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AI Revolution
We are witnessing a historic moment of technological advancement

2
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FIG. 1. Schematic view of the bump hunt. The signal (blue)
is localized in the signal region (SR). The background (red)
is estimated from a sideband region (SB).

optimal test statistic for a data-versus-background hy-
pothesis test [75].

Multiple strategies have been proposed for this task.
One approach is based on the Classification Without La-
bels (CWoLa) protocol [25, 26, 76] in which one trains a
classifier to distinguish the SR and SB data. One of the
biggest challenges with the CWoLa Hunting approach is
its high sensitivity to correlations between the features
x and m. Multiple variations of CWoLa Hunting have
been proposed to circumvent the correlation challenge,
such as Simulation Assisted Likelihood-free Anomaly De-
tection (Salad) [38] and Simulation-Assisted Decorrela-
tion for Resonant Anomaly Detection (SA-CWoLa) [52].

An alternative approach is to learn the two likeli-
hoods directly and then take the ratio. This is the core
idea behind Anomaly Detection with Density Estima-
tion (Anode) [39]. The SB is used to estimate pbg(x|m)
for the background (assuming little signal contamination
outside the SR). This likelihood is then interpolated into
the SR. Combined with an estimate of pdata(x|m) trained
in the SR, one can construct an estimate of the likelihood
ratio. The SB interpolation makes Anode robust to cor-
relations between x and m, although density estimation
is inherently more challenging than classification.

In this paper, we propose a new method which com-
bines the best of CWoLa Hunting and Anode. With
Classifying Anomalies THrough Outer Density Estima-
tion (Cathode), we train a density estimator to learn
the (usually smooth) background distribution in the SB
which we refer to as the “outer” region. Then we interpo-
late it into the SR, but rather than directly constructing
the likelihood ratio as in Anode (which would require
us to also separately learn pdata(x|m) in the SR), we in-
stead generate sample events from the trained, interpo-
lated background density estimator. These sample events

should follow pbg(x|m) in the SR. Finally, we train a clas-
sifier (as in CWoLa Hunting) to distinguish pdata(x|m)
from pbg(x|m) in the SR.

Using the R&D dataset [77] from the LHC Olympics
(LHCO) [59], we will show that Cathode achieves a level
of performance (as measured by the significance improve-
ment characteristic) that greatly surpasses both CWoLa
Hunting and Anode, across a wide range of signal cross
sections. Cathode easily outperforms Anode because it
does not have to directly learn pdata in the SR, and in par-
ticular does not have to learn the sharp increase in pdata
where the signal is localized in all of the features. Mean-
while, it outperforms CWoLa Hunting because of a com-
bination of two e↵ects: one is that in Cathode, we can
oversample the outer density estimator, leading to more
background events than CWoLa Hunting has access to
(CWoLa Hunting is limited to the actual data events in
the sideband region), and yielding a more powerful clas-
sifier. Secondly, the features are slightly correlated with
m in the LHCO R&D dataset, and this slightly degrades
the performance of CWoLa Hunting, while Cathode is
robust.

We also compare Cathode to a fully supervised classi-
fier (i.e. trained on labeled signal and background events)
and an “idealized anomaly detector” (trained on data
vs. perfectly simulated background). The latter places
an upper bound on the performance of any data-vs-
background anomaly detection technique, and we show
how Cathode essentially saturates its performance.
This means that for the first time, a fully-simulation-
independent anomaly detection method has been demon-
strated to achieve the theoretical upper bound in sensi-
tivity to new physics. The Cathode method is basically
the best that it could possibly be.

Finally, as in [39], we study the case where x and m
are correlated, by adding artificial linear correlations to
two of the features in x. Again we show that Cathode
(like Anode, and unlike CWoLa Hunting) is largely ro-
bust against such correlations, and continues to match
the performance of the idealized anomaly detector.

In this work, we will concern ourselves solely with sig-
nal sensitivity, and reserve the problem of background
estimation for future study. As long as the Cathode
classifier does not sculpt features into the invariant mass
spectrum, it should be straightforward to combine it with
a bump hunt in m.

This paper is organized as follows: Section II briefly in-
troduces the LHCO dataset and our treatment of it, and
Section III describes the steps of the Cathode approach
in detail. Results are given in Section IV and we con-
clude with Section V. In Appendix A, we provide details
of the other approaches (CWoLa Hunting, Anode, ide-
alized anomaly detector and fully supervised classifier)
considered in this paper. A further study of correlated
features is given in Appendix B.
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Agentic AI — a watershed moment
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Claude Code, Codex — early 2025


Giving agency to LLMs — from question answering to reading/writing/executing code



Agentic AI explained

• Agentic AI consists of 


• LLM backend (Claude, GPT, Gemini …) 


• a set of tools (bash, python, grep, text 
editor, …) 


• a harness/scaffold (traditional code 
infrastructure managing model 
responses and tool use)


• Examples include Claude Code, 
Codex, Antigravity, …
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• Particle physicists are exploring building custom harnesses for automating


• anomaly detection


• pheno tasks [ArgoLOOM, HEPTAPOD, MadAgents,  
CoLLM, FERMIACC, ColliderAgent/Magnus…]


• experimental data analysis
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How are people using agentic AI?
As research assistants (~graduate student) — “vibe physics”
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Approx 2 months of work  
     — compared to 6-12 months for a student



How are people using agentic AI?
As research assistants (~graduate student) — “vibe physics”
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see also Schwartz 2601.02484, Guevara et al 2602.12176, Zhang 2604.27050

Risky projects  
     — branching out into new subfields


Approx 2 months of work  
     — compared to 6-12 months for a student



Outline

• Learning to unscramble: general framework


• Application 1: Dilog identities


• Application 2: Tree-level YM scattering amplitudes


• Application 3: IBP reduction of Feynman loop integrals


• Lessons learned
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Learning to Unscramble: general framework

• Goal: ML methods for mathematical (symbolic) simplification


• Test beds: dilog sums, tree-level YM scattering amplitudes

9

Ecomplicated = X1 + X2 + X3 + X4 + …

Esimple = Y1

mathematical identities

(Dersy, Schwartz, Zhang 2206.04115; Cheung, Dersy, Schwartz 2408.04720)

https://arxiv.org/abs/2206.04115
https://arxiv.org/abs/2408.04720


Training data

• ML methods need training data


• Key insight: can think of complicated expressions as scrambles of simple 
ones by mathematical identities. 


• Process of simplification is then unscrambling.  

• Strong analogy with Rubik’s cubes! 

• Can cheaply create training data by applying random identities to simple 
expressions

10

Dersy, Schwartz, Zhang 2206.04115

Esimple Ecomplicated Esimple
easy hard

https://arxiv.org/abs/2206.04115


Prior approaches: RL
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Esimple Ecomplicated Esimple

random 
scrambles

RL agent 
(unsupervised MDP)

RL (PPO, TRPO) could not beat classical algorithm on even very simple 
simplification tasks (small dilog sums simplifying to zero).


Challenges: very sparse reward signal, non-monotonic reduction paths  


Successful RL is very compute intensive and requires a lot of fine tuning.

MDP: Markov Decision Process  
action classifier ,  

depends only on previous state
π(a |s)

Dersy, Schwartz, Zhang 2206.04115

https://arxiv.org/abs/2206.04115


Prior approaches: end-to-end regression
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Esimple Ecomplicated Esimple

random 
scrambles

seq2seq 
translation

End-to-end regression with a seq2seq transformer achieved decent 
performance (80-90%) for dilog sums and scattering amplitudes


Drawback: mathematical correctness not guaranteed, transformer 
can hallucinate simpler but incorrect expressions!

Cheung, Dersy, Schwartz 2408.04720

https://arxiv.org/abs/2408.04720
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Key insight: random scrambles can be reversed, 
step-by-step.     


—> A wealth of simplification training data!!! 

Our approach: “Learning to Unscramble”

Idea from ML for Rubik’s cube literature: 
Takano 2106.03157 
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Our approach: “Learning to Unscramble”

14

Esimple Ecomplicated Esimple
random 

scrambles
self-supervised  

MDP 

Instead of unsupervised MDP of RL, train a self-supervised MDP on 
reversed random scramble sequences 

Learns to predict the best action from unscrambling steps 

Addresses limitations of  both previous approaches: 
highly dense reward signal and no hallucinations! 

DS 2603.11164



Application 1: Dilog sums

• Toy version of Feynman loop integral simplification


• Class of expressions that Mathematica struggles to simplify

15

Li2(x) = − ∫
x

0
dz

log(1 − z)
z

[DS 2603.11164]

examples from Dersy, 
Schwartz, Zhang



Learning to unscramble dilogs: setup

• Action space: (3 actions) x (up to 15 terms)


• Permutation-equivariant action classifier: 45 
dimensional softmax (irrelevant actions masked)


• Training data: 100k samples scrambled from 
simple expressions -> 500k individual 
unscramble steps


• Test data: 5k expressions from DSZ 
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• Nearly 100% simplification rate! Much better than end-to-end transformer (DSZ)


• Only 6 failures out of 5k test set. (Only 2 if we demand some simplification)


• Excellent performance generalizes beyond training set!


• Finds shorter simplification paths than training data on average
17

Learning to unscramble dilogs
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Application 2: scattering amplitudes
[DS 2603.11164]
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• Example of 5pt YM tree amplitude  
computed with Feynman diagrams 
(from Cheung, Dersy, Schwartz)

Application 2: scattering amplitudes
[DS 2603.11164]
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• Example of 5pt YM tree amplitude  
computed with Feynman diagrams 
(from Cheung, Dersy, Schwartz)

• Known to simplify to Parke-Taylor  
amplitude 

Application 2: scattering amplitudes
[DS 2603.11164]
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• Example of 5pt YM tree amplitude  
computed with Feynman diagrams 
(from Cheung, Dersy, Schwartz)

• Known to simplify to Parke-Taylor  
amplitude 

• through repeated application 
of identities:

Application 2: scattering amplitudes
[DS 2603.11164]



Scattering amplitudes: setup
• Start from 1-3 terms (shared denominator, same mass dimension and little-

group scaling)


• Scramble with identities; also multiplication by unity  
and addition by zero


• Total action space: ~1.4k for 4 pts, ~4k for 5 pts and ~30k for 6 pts

19

500k scramble trajectories.  
 —> ~1M single steps  

(per n-pt).

Training data

10k test expressions from 
CDS enabling head-to-head 

comparison.

Test data

100 actual 5pt YM 
amplitudes  

(all simplifying down  
to PT form)

Additional test data



Scattering amplitudes: results

• We achieve nearly perfect simplification rate across all target and source complexities 


• Again, big improvement vs the end-to-end transformer of CDS
20

Target relative: simplifies completely to target 
Source relative: simplifies source any amount



• We also achieved 100% simplification of actual 5pt YM amplitudes (up to 
~200 initial terms), another big improvement over CDS!

21

Scattering amplitudes: results



Application 3: IBP reduction

• At the precision frontier, calculation of SM processes with Feynman diagrams can 
generate hundreds of loop integrals. These need to be reduced before numerically 
evaluating. 


• Integration-by-parts identities are linear relations among loop integrals, 
parametrized by seed  and operation (choice of loop momentum  and 
additional momentum ):  

• Can use IBP identities to reduce any loop integral to a basis of master integrals

a ki
vμ

22

[DS 2604.05034]



Laporta algorithm

• Basis for general purpose IBP reduction programs like Kira  

• Make a giant linear system of IBPs


• Use Gaussian elimination to target highest weight IBP


• Continue until fully reduced to master integrals


• Guaranteed to work: number of IBP identities grows faster than the number of 
seeds


• But very computationally inefficient — memory wall

23

r: total denominator 
(propagator) weight

s: total numerator 
weight



Self-supervised AI for Loop Integral Reduction (SAILIR)

• Learning to Unscramble applied to IBP reduction


• Some challenges unique to IBP reduction:


• weight reduction instead of term reduction


• much bigger action space (number of IBPs combinatorially large)


• but set of valid actions much smaller (10-100 per expression) but variable (depends on 
expression)


• much more elaborate inference

24



Weight vs term reduction

• Weight reodering: 


• to train the MDP to reduce by weight, we reorder the unscrambles to monotonically reduce highest 
weight integral in the expression at each step (can prove that this can always be done)


• Sector-wise reduction:


• Loop integrals labeled by indices  organize into sectors — which propagator factors are present


• Notion of subsectors


• Laporta reduction can work sectorwise: reduce to corner integral I[1,1,0,1], I[0,0,0,1], etc — modulo subsectors

a = (a1, a2, …)

25

(−1,0, − 1,3) → (0,0,0,1)

(2,1, − 1,1) → (1,1,0,1)



Variable action space: learning to rank

• Used in information retrieval (ML for 
search engines)


• Expression <-> question


• actions <-> potential answers that we 
want to rank 

26

• Use cross attention between encoded actions and expression 
to produce a per-action score 


• Softmax gives classifier over all valid actions



Inference engineering

• For dilogs and scattering amplitudes, “greedy” action selection: 
 
 
 
was sufficient to reduce the randomly-scrambled held-out test data


• But for IBP reduction, the train/test mismatch meant more sophisticated 
methods were required.

27

an = argmax π(a |sn)

Train: sum of  higher weight integrals -> single corner integral eg I[1,1,0,1,1]

Test: single high weight integral eg I[3,4,-2,2,2] -> sum of  corner integrals



Inference engineering: beam search
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Inference engineering: beam search
1. Maintain a “beam” of M(=20) 
promising expressions. 

2. For each expression, act with the 
N(=20) top ranked actions according to 
the action classifier. 

3. This gives MN candidate states. 

4. Select the top M according to some 
criterion.

• Beam 1: criterion = min(highest weight integral in 
the expression)

• Beam 2: criterion = min(total summed weight of 
the expression)

28

1. 2.

M=2

N=5

3.
4.



Inference engineering: asynchronous, hierarchical,  
single-step reduction

29

• An orchestrator spawns asynchronous 
workers 

• Each worker reduces a single high 
weight integral by one step, modulo 
subsectors, in parallel


• Reduced integrals are cached, so future 
workers do not reinvent wheels


• Orchestrator continues until all integrals 
have been reduced to masters


• CPU memory used by each worker 
remains bounded!



Triangle-box topology

• 16 master integrals

30

• Training data: 1M training samples 
from randomly applying IBP identities 
to corner integrals

from von Hippel & 
Wilhelm (2025)

• 3 massive external momenta, 2 
massless loop momenta



IBP reduction: results

• SAILIR is memory stable while Kira memory grows rapidly with weight!

31

• Tested on 16 triangle-
box integrals with 
increasing weight



Lessons learned
• These projects were both intensely exhilarating and extremely frustrating. 


• In both, Claude Code played the role of a graduate student that I interacted with entirely 
through text chat. Under my supervision, it wrote and ran all of the code, did all of the 
analysis, made all of the plots, and iterated with me on drafts of the paper. 


• It was insanely fast but made tons of mistakes and kept forgetting things. Without constant 
close supervision and thorough validation and detailed cross checking, these projects would 
not have succeeded. 


• Despite their flaws, I believe these agentic AI assistants will significantly lower the barrier to 
exploring and implementing new ideas. Huge implications for our field!


• What big new questions can we now tackle that we couldn’t before?


• How do we ensure quality control? How do we handle the coming flood of papers?


• How do we protect the future of our graduate students and postdocs? Urgently need to 
train them to use this amazing but flawed tool!

32



Summary

• Agentic AI is going to be a game changer for our field (and well well beyond)


• In this talk I presented two uses of agentic AI for research


• As a hands-on research assistant -> two papers on “Learning to 
Unscramble”, applications to scattering amplitudes and Feynman loop 
integral reduction


• As a fully automated system for reproducing LHC analyses (an important 
and common task in pheno research)

33



Where are we headed?
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Where are we headed?

34

Matt Schwartz
10000 Einsteins? 


Will we all become obsolete,  
mere spectators to AIs doing physics? 

Or will AI models plateau into a 
superpowered research tool?



Thanks!
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Scattering amplitudes: setup
• Permutation-equivariant action classifier: 

interchanging order of terms should change action 
classifier output correspondingly


• Action space [~1.4k for 4 pts, ~4k for 5 pts and ~30k for 6 pts] 
— choice of:

• term (up to 10 for 4-5pts, 30 for 6 pts)


• bracket type 


• momentum


• Term encoding — for each factor (up to 8): 

• coefficient


• bracket type 


• momenta 


• power



Bonus material: ColliderBench
[Faroughy, Palacios Schweitzer, Pang, Mishra Sharma, DS 2605.13950]

• A new benchmark for evaluating LLM agents on automated, long-horizon, 
real-world scientific tasks


• Setting: reproducing published LHC analyses (new physics searches) using 
public simulation tools — “recasting”

37



Challenges

• Unique challenges: 


• experimental papers from CMS and ATLAS often missing crucial details, 
inaccuracies, errors. 


• Gap between public simulation tools and proprietary CMS/ATLAS tools, 
correction factors, etc


• Agent cannot get a perfect reproduction. Needs combination of physical 
intuition, domain knowledge, guesswork 

38



ColliderBench: inputs

• Paper (PDF) from CMS/ATLAS

39



ColliderBench: inputs

• Task specification prompt


• new physics signal to simulate


• histogram from paper to reproduce


• other output requirements

40



ColliderBench: inputs
• HEP toolbox


• md files that teach agents how to use 
HEP software tools

41



ColliderBench: metrics

42

L2 histogram distance

normalization error

pass/fail metric



ColliderBench: overview

LLM judge to catch 
cheating, hallucinations 43



ColliderBench V1

• 10 tasks over 4 CMS supersymmetry searches from ~2016 (13 TeV, 36/fb)

44
• Hundreds of more tasks and searches available, will be added for V2!



ColliderBench: results

• Clear capability ladder  
(Opus>Sonnet>Haiku; GPT5.5>GPT-5.4-mini)


• Clear Pareto front in pass/fail vs cost


• No LLM agent beats human-in-the-loop
45


