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Every point in the map is an LLM you can ask boc2LorA embeddings
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Average papers, ask for their field Mix two papers, ask what lies between
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Over 28 categories, these names overlap the official names more than those of six baselines (word
overlap .64 vs .57). Five LLM judges prefer them over every baseline.
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Over 50 pairs of papers, the decoded abstract moves from A mixing weight

to B with the mixing weight. An LLM given both papers and the
weight stays near the midpoint.

Are we reinventing teams?

Ask the sparse regions of multi-agent Al research what could be there.
The answers read like management science.

Case StUdy 52,527 management and 18,109 multi-agent papers in one space
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additive 4.9%  conflict  23.6% t-SNE of both corpora, with names answered by the LLM at each ersistent homology CLOTISTRIPS, egree 1) on cosine JISTAMEEs between
. T 13.7% . . landmarks. We keep 12 distinct loops, rank them by persistence, and decode the
all contributions are pooled region's average. Management papers enter as abstracts and multi-

center of the top three. Below, each dot is one of the 1,500 papers nearest to a

agent papers as PDF text. A paper's abstract lands next to its PDF . . . .
gent pap Pap center, placed at its cosine distance from it.

text 98% of the time.

. - 5. GO -
B ¢ -,'&F,‘:. g XL P ' 5 "“‘W A . Pe
- f » ¢ i n® ¥, @ % ¢ %
"'—.:2’ (XL > . (: Xy ’ og’ 4 S Bo
ook SEI IR oot gs. o 2 o,
@ §8 VN 2 o ¢ X g L
2 S8 Agt .2 il oela 2 A, N
e “'\ ~ ’ ¥ of J |
* "n. '-.»‘
0%, ¢ "’\ 0
. . .;

: S 1 \ : & %
v, persistence .33 3 PERIRIECS o2e } ’3 persistence .22
*x i o *x 2% between % oS ‘;
3% Dbetween 4 Multi-Agent Reinforcement Learning :ff Dbetween
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LLM at the center, asked for an agent-team design LLM at the center, asked for an agent-team design LLM at the center, asked for an agent-team design
“The Feedback Agent continuously compares the actual “Messages are only forwarded 1f the relevance score “The Conflict Resolver continuously monitors for
outcomes of actions with the predicted outcomes based exceeds a dynamically adjusted threshold..” inconsistencies between agent outputs and intervenes
on the plan .. When an anomaly 1s detected, it triggers only when thresholds are breached..”
a re-evaluation of the plan by the Planning Agent..”
= plan—-do-check-act? =~ information gatekeeping? =~ management by exception?
In all three designs an agent acts or speaks only on an exception, a detected anomaly or a crossed Management papers do not fill these holes. None lies inside one, and hole centers are no closer to
threshold. In the full texts of the 18,109 papers, 6.8% mention gated or selective communication and management papers than null centers (.32 vs .32). The top loops persist above a shuffled null (.33 vs .15),
2.4% mention trust- or confidence-weighting, against 33.0% for hierarchical orchestration. but blinded LLM judges rate designs decoded at null centers as coherent as these.

Next. The two literatures barely touch in this space. We will
align them (VeCZVGC as in our abstract) and ask again C. S. Mansuri* J. Zachariah*, S. Kojaku. Doc2LoRA provides decodable representations of scientific ideas (2026). *Equal contribution.
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