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A bipartite, builder-declared map of how Al research becomes commercial product

1 - Network Construction

PeerGraph is a bipartite graph G = (R O B, E) with researcher nodes (|R| = 144), product nodes (|B| = 91), and adoption edges (|E| = 216). An edge (r, b)
indicates a builder declared product b uses a paper by researcher r.

Edges carry domain annotations: 12 research domains x 14 product domains, with 78 of 168 pairs observed at least once.

Degree structure

Mean Median Max CvV
Researchers 1.5 1 58 3.7
Products 2.4 2 11 =1.6

Researcher CV = 3.7 sits well above the exponential threshold (CV = 1), placing the network in the heavy-tailed regime characteristic of heterogeneous
knowledge networks (Newman 2001). Formal distributional fitting (Clauset et al. 2009) requires N > 144,
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edges: 216 builder-declared adoption links

node size x degree hub-touching edges in teal

Data provenance

Builder self-reports with public provenance. Convenience sample with salience bias toward prominent papers. Construction parallels patent-to-paper
citation networks (Jaffe & Trajtenberg 2002) but captures declared deployment rather than inventive activity.

Key observation.

A single researcher accounts for 58 of 216 edges (27%) on the research side, while the median researcher is cited by exactly one
product. This 58x-vs-1 spread between hub and median is the structural fingerprint of the heavy tail and the source of high domain-flow
inequality (Gini = 0.72).

Domain coverage.
12 research domains (NLP, CV, ML, RL, GenAl, Agents, Robotics, Theory, Systems, HCI, Security, Sci-ML) x 14 product domains. 78 of
168 pairs are populated; the rest are sparse or empty in the current snapshot.

"edge_id": "e_00128",

"researcher id": "r_ 007",

"product id": "b 044",

"research _domain": "NLP",

“product _domain": "GenAl",

"paper _doi ": "10. xxxx/ exanpl e. 2024",
"provenance": "https://<builder-url>",
"decl ared_at ": "2025-08-14",

"verified": fal se

}

One row per builder-declared adoption. Domain pairs derived from this schema feed the entropy, KL, and MI calculations in §2.

Open dataset (CCO0): peergraph.ai
Code & methods released for replication. Convenience sample; declarations unverified.
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2 - Information-Theoretic Analysis

We treat the distribution of links over 78 domain pairs as a discrete distribution and compute three measures.

Shannon entropy
H=-2p. log,p. =4.48 bits
Normallzed H/H max - = 0.71. Perplexity 2" = 22 4 _ the network concentrates flow through 29% of available pathways.

KL divergence from uniform
DKL(obs || unif) = 1.80 bits

Mutual information
I(src ; tgt) = 0.18 bits (normalized MI = 0.08)

Weak coupling: knowing the research domain provides little predictive information about the product domain. Consistent with the cross-domain
transfer ratio of 1.91 (547 cross vs. 287 intra-domain links).

Complexity metrics — summary

Metric Value

Interpretation

Degree CV (researchers) 3.7 Heavy-tailed regime

Shannon entropy H 4.48 bits (0.71) Intermediate; structured

Effective channels 22.4 178 (29%) Concentrated pathways

DKL(obs || unif) 1.80 bits Departure from uniform

I(src ; tgt) 0.18 bits (0.08) Weak domain coupling
Cross / intra ratio 1.91 Majority cross-domain

Paper adoption Gini 0.57 Moderate-high concentration
Domain flow Gini 0.72 High inequality

Flow concentration

Flow concentration across 78 observed domain pairs

Total: 216 builder-declared adoption links

55%

45%

of all links

of all links

4 dominant channels 74 weaker channels

NLP — GenAl GenAl - GenAl NLP —» NLP GenAl —» NLP

29%

effective channels (22.4 / 78)

H = 4.48 bits | = 0.18 bits

Shannon entropy (H/H _max = 0.71) mutual information (normalized 0.08)

Four channels carry the majority of declared transfer; the remaining 45% is spread across 74 long-tail pairs. The coexistence of dominant
channels with a diverse tail is the signature of structured complexity — neither random diffusion nor monolithic concentration.

Headline interpretation.

Normalized H / Hmax = 0.71 places this network between maximal order and maximal disorder — the regime complex-systems theory
associates with structured complexity (Feldman & Crutchfield 1998). The system is neither a random graph nor a star: it is a small set of
load-bearing channels braided with a long tail.
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Observed domain pairs

analyzed with Shannon entropy, KL divergence, and mutual information

3 - Higher-Order Structure

Products adopting k papers define (k — 1)-simplices in the paper co-adoption complex. With mean product degree 2.4, multi-paper co-adoption is
common — higher-order knowledge integration events not reducible to pairwise relationships.

Analysis of this simplicial structure (Betti numbers, persistence diagrams) is planned follow-up work.

Concentration

» Paper adoption Gini: G = 0.57

* Domain flow Gini: G =0.72

» Most-adopted paper accounts for 26.9% of all links

Comparable to inequality in citation distributions (Redner 1998); salience bias in declarations may inflate this concentration.

Toward higher-order analysis.
Pairwise edges undercount integration. A product adopting k papers across k domains is a single higher-order interaction that no pairwise
statistic captures. Persistent homology of the co-adoption complex is the natural next instrument.

4 - Limitations
» Convenience sample (N = 216)
» Unverified builder declarations: salience bias

* Entropy and Gini estimates have wide Cls at this scale
* Distributional fitting deferred pending larger N

Future work

» Expanded coverage with verified provenance

* Bipartite null models (Saracco et al. 2015)

» Temporal entropy evolution

» Topological data analysis of the co-adoption complex
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METHODS AT A GLANCE

Shannon entropy H=- Zi P, Iog2 P,

KL divergence DKL(P||Q) =2 P, Iogz(p /q)

Mutual information I(X Y)=% p(x y) Iogz[ p(x y)  p(x)p(y) 1
Effective channels 2" (perplexity of the domain-pair distribution)
Degree CV O, / <k>, with <k> averaged over researchers in R

Gini coefficient G =( Zij |xi = xj| )/ (2 n? <x> )

All materials — dataset, analysis notebook, and computed metric outputs — are released under CCO at peergraph.ai. Every value in this poster
Is reproducible from the released CSV/JSON. Dataset versioned; current snapshot is v0.3.

@i sc{ peer graph2026,
title = {Entropy and Heterogeneity in the
Al Resear ch-to-Product Know edge
Transfer Network},
aut hor = {Manchi kanti, Kranthi},
year = {2026},
howpubl i shed = {Net Sci Al 2026 Satellite},
ur | = {https://ww. peergraph. ai }
}

Open science - CCO dataset - corrections and submissions welcome at peergraph.ai.

VO 4 ROADMAP

Grow beyond 500 builder-declared adoption edges
> Verified-source flag for at least half of v0.3 declarations
> Temporal slicing using decl ar ed_at month buckets
> Bipartite null-model baseline (Saracco et al. 2015)
> Persistent homology on the paper co-adoption complex
> Power-law fitting once N supports Clauset 2009 estimators
> Expand to 14 product domains x 12 research domains uniformly
> Author-disambiguated researcher resolution via ORCID

Target release Q4 2026 - updates released through peergraph.ai - feedback welcome.

Thanks to the 91 builders who publicly declared their paper adoptions, without whom this dataset would not exist. To the open-source maintainers behind the scientific
Python ecosystem that powers the analysis. To early reviewers for sharpening the framing around heavy tails and mutual information. And to the NetSciAl 2026
program committee.

Corrections, declarations, or methodology questions welcome at peergraph.ai.
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