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Status quo: Scale vs. Understanding
˗ The promise of the Bitter Lesson (Sutton, 2019) & Reward is enough (Silver et al., 2021): 

○ scaling yields increasingly capable models
○ costly training
○ limits of available data and its quality

˗ Scaling ≠ Understanding 
○ No first-principles theory: We cannot design algorithm-centric behavior from 

fundamentals. 

○ Unknown how gen AI implements problem solving, i.e., how emergent algorithms 
are realized 

 Transparency, alignment, controllability, and efficiency suffer!
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Impressive capabilities, opaque mechanisms



Going up – and down – the abstraction levels

features + attribution

clusters, concepts

primitives

  composition, grammar

 algorithm + control

….

….

 ….

    ….  

    ….
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  Attribution:  What features?I.

XAI develops methods for input attribution

4



  Attribution:  What features?

Counterfactuals:  What would have to change?

I.

II. Concepts & Interactions:  What groups emerge?
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Input is not enough, extending to interactions and concepts

interactions
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Concepts & Interactions:  What groups emerge?

  Attribution:  What features?

Counterfactuals:  What would have to change?

Circuits:  How do computations compose? 

Interventions:  How to steer behavior?

I.

II.

III.

Mechanistic interpretability to understand internal computations
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Concepts & Interactions:  What groups emerge?

  Attribution:  What features?

Counterfactuals:  What would have to change?

Circuits:  How do computations compose? 

Interventions:  How to steer behavior?

Self-explanations:  How does the model explain itself?

I.

II.

III.

As models learned to talk, they started explaining themselves
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I. Algorithmic Evaluation and Understanding
Eberle et al., Position: We Need An Algorithmic Understanding of Generative AI. ICML Spotlight 2025
Lippl et al., AlgoTrace: Algorithmic Primitives and Compositional Geometry of Reasoning in Language Models. ICML 2026
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Case Study: Graph-Based Multi-Step Reasoning, Goal-Directed Navigation

Momennejad et al., Evaluating Cognitive Maps and Planning in Large Language Models with CogEval, NeurIPS 2023

Motivation:   Models perform poorly on graph navigation and multi-step planning tasks. 

Note:  These tasks can be solved easily with existing algorithms; 
we would not need LLMs for it.

We are interested in them as it lets us study how these models 
learn to reason and try to solve structured problems; many 
interesting problems can be represented as inference from graphs.

Also we generate ground truth solution strategies for evaluation!

https://neurips.cc/virtual/2023/poster/71431
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Case Study: Graph-Based Multi-Step Reasoning, Goal-Directed Navigation

Path Hallucination Detours
Loops and 

Hallucinations

Momennejad et al., Evaluating Cognitive Maps and Planning in Large Language Models with CogEval, NeurIPS 2023

https://neurips.cc/virtual/2023/poster/71431


Building algorithmic solutions: primitives, grammar, algorithms

Representations 

Model Structure

Predictions (Behavior)

Failures
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Building algorithmic solutions: primitives, grammar, algorithms

Basic operations necessary to implement an algorithm (vocabulary)

Compositions of primitives  (grammar)

Finite set of rules for transforming inputs to outputs

Representations 

Model Structure

Predictions (Behavior)

Failures
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Case Study: Graph-Based Multi-Step Reasoning, Goal-Directed Navigation

Setup:

- Llama-3.1-8/70B-Instruct

- Tree Graph (n=7)

- Task: Determine if there is a valid 
path from the lobby (L) to the goal 
node (here: W).

        Eberle et al., Position: We Need An Algorithmic Understanding of Generative AI. ICML 2025

https://openreview.net/forum?id=eax2ixyeQL


Evaluate Candidate Algorithms and Identify Implemented Algorithm
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        Eberle et al., Position: We Need An Algorithmic Understanding of Generative AI. ICML 2025

https://openreview.net/forum?id=eax2ixyeQL


Algorithm Discovery: Representational Analysis Reveals Policy-Dependent Search 
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Identified Algorithm

1. Incremental & 
competition-driven separation 
across layers

2. Leads to attention on goal 
token in later layers

   Policy-dependent search

  instead of a classic algorithm
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Algorithm Discovery: Representational Analysis Reveals Policy-Dependent Search 

        Eberle et al., Position: We Need An Algorithmic Understanding of Generative AI. ICML 2025

https://openreview.net/forum?id=eax2ixyeQL
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Decomposing LLM Reasoning in Algorithmic Primitives

Traveling Salesperson
Problem (TSP)

chain-of-thought

    Lippl et al., AlgoTrace: Algorithmic Primitives and Compositional Geometry of Reasoning in LMs. ICML 2026

https://openreview.net/forum?id=ppirVueEj6
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CoT reveals distinct representational grouping 
Cluster 0: Path initiation statements and recall statements.

Cluster 4: Distance statements

Cluster 3: Path representations.

Traveling Salesperson
Problem (TSP)
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TSP: Identifying algorithmic reasoning strategies 

MC_00: Reasoning scaffold MC_06: Computing totals

Code at https://github.com/sflippl/algotrace

https://github.com/sflippl/algotrace


   1         ,          7         ,          10         ,          13         ,          12       
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Algorithmic Primitive
Clustering

<thought> <thought> <thought>

Top-down from behavior and  reasoning traces

Bottom-up from representations

compute_distance()

…
get_subsequent_node()

generate_candidate_path()

reorder_path()

Algorithmic compositions

Evaluation and Grounding 
Hypothesis-Driven                                 Human Aligned 

Analyzing reasoning at scale

Algorithmic understanding via top-down and bottom up interpretability



AlgoTrace: Algorithmic Understanding of Generative Processes

compute_distance()

…

generate_new_path()

get_subseq_node()

a.    Representational clusters map to     b.   Compositions and Transitions
                   algorithmic primitives

Eberle et al., Position: We Need An Algorithmic Understanding of Generative AI. ICML Spotlight 2025
Lippl et al., AlgoTrace: Algorithmic Primitives and Compositional Geometry of Reasoning in Language Models. ICML 2026

https://openreview.net/forum?id=eax2ixyeQL
https://openreview.net/forum?id=ppirVueEj6


Latent Clusters Reveal Algorithmic Primitives

compute_distance()

…

generate_new_path()

get_subseq_node()

a.    Representational clusters map to     b.   Compositions and Transitions
                   algorithmic primitives

Eberle et al., Position: We Need An Algorithmic Understanding of Generative AI. ICML Spotlight 2025
Lippl et al., AlgoTrace: Algorithmic Primitives and Compositional Geometry of Reasoning in Language Models. ICML 2026

https://openreview.net/forum?id=eax2ixyeQL
https://openreview.net/forum?id=ppirVueEj6


From Primitive Discovery to Causal Algorithmic Interventions
a.    Representational clusters map to     b.   Compositions and Transitions
                   algorithmic primitives

c.    Control and intervene on process steps, then measure primitive expression in model output

compute_distance()

…

generate_new_path()

get_subseq_node()

Eberle et al., Position: We Need An Algorithmic Understanding of Generative AI. ICML Spotlight 2025
Lippl et al., AlgoTrace: Algorithmic Primitives and Compositional Geometry of Reasoning in Language Models. ICML 2026

https://openreview.net/forum?id=eax2ixyeQL
https://openreview.net/forum?id=ppirVueEj6


II.   Distributed and Sparse Interventions
Ernst et al., Distributed Sparse Interventions in Language Models. (under review, 2026)

https://scholar.google.com/citations?view_op=view_citation&hl=de&user=vZB4qw0AAAAJ&sortby=pubdate&citation_for_view=vZB4qw0AAAAJ:dhFuZR0502QC


Applying interventions leads to interaction effects

These interactions are typically not captured by classic intervention methods like 
function vectors as they rely on first-order approximations and linear patching.

input x
layer l
activation a
output y
effect
intervention  
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Ernst et al., Distributed Sparse Interventions in Language Models. (Arxiv, 2026)

https://arxiv.org/abs/2607.07128


Distributed Sparse Interventions (DSI) mitigates this issue
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Ernst et al., Distributed Sparse Interventions in Language Models. (Arxiv, 2026)

DSI enables sparse steering 
(i) at the level of individual neurons instead of vector representations, 
(ii) does not require selecting a specific layer as it localizes neurons in a distributed manner, 
(iii) that can capture interaction effects across the entire model.

https://arxiv.org/abs/2607.07128


Improved steering performance of function vectors, at much lower intervention footprint.

27

Ernst et al., Distributed Sparse Interventions in Language Models. (Arxiv, 2026)

DSI improves over existing steering baselines, while intervening less

https://arxiv.org/abs/2607.07128


DSI leads to interpretable neuron-level signatures of steering

Code at https://github.com/Explainable-AI-Berlin/DSI 

https://github.com/Explainable-AI-Berlin/DSI


Conclusion

A. What to explain? 
- Decompositions into building blocks; guided by top-down/bottom-up label extraction

B. Bridging representations and structure? 
- Functional analysis of nodes, messages, and their compositions, methodological challenge!

 
C. Evaluate and ground explanations?

- Hypothesis-driven evaluation, match with known solutions or human processes, otherwise discovery!

Representations 

Model Structure

Predictions (Behavior)

Failures

From Scaling to Understanding

- Move from brute-force scaling  →  principled, algorithm-centric research

- Building a library of validated algorithmic primitives and mechanisms
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History at scale: corpus-wide analysis and XAI predictions
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 Eberle et al. Historical insights at scale. Science Advances 2024.

Eberle et al. (2020). Building and interpreting deep similarity models. IEEE TPAMI, 44(3), 1149-1161.

https://www.science.org/doi/10.1126/sciadv.adj1719
https://www.computer.org/csdl/journal/tp/2022/03/09183996/1mLHU8X7tU4

