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1- THE PROBLEM 2 - OUR SOLUTION

' Chimeric States in Multi-Modal Attention ® Consensus Split-Bank Attention (CSA)

In standard cross-attention, each modality computes its own softmax distribution p® over a shared bank of K prototypes. With L CSA replaces L independent softmax distributions with one shared consensus. Query—key similarities from every modality are
modalities, this admits K- cross-modal assignments, of which only K are coherent (all modalities agree on the same prototype). The summed into a single global score; one softmax produces the shared distribution p; all modalities update synchronously. The
remaining configurations are chimeric states: internally contradictory retrievals in which different modalities lock onto incompatible mechanism maps to a Product-of-Experts fusion: p, o< [1, exp(B2,®).
rototypes. This is not a training failure but an architectural pathology.
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3 - THEORY
[ ]
A Energy, Convergence & Capacity
Monotonic Energy Descent Graph Topology Controls the Noise
The CSA update is the unique outcome of the Concave-Convex Procedure (CCCP) applied to a global Difference-of-Convex Convergence guarantees say nothing about how many patterns can be reliably stored. We address this via an extreme-value
energy: analysis inspired by the Random Energy Model (REM).
DC ENERGY Key idea: Define the edge-lifted Hilbert space Hg = @(aeb) RY. The lifting operators P (states) and Q (patterns) reduce the global score
I K S, to a single inner product in He. The graph reappears as a metric distortion: Q'Q = diag(d®®) @ l¢ — heavily queried banks are
g . 1 (a) (2 1 1 BSM({Z}) C expanded, lightly queried banks are compressed. This reduction is exact: mMTAM becomes a Modern Hopfield Network in graph-
({z}) = SI29N" = <log ) e + Canify
2 warped space.
a=1 ﬁ p=1
> v ~ > ~~ ~ Th 2 — Effective Topological Vari
. eorem 2 — Effective Topological Variance
U(2) (convex: Hessian =) V(z) (convex: LSE o linear) e ° g : . . , .
Model the K-1 non-target keys as i.i.d. draws from N(O, I @ ls), where ' € R™* is the symmetric PSD cross-modal covariance (I,,=1). Define the query overlap matrix Q;
:=d«z% z"5. For any fixed Z, the consensus score of a distractor is Gaussian: S,(Z) ~ N(0, 2%.4(Z)), where
_ . . : . 2 A AT
The CCCP prescription VU(znew) = V V(zo0) Vields, via the chain rule, the softmax consensus p and the linear bank-readout of the CSA Eeff(Z) —d- Tr( M Q) , M=AT A
update rule. _ _
M = ArAT is the topology—covariance sandwich: A mixes source banks via the graph, I couples cross-modal correlations, and Q projects onto current query directions.
@ Theorem 1— Monotonic Descent & Strong Convergence
Let {z;};.0) be the mTAM dynamics. (i) The energy is strictly non-increasing: @ Theorem 3 — REM Critical Capacity
1 By extreme-value theory, the maximum of K-1i.i.d. N(O, 3?,;) scores grows as 3.V (204, Ld). Retrieval succeeds iff Sggna €xceeds this maximum. With a., := (Ld)™" log K
2 and peg := 2%.4/d. In the thermodynamic limit (K, d = oo with o, fixed), retrieval of u* succeeds w.h.p. iff Ot < Oliorc(Z), where:
E(z1) < E(2) — Iz — 2]
) o ) . o " ) Tr?| AT wion
with equality iff z, is a stationary point. Trajectories are bounded within the convex hull of the memory banks. . S . 9
(i) Since E is real-analytic, it satisfies the Kurdyka-kojasiewicz inequality. Consequently, the trajectory has finite arc length 3, ||z, - z, < o and converges to a single atot,c — 2L ) - e AT
stationary point z*. eff 2LTr [AFA Q]

Each fixed point defines a coherent multi-modal retrieval. Standard cross-attention has no global energy and offers no comparable guarantee. ) o ) ) ) ) )
Numerator s?: signal depth squared (maximized at the CCCP fixed point). Denominator 2Lp.: noise floor scaled by architecture depth.
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4 CORE INSIGHT 4

CSA structurally eliminates chimeric states by collapsing the equilibrium space from K" to K. The CCCP structure guarantees that every trajectory converges to a coherent fixed point. The graph topology enters as a metric distortion of the
pattern ensemble in a lifted Hilbert space Hg, controlling both convergence speed and memory capacity through a single quantity: the effective topological variance >?.

4A - PHASE DIAGRAM 4B - ARCHITECTURE & GUARANTEES
Retrieval Phase Diagram Trainable Architecture & One-Step Retrieval
End-to-end trainability. CSA maps directly to standard multi-head attention. Backpropagation through T unrolled CCCP iterations is well-defined:

— Condensation line all parameters (K®, V@ W@ W) are shared across iterations; gradients accumulate across the full chain. For L=1, CSA recovers the Modern

The system exhibits a clear F l—m ferle ey Hopfield Network.

retrieval phase transition: at
low B, the consensus p is .,
diffuse (

); above a critical B, it

Retrieval Condensed Practical scaling. Per-step cost is O(LKd), identical to standard dot-product attention. Wall-clock benchmarks (L=3, batch 32): at d=1024,
44 (ferromagnetic) (glass) K=10000 — a single forward iteration takes <30 ms on CPU. Cost grows linearly in both d and K.

Q.
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Future directions: Real-world benchmarks with learned representations - Capacity under non-Gaussian key distributions - Hierarchical and sparse retrieval for large pattern sets - Basin structure characterization. £} github.com/andrea-ladiana/mtam_layers
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