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Understanding these dependencies enables 
more responsible model and data use

We will show later what will happen if we do not care about 

dependencies - license obligations, data contamination, etc.
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Since people are using models in more and more creative 
ways (e.g. use olmOCR to process PDFs), we ask for free-
form text description for a dependency to preserve info.

https://modsleuth.cal-data-audit.org
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Our task: Recursively reconstructs LLM 
dependency graphs from public artifacts 

with source-grounded evidence

Part 0: Preliminaries

409 upstream artifacts behind Olmo 3 Inst. 

8 hops deepest dependency chain

Disclosure: 
ModSleuth identifies declared dependencies 
rather than true dependencies, meaning that 
the dependencies we detect likely represent 
only a lower bound on the actual dependencies.

ModSleuth: Reconstructing dependency graphs
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LLM Agents are getting better at information extraction…

Information extraction (from a specific document to facts) is no 
longer the primary challenge

Key obstacles:
(1) What constitutes a dependency

(2) Resolving artifact references across inconsistent names, 
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2. Can we automatically and reliably recover the dependency graph 
from public artifacts? 

3. What do the recovered graphs reveal?

Much more than a list of names! Every dependency enters through some operations 
(generating, filtering), many hops upstream, documented in scattered and ambiguous sources.

Yes! ModSleuth, an agentic system we developed, recursively expands the graph and grounds 
every edge in source evidence—recovering 3x more verified dependencies than baselines.

Plenty that no single page shows: hidden upstream models, license terms riding along multiple 
hops, benchmarks on both sides of training and eval, etc.
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Since people are using models in more and more creative 
ways (e.g. use olmOCR to process PDFs), we ask for free-
form text description for a dependency to preserve info.
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ways (e.g. use olmOCR to process PDFs), we ask for free-
form text description for a dependency to preserve info.
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Our solution: 
1. We describe dependencies using free-form 

text rather than a fixed taxonomy 
2. We define (1) direct (2) indirect dependencies

(1) Direct: upstream artifact that affects the target model’s training or weights 
(2) Indirect: upstream artifact that does not directly enter training, but nevertheless 
substantially influences development decisions
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A is produced 
by SFT on 
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dataset for 2 
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OLMo-Core.

A   
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Gathering Discovery Construction

Dependency Graph

Part 2: Method

A is produced 
by SFT on 
model B on C 
dataset for 2 
epochs using 
OLMo-Core.

After having the original graph from our system, we use Claude Sonnet to audit every edge and only 

keep and release the verified edges. (We also experimented the agreement w/ other verifiers.)
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Recovered Dependency
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Verified Unclear Refuted

Embedding models

Judges

Rewriters

Filters
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How many correct dependencies 
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with cited evidence

with web search

ModSleuth traces up to 8 hops Key Metric: 
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3x 
Strongest 
Baseline

Depth-1 ⊂ Unbounded ⊂ BFS-Reachability
Depth-1 Unbounded* BFS-Reachability

Target’s own 
dependencies

All dependencies recovered 
during target’s investigation. 

Primary baseline comparison

Full reachable graph 

Includes upstream findings
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1. What counts as a dependency, and why is tracing them hard? 

2. Can we automatically and reliably recover the dependency graph 
from public artifacts? 

3. What do the recovered graphs reveal?

Much more than a list of names! Every dependency enters through some operations 
(generating, filtering), many hops upstream, documented in scattered and ambiguous sources.

Yes! ModSleuth, an agentic system we developed, recursively expands the graph and grounds 
every edge in source evidence—recovering 3x more verified dependencies than baselines.

Plenty that no single page shows: hidden upstream models, license terms riding along multiple 
hops, benchmarks on both sides of training and eval, etc.
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An edge is internal if its upstream artifact shares the target’s organization 
(e.g. Ai2 artifacts for Olmo 3 and DR Tulu), and external otherwise. 

75-82% of dependencies come outside the target organization
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Hidden Upstream Models

Good Practices

License-relevant  
Paths

Model-mediated 
Selection

Train-Eval Coupling
Code-level  

Provenance



Hidden Upstream Models
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Dependencies can be 
hidden behind intermediate 
datasets, filters, classifiers, 

teachers, and tools.

Claude Sonnet 3.7

DR Tulu

ScholarQA Traces

Default 
Generator

GPT 4.1 Process  
+ SFT

ScholarQA Repo

DR Tulu Paper

Not mentioned



License-Relevant Paths
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Synthetic data and annotation 
pipelines can carry license or 

terms-of-use implications from 
upstream models.

Llama 3 Instruct

SmolLM 3

FineMath

Annotation 
Generation

Training 
Data

Llama Community License

ODC-By v1

Apache 2.0

Possible License Implications

(Trains Quality 
Classifier)

Part 3: Findings



Code-level Provenance
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Training scripts, YAMLs, and 
data-prep code show 

dependencies hidden by paper/
dataset card summaries. Qwen2.5-72B-Instruct

CNN DailyMail

SmolTalk

Processed 
with

Included 
in

SmolTalk 

SmolTalk-style SFT 
data 

Only visible in code

SmolLM Repo



Train-Eval Coupling
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Benchmarks can enter the 
training pipeline as prompts, 

data, validation environments, or 
synthetic expansion, then 

reappear at evaluation time

Olmo 3

Evaluate 
On

IFEval

IF-RLVR

Training 
Data

Constraints 
Sampled



Model-mediated Selection
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Generators, judges, filters, 
and reward models decide 

which examples are 
created, kept, or rewarded.

Dolci Think DPO

DPO 
Training

Olmo 3

Qwen 3 32B

Used as Judge in 
Open-ended Task 

in RL

Generate Chosen 
Resp.
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The graph surfaces good 
practices, not just risks

Decontamination

Filtering

Permissive teacher swaps

Olmo 3

DeepSeek + Qwen 
Samples

Llama-Nemotron Post-Training

Post-
Training 

Data

Filter Samples

Llama-touched  
Samples

RetainRemove

Deliberate 
filtering step
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1. What counts as a dependency, and why is tracing them hard? 

2. Can we automatically and reliably recover the dependency graph 
from public artifacts? 

3. What do the recovered graphs reveal?

Much more than a list of names! Every dependency enters through some operations 
(generating, filtering), many hops upstream, documented in scattered and ambiguous sources.

Yes! ModSleuth, an agentic system we developed, recursively expands the graph and grounds 
every edge in source evidence—recovering 3x more verified dependencies than baselines.

Plenty that no single page shows: hidden upstream models, license terms riding along multiple 
hops, benchmarks on both sides of training and eval, etc.
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Thanks for listening!
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Please leave your kind feedback 

at https://tinyurl.com/modsleuth-fdbk

       Paper  

https://arxiv.org/abs/2606.12385 

       GitHub 

https://github.com/cal-data-audit/modsleuth 

       Demo 

https://modsleuth.cal-data-audit.org


