract features from textual tweets that could help predict toxicity.",
15 input_columns =["text"],
16 name="tweet_features",
17 output_columns=output_columns ,
18 generate_via_code=True ,
19 print_code_to_console=True ,
20 )
21
22 encoded_tweets = labeled_tweets.skb.apply(TableVectorizer ())
23 return encoded_tweets.skb.apply(RandomForestClassifier(random_state =0), y=labels)

Corresponding synthesized operator code.
1 import torch
2 import pandas as pd
3 from tqdm.auto import tqdm
4 from transformers import (
5 AutoTokenizer ,
6 AutoModelForSequenceClassification ,
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