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Abstract

We present the Modular Neural Network (MNN), a brain-inspired computational
architecture that fundamentally transcends the limitations of current large-scale
Transformer and Mixture-of-Experts (MoE) models. MNN employs five core mechanisms
working in concert: (1) dynamic semantic routing with persistent memory, enabling
adaptive expert allocation based on input complexity; (2) independent experts with
internal recursion and dual-role local dynamic penalty for self-stabilization; (3) bijection
flow adapters with compression projection and mutual information maximization for
efficient cross-modal communication; (4) directional precision-weighted permeation for
asymmetric, selective inter-expert information flow; and (5) global energy
functional-driven consensus with posterior verification and self-correction. We provide
complete mathematical formalization of all mechanisms and propose a training
framework based on implicit differentiation that resolves the computational challenges
of dynamic iteration depth. An engineering deployment scheme, encompassing
time-box scheduling, stateless horizontal scaling, elastic degradation, and
hardware-level isolation, provides a practical blueprint for implementation on existing
GPU infrastructure. The MNN architecture simulates the hierarchical compression,
consensus optimization, and metacognitive arbitration mechanisms of biological
intelligence, providing a theoretically self-consistent and engineeringly executable
blueprint for building scalable, interpretable, and continuously evolving general
artificial intelligence systems.
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1 Introduction

1.1 The Duality of Intelligence: Fast Thinking and Slow Thinking



Cognitive science distinguishes human cognition into two systems [1]: System 1
handles intuition, pattern matching, and instantaneous response, operating in a
parallel, automatic, and effortless manner; System 2 performs logical reasoning,
planning, and contradiction resolution in a serial, controlled, and cognitively
resource-intensive manner. Genuine general intelligence must possess both
capabilities and be able to switch flexibly between them, allocating computational
resources according to problem complexity and urgency.

Current large-scale language models centered on Transformers [2] essentially learn
conditional probability distributions p(next|past) through massive data, completing the
input-to-output mapping through a single forward pass. This paradigm has been
remarkably successful at simulating the intuitive generation capability of System 1, but
systematically lacks the core mechanisms required by System 2: internal iteration,
contradiction detection, and consensus building before output generation.

1.2 Diminishing Returns of Scaling Laws and the Hollowing-Out
Problem

As parameter scales expand from billions to trillions, large language models exhibit
performance improvements that follow scaling laws [3]. However, the marginal
benefits of these improvements are diminishing. The deeper issue is that the weight
matrices of large models are essentially statistical encodings of text symbol
co-occurrence frequencies, lacking deep anchoring in the causal structure of the
physical world [4]. Compared to the highly conceptual compression and cross-modal
abstraction achieved by the human brain in approximately 1.5 kg and 20 watts of
power, trillion-parameter large language models appear extremely hollow—information
density is extremely low, with vast parameters dedicated to memorizing surface
patterns rather than learning generalizable causal models.

1.3 The Pseudo-Modularity of Mixture-of-Experts

Mixture-of-Experts models [5] reduce per-inference computational cost by sparsely
activating a subset of parameters. However, the existing MoE paradigm has three
structural defects. (a) Routing deadlock: the routing network is fixed after training. For
the same input, the system always activates the same Top-K experts, lacking a
dynamic feedback loop based on intermediate reasoning results. (b) Expert isolation:
there is no direct information exchange channel between experts. (c) Punishment
absence: the load balancing loss only takes effect during training. During inference, the
system cannot perceive whether an expert is overused or perform real-time
punishment and correction of low-quality representations.

1.4 Our Starting Point and Contributions

The above analysis points to a fundamental conclusion: the next-generation
intelligence architecture must possess dynamic self-organization, internal iteration,
and global arbitration capabilities during inference. The MNN proposed in this paper is
precisely a response to this need, designed according to the following first principles:

(1) Modularity: The functional units of the system are independent, self-contained
expert modules, each responsible for purely representing specific domain knowledge.
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(2) Dynamic topology: For each specific input, the system decides in real time which
experts to activate and how many to activate, with no pre-configured fixed
computation graph.

(3) Soft coupling: Inter-module information transfer is continuous, directional, and
uncertainty-aware, rather than discrete hard selection or isotropic noise.

(4) Energy-driven: The system's internal state adjustment is driven by the descent of
the global energy functional, which measures the degree of contradiction among
currently activated experts.

(5) Metacognition: The system can evaluate the quality of its own outputs and refuse
to commit when evidence is insufficient.

This paper makes the following contributions: (a) A complete formal definition of the
MNN architecture with 20+ mechanisms; (b) A training framework based on implicit
differentiation; (c) An engineering deployment scheme for GPU clusters; (d) A
theoretical analysis of inference complexity; (e) Theoretical propositions on
entropy-based routing, bijection flow invertibility, directional permeation boundedness,
and energy functional descent.

2 System Architecture

The MNN architecture consists of seven core components that work in concert to
achieve dynamic, self-organizing computation. The system processes input through the
following stages:

2.1 Overall Architecture

The MNN architecture comprises: (1) a persistent memory bank, storing semantic
prototypes from past sessions; (2) a dynamic semantic tokenizer, mapping inputs to
expert routing decisions; (3) multiple independent expert modules, each handling a
specific domain or aspect of the problem; (4) bijection flow adapters, providing
invertible transformations between expert representation spaces; (5) a compression
layer, projecting expert outputs to a shared low-dimensional semantic space; (6) a
federation layer, orchestrating inter-expert communication and global energy
arbitration; and (7) a posterior validator, verifying output quality before delivery.

The information flow proceeds as follows: input -> persistent memory -> dynamic
semantic tokenizer -> expert allocation -> parallel expert processing (with internal
recursion) -> bijection flow adapters -> compression projection -> directional
permeation -> federation layer (energy-driven consensus) -> posterior validator ->
reverse tokenizer -> output.

2.2 Information Flow and Module Interactions

The persistent memory provides long-term semantic context that informs routing
decisions. The dynamic semantic tokenizer maps the input to a set of activated experts
using entropy-based routing. Each activated expert processes its allocated input
through internal recursion, then passes its output through the bijection flow adapter
(for bidirectional communication with other experts) and the compression projection
(for sharing a low-dimensional summary with the federation layer).
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The federation layer receives compressed summaries from all activated experts,
performs pairwise contradiction analysis through cross-modal prediction, and drives

the global energy minimization process. The posterior validator then checks the quality
of the final output, triggering self-correction if necessary.

2.3 Persistent Memory Bank

The persistent memory bank is a fixed-capacity slot pool of size N (default: 64),
where each slot stores a prototype vector p_i € R~d along with a timestamp t_i and
importance weight w_i. The pool serves as a long-term semantic context that captures
high-level concepts relevant to the problem domain. Unlike attention mechanisms that
recompute over the entire input history at each step, persistent memory provides a
fixed-capacity, continuously updated representation of domain-relevant knowledge.
Each slot is updated through a soft-weighted average: p i <- a X p_i + (1 - o) X h,
where h is the current representation and a € (0, 1) is the decay rate.
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Figure 1: MNN Architecture Overview. Shows the complete information flow: Input -> Persistent
Memory -> Dynamic Tokenizer -> Expert Recursion -> Bijection Adapters -> Directional Permeation
-> Energy-driven Federation -> Reverse Tokenizer -> Posterior Validator -> Output.

3 Core Mechanisms

3.1 Persistent Memory and Dynamic Semantic Tokenizer
3.1.1 Design Motivation

-4 -



Standard attention mechanisms in Transformers compute pairwise dot products
between all token pairs at each layer, resulting in O(N2?) complexity and an inability to
maintain stable, long-term semantic memory. The MNN architecture addresses these
limitations through a persistent memory bank combined with a dynamic semantic
tokenizer, which operates as follows: the memory bank maintains a fixed-capacity pool
of semantic prototypes that are continuously updated based on experience, and the
tokenizer uses these prototypes to determine which experts should be activated for a
given input.

This design draws inspiration from the hippocampal-cortical memory system in
biological brains, where the hippocampus maintains episodic memories (short-term,
high-fidelity) and the neocortex maintains semantic knowledge (long-term, abstract).
The persistent memory bank serves as the analog of the hippocampal-cortical
interaction, providing both short-term context for immediate reasoning and long-term
semantic priors for expert selection.

3.1.2 Memory Slot Pool

The memory bank consists of N slot pairs: M = {(p_i, t i)} {i=1}"N, where p i €
R~d is the prototype vector stored in slot i and t i is its last update timestamp. The
capacity N is fixed (default: 64). When a new input is processed, the system first
computes its representations through the embedding layer, then writes the result to
memory using the following update rule: for each slot i, compute similarity s i = (h -
p_i) / (|Ih]] |lp_il]), and update the slot with a soft-weighted average: p_i <- (1 - a(s_i)) X
p_i + a(s_i) x h, where a(s_i) = s_i"y is an adaptive update rate with y > 1 (typically y
= 4). When s_i is close to 1 (high similarity), the slot is updated strongly toward the
new representation. When s_i approaches 0, the slot retains its existing content with
minimal modification. This continuous update mechanism avoids the brittleness of hard
slot allocation while maintaining the stability of learned prototypes.

3.1.3 Query Generation and Prototype Matching

During inference, the input representation h is used to query the memory bank. The
similarity of h with each prototype p_i is computed as s_i = (h - p_i) / (||h]]| |lp_il]),
where - denotes the dot product and ||'|| denotes the L2 norm. These similarities serve
as soft routing weights, with higher similarity indicating greater relevance of the
corresponding expert to the current input.

3.1.4 Soft Routing and Entropy-Based Expert Allocation

The softmax over similarities yields a probability distribution p = softmax(s / 1),
where T is a temperature parameter (default: 0.5). The number of activated experts K
is determined by the entropy of this distribution: K = y? x exp(H(p)), where H(p) = -Z_j
p_j log(p_j) is the Shannon entropy and y? = 3.0 is an amplification coefficient. This
provides a smooth mapping from gating weight to computation: at minimum entropy
(near 0), K = 1 (single expert); at maximum entropy (log M), K = y? x M (all experts).
The threshold parameter 6 for selecting which experts to activate among those ranked
by p_j is set to the largest routing probability. This adaptive threshold prevents both
over-activation (by enforcing a minimum threshold) and under-activation (by
guaranteeing at least min(K, M) experts are activated). The entropy-dependent term in
the threshold ensures that the system maintains sufficient diversity even for simple
inputs.



A key insight is that the activation count K is a differentiable function of the gating
weights, enabling gradient-based optimization. The relationship K(H) = y? x exp(H(p))
provides a monotonically increasing, continuous mapping from routing entropy to
expert count. Theoretical analysis (Section 12, Proposition 1) proves that this routing
strategy satisfies three properties: (a) monotonicity in H(p), (b) differentiability with
respect to input representations, and (c) information-theoretic optimality in the sense
of maximizing mutual information between input complexity and computational
resource allocation. This eliminates the routing deadlock problem of MoE systems.

3.1.5 Differentiable Sampling via Gumbel-Max Trick

For training, the expert selection is made differentiable through the Gumbel-max
trick: j* = argmax_j (log p_j + g_j), where g_j ~ Gumbel(0, 1) are independent Gumbel
random variables. The softmax relaxation p_j = exp((log p_j + g_j)/t) / Z_k exp((log p_k
+ g _k)/T) provides a continuous approximation to the hard selection, enabling
end-to-end gradient-based optimization of the routing policy through standard
backpropagation.

3.1.6 InfoNCE Loss for Contrastive Learning

The memory prototype matching is trained with an InfoNCE contrastive loss. For
each training sample with positive prototype p pos and M-1 negative prototypes
p_neg kK, the loss is: L InfoNCE = -log(exp(sim(h, p_pos)/t) / Z_k exp(sim(h, p_k)/T)),
where T is the temperature parameter. This encourages the memory bank to
accumulate prototypes that maximize mutual information with the input
representations, ensuring that the persistent memory provides discriminative context
for expert routing.

3.1.7 Expert Input Allocation

The input representation is allocated to activated experts proportionally to their
gating weights: z in™i = g_i x h / K for each activated expert i, where g_i is the
continuous gating value from the routing distribution. This ensures that each expert
receives a scaled version of the full input representation, with the total allocation
summing to h across all activated experts. This proportional allocation strategy ensures
that experts with higher gating weights receive proportionally more input
representation, while maintaining the overall information budget.

The input allocation mechanism is complemented by the expert internal recursion,
where each expert further processes its allocated input through multiple layers of
transformation before producing its output summary.

3.2 Independent Experts and Local Dynamic Penalty

3.2.1 Internal Recursion



Each expert module operates independently during the initial phase, with no
inter-expert communication, allowing rapid parallel development of expert capabilities.
For expert i, the internal processing consists of T i recursive steps: h {t+1}"i =
Expert_i(h_t™i), where Expert i is a composition of feed-forward layers with layer
normalization [12]. The recursion depth T i is dynamically determined by the expert's
gating weight: T.i = 2 + round(yt x g_i), where yt controls the sensitivity of
computation depth to gating weight. Experts with high gating weights (indicating high
relevance to the input) are assigned deeper recursion, while low-weight experts use
shallower computation. This dynamic depth allocation provides a form of adaptive
computation time, similar to early-exit mechanisms [13] but with the additional
capability of bidirectional expert communication.

3.2.2 Dual Role of Local Dynamic Penalty

Each expert applies two forms of internal regularization during recursion: (a) an L2
penalty on the representation magnitude ||h||_272, preventing unbounded growth
during internal recursion; and (b) a dynamic penalty proportional to the gradient norm
[I[V_h L]|_2, which increases when the expert's internal state is changing rapidly
(indicating instability) and decreases when the expert has reached a stable fixed-point
(indicating convergence). The dual role of this penalty is: (1) it acts as a self-stabilizing
mechanism during internal recursion, preventing oscillation or divergence; and (2) it
provides an implicit stopping criterion for the internal recursion, with the expert
naturally terminating its computation when it reaches a stable state.

3.3 Bijection Flow Adapters and Compression Projection

3.3.1 Why Linear Compression is Insufficient

A naive approach to cross-expert communication would be to project each expert's
output through a linear transformation W € R~{d_z x d} to a shared low-dimensional
space. However, linear compression has fundamental limitations: it cannot capture
non-linear semantic transformations between different expert representation spaces, it
loses invertibility (making it impossible to reconstruct the original representation), and
it cannot preserve the topological structure of the expert's semantic space. For
example, two semantically distinct representations in the original space may be
projected to the same point in the compressed space, creating irreversible information
loss.

These limitations necessitate a more sophisticated compression mechanism that
can: (a) capture non-linear semantic relationships; (b) remain invertible so that the
original representation can be recovered; (c) preserve the topological structure; and (d)
support bidirectional communication between experts.

3.3.2 Bijection Flow Adapter Structure
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The MNN employs a coupling-layer normalizing flow [15] as the bijection flow
adapter, providing a smooth, invertible transformation f i: R~d -> R”~d_z for each
expert i. The coupling layer decomposes the input z € R™d into two halves z
(z_{1:%}, z_{¥%+1:d}), then applies a conditionally affine transformation: z_{1:%5}' =
z {1:v5}, z {¥+1:d}' = z {¥s+1:d} x exp(s(z_{1:%s})) + t(z_{1:%}), where s(-) and
t(-) are neural networks (scale and translation functions) that take the first half as
input. By stacking L coupling layers with alternating variable splitting patterns, the full
bijection f: R~d -> R~d_z is constructed as: f =f L o f_{L-1} o =-- o f 1.

The invertibility property is crucial for MNN's bidirectional communication: the
forward compression f_i maps the expert's representation to the shared semantic
space, while the reverse transformation f i”~{-1} reconstructs the original
representation from the shared space. This enables experts to not only communicate
their summaries to others but also to receive and interpret information from other
experts in their own representation format. The Jacobian determinant of the coupling
layer transformation has a closed-form solution |partial f.i / partial z| = exp(Z_k
s k(z_{1:%})), which is computable in O(d) time without numerical approximation,
enabling efficient computation of the change-of-variables formula for likelihood
estimation.

3.3.3 Compression Projection

The bijection flow adapter f i: R~d -> R™~{d z} (d_z = 64, d = 512) projects the
expert's output to a shared low-dimensional semantic space. The dimension reduction
ratio d/d_z = 8 means that each expert communicates an 8x compressed summary to
the federation layer. This compressed summary z i' = f i(h_i) is then used for
cross-expert communication through the directional permeation mechanism. The
compression projection is not merely a dimension reduction—it is a semantic
compression that extracts the most informative aspects of the expert's representation
for inter-expert communication, while the full representation h_i remains available for
the expert's own internal use.

3.3.4 Mutual Information Maximization Auxiliary Loss

To ensure that the compression projection preserves the most informative aspects
of the expert representation, we introduce an auxiliary mutual information
maximization loss: L Ml = -l(z_i; h_i) = -[L(z_i) - L(z_i | h_i)], where I(-; +) denotes
mutual information and L(-) denotes differential entropy. This loss encourages the
compressed representation z i to retain as much information about the original
representation h_i as possible. In practice, this is estimated using the InfoNCE
objective: L Ml = -log(exp(sim(z_i, h_i)/t) / Z_k exp(sim(z_i, h_k)/T)), where the
summation is over a batch of samples. This auxiliary loss is combined with the main
training objective with a coefficient A_MI = 0.1.

3.4 Directional Precision-Weighted Permeation

3.4.1 Fatal Defects of Isotropic Permeation



Standard cross-attention mechanisms apply isotropic noise or uniform attention
weights across all dimensions of expert representations. This approach has fatal
defects: (a) it cannot distinguish between confident and uncertain semantic
dimensions, treating all directions in representation space equally despite the fact that
some dimensions are more informative than others; (b) it cannot implement selective
information flow where expert j communicates only specific dimensions to expert i
based on the receiving expert's needs; and (c) it wastes computational resources on
uninformative dimensions while neglecting critical ones.

These defects are particularly problematic for MNN, where the compression layer
serves as a shared semantic space for cross-expert communication. Isotropic
permeation in this space would propagate noise along all dimensions equally, diluting
the informative signals and reducing the overall effectiveness of inter-expert
communication.

3.4.2 Generation of Uncertainty Direction Vectors

For each pair of activated experts (i, j), the receiving expert i generates a directional
precision-weighted permeation signal from expert j. First, expert i computes an
uncertainty vector o_{i—=j} in R~ {d_z} and a direction vector u_{i=»j} in R~d: o_{i=j} =
softplus(W o zi + b o + softplus(W' o zj + b' o)), u {i=»j} = tanh(Wn zi +
softplus(W' n z j + b' _n)), where softplus(x) = log(1l + e”x) ensures strictly positive
uncertainty values.

The direction vector u_{i—j} encodes the semantic direction along which expert j
can provide the most informative signal to expert i, capturing the asymmetry of
information flow between experts. The uncertainty vector o {i—»j} encodes the
reliability of this signal along each dimension, with larger values indicating lower
confidence. The use of softplus ensures that uncertainty values are strictly positive,
avoiding division by zero or negative precision issues. The tanh activation for the
direction vector bounds the permeation signal magnitude, preventing runaway
information propagation.

3.4.3 Permeation Injection Rule

The permeation signal injected into expert i from expert j is: Az i~{(j)} = (1 /
(o_{i=j} + €)) © u_{i=»j} © tanh(zj), where € = 10™{-11} is a numerical stability
constant. The receiving expert i applies a sigmoid-gated modulation to limit the total
influence:m_i=o(W . mzi),zi<zi+m.ioZ {j=i}Az i™~{(j)}.

This gating ensures that the total permeation is bounded and that the receiving
expert controls how much foreign information it absorbs, preventing uncontrolled
information cascades. The permeation selectivity ratio (directional vs. isotropic
coupling) was measured as 55.6 in our experiments (Section 8.2), corresponding to a
2.45x improvement in conflict resolution over isotropic coupling. The directional
mechanism achieves 76% conflict resolution in 30 iterations, compared to 31% for the
isotropic baseline, confirming that direction-specific, precision-weighted information
flow is substantially more effective than uniform attention.

3.5 Compression Layer Federation and Global Energy Functional

3.5.1 Pairwise Cross-Modal Prediction
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Each pair of experts (i, j) collaboratively performs a cross-modal prediction task.
Given compressed representations z_i and z j, each expert predicts what the other
should produce:"z_ i~ {(j)} = f_{cpd}(z_i; 6_i~{(j)}), where f {cpd} is a small MLP. The
prediction error &_i~{(j)} = 1z_i~{()} - zj||_.272 + [z~ {()} - z_i|]|_2"2 quantifies
the contradiction between experts i and j. A low error indicates consensus (experts
agree on the problem structure); a high error indicates disagreement (experts
represent fundamentally different aspects or conflicting interpretations).

A key innovation in MNN is the use of bilinear parameter decomposition to make this
prediction computationally tractable for large expert counts. Rather than learning a full
matrix W_{i=»j} € R™{d _zxd_z} for each pair, which would require O(M™~2 d_z"2)
parameters (infeasible for M > 10), MNN employs a bilinear bottleneck decomposition:
W {i=»j} = Ui V Uj™, where Ui, Uj € R™{d zxr} are expert-specific projection
matrices and V € R~ {rxr} is a shared core transformation matrix, with r <« d_z
(typically r = 8). This reduces the parameter count from O(M~2d z*~2)toO(Md zr +
r~2), enabling efficient pairwise prediction even for large M.

The design is motivated by the concept commonality hypothesis: representations of
the same underlying reality concept, even from different modalities or domains, should
be mutually predictable at an appropriate level of abstraction. The prediction error thus
directly measures the degree to which the activated experts have not yet reached
consensus on the problem structure. This hypothesis is supported by the observation
that cross-modal representations in biological brains exhibit significant mutual
predictability at the cortical level.

3.5.2 Global Energy Functional

The global energy functional aggregates all pairwise contradictions: E(Z, g) =
> {i€eA} z {jeA, j=#i} gigjo o i~{(j)} + B o 2 {i€eA} g_i © KL_i, where g_i is the
continuous gating value for expert i, and KL i is a KL divergence regularization term.

The KL divergence regularization term has a closed-form solution: KL i = KL(N(z_i,
P72 1N, ) =050 (]|zi]| 272 +d z0o i”2-d z-d zo log(o_i™2 + €)), where €
10~{-11} prevents numerical overflow. This regularization term prevents
representation collapse to zero vectors and maintains information diversity across
experts. The coefficient B is set to 0.1 by default.

Q

The energy threshold is set adaptively based on historical statistics: E_ {max} =
K _{history} + k © o _{history}, where p_{history} and o _{history} are the running
mean and standard deviation of energy values observed in recent iterations, and K is
an adaptation coefficient (set to 2.0). This adaptive threshold enables the system to
dynamically adjust its convergence criteria based on the current problem complexity.

3.5.3 Continuous Gated Diffusion Wave

At each iteration t, a continuous gated diffusion wave propagates through the expert
network. The gating function for expert i is: g_i(t) = o(A_i(t)), where A_i(t+1) = A_i(t) ©
exp(-n © ||V_i E||). The gating value g_i(t) decreases monotonically as the energy
gradient norm decreases, reflecting the expert's growing confidence in its current
representation. The update rule for expert i at iteration t+1 is: z_i(t+1) = z_i(t) - n ©
g_i(t) © V_i E(Z(t)).



This continuous gated diffusion ensures smooth, gradient-driven evolution of expert
representations toward consensus. The gating mechanism provides two critical
benefits: (a) it prevents premature convergence by allowing experts to continue
refining their representations even when the overall energy is low; and (b) it enables
rapid convergence when experts are already close to consensus by increasing the
effective learning rate for confident experts.

3.5.4 Convergence Criterion and Circuit Breaker

The iterative process terminates when either: (a) convergence is achieved: |E(t) -
E(t-1)| / E(t) < € for some threshold € = 10" {-5}, or (b) a maximum iteration count
T {max} = 30 is reached (circuit breaker). The circuit breaker prevents infinite loops in
pathological cases. Empirically, 76% of test cases converge within 30 iterations, with
the remaining cases resolved by the circuit breaker outputting the best intermediate
state.

3.6 Reverse Tokenizer: Prototype-Dual Decoding

3.6.1 Consensus Vector Aggregation

After convergence, the expert summaries are aggregated into a consensus vector: ¢
= X {i=1}"K o_i z_i, where o_i = exp(-E_i) / Z_{k=1}"K exp(-E_k), and E_i is the
individual energy contribution of expert i. Experts with lower individual energy (higher
confidence) receive higher aggregation weight o_i. This energy-weighted aggregation
ensures that the consensus vector is dominated by the most reliable experts.

3.6.2 Prototype-Dual Decoding

The consensus vector is decoded into the output vocabulary through prototype-dual
decoding: Y = argmax_{v&€V} c™" E_v, where E_v is the prototype vector of vocabulary
item v. This decoding is dual to the forward tokenizer's prototype matching, forming a
coherent input-output symmetry. The bidirectional structure ensures that the
encoding-decoding pipeline is information-consistent, with the reverse process
mirroring the forward process in a mathematically dual way.

3.6.3 Contrastive Decoding Constraint

To prevent trivial echo behavior (where the output simply repeats parts of the
input), we add a contrastive decoding constraint: Y = argmax_{v€V} (c~" Ev-B ©
sim(E_v, x_{input}), where B controls the strength of the contrastive penalty and
x_{input} is the input representation. This constraint ensures that the output is
semantically related to the input while being sufficiently distinct, preventing the
system from producing uninformative echo responses.

3.7 Posterior Validator: Self-Correction Loop

3.7.1 Design Motivation

Even after energy minimization, the consensus output may still contain
contradictions that were not fully resolved during the iterative process. The posterior
validator serves as a final quality gate, detecting residual contradictions and triggering
a self-correction loop when necessary. This mechanism is essential for robust,
trustworthy Al systems that must refuse to output when the evidence is insufficient.



The design motivation draws from metacognitive monitoring in human cognition,
where individuals evaluate the quality of their own decisions before committing to
action. The posterior validator implements an analogous self-monitoring mechanism in
the MNN architecture, providing a closed-loop integrity system that detects and
corrects errors before they reach the user.

3.7.2 Validation Procedure

The validation procedure performs the following steps: (1) The candidate output Y is
fed back through the forward dynamic semantic tokenizer using the same persistent
memory slot pool (but with independent computation), producing an input
representation x_{encoded}. (2) The posterior energy is computed: E_{post} =
E(Tokenzier(Y)). (3) The posterior energy is compared to the input energy: if E_{post}
< E_{main} © (1 + d), the output passes validation; otherwise, it fails. Here & is a
tolerance parameter (typically set to 0.1).

3.7.3 Handling Validation Failure

When the posterior validator detects failure, the following cascade is triggered: (1)
The candidate output Y is rejected. (2) A rejection marker is added as a negative
feedback signal injected into the federation layer: AE_{feedback} = p © (E_{post} -
E {main}), where p is a feedback gain. (3) The federation layer re-negotiates,
re-computing the energy and re-running the diffusion process from the
biased-but-penalized state. (4) The maximum rollback count is R_{max} = 3. If the
output still fails validation after three rollback attempts, the system degrades to
outputting the current best intermediate candidate. (5) If the final confidence C =
exp(-E_{final}) < C_{reliable}, the system refuses to answer, outputting a special
refuse token.

3.7.4 Adaptive Refusal Threshold

The refusal threshold C _{reliable} is not a fixed constant but adapts based on
routing entropy and expert diversity: C_{reliable}(H) = C_ 0 + a © H(p), where C O is a
base threshold and a is an adaptation rate. This adaptive threshold ensures that for
complex problems (high entropy, many experts activated), the system requires higher
confidence before committing to an output, reflecting the inherent uncertainty of
complex reasoning. The adaptive threshold dynamically adjusts the system's
willingness to commit to an output based on the inherent difficulty of the problem,
implementing a form of metacognitive confidence estimation.

4 Training Framework and Continuous Learning

4.1 Three-Stage Training Strategy

4.1.1 Stage 1: Independent Expert Pre-training



Each expert is pre-trained independently on domain-specific data. For expert i, the
training data D_i consists of samples that have been routed to this expert in previous
sessions (based on prototype matching similarity). The pre-training objective is the
standard next-token prediction loss: L {pre, i} = -Z_t log p_6(x_t | x_{<t}; Expert_i).
This stage ensures that each expert develops strong domain-internal competence
before entering the federated consensus process.

Training is performed in isolation, with no inter-expert communication, allowing
rapid parallel development of expert capabilities. The pre-training stage is the longest
and most compute-intensive phase, typically requiring orders of magnitude more data
and compute than the subsequent fine-tuning stages. Parallel training across GPU
clusters makes this feasible, with each expert trained on a separate GPU or GPU node.

4.1.2 Stage 2: Federation Layer and Adapter Joint Fine-tuning

After all experts are pre-trained, the federation layer, compression adapters, and
direction vectors are jointly fine-tuned on multi-domain data. The training objective
combines: (a) the consensus error E(Z), (b) the mutual information maximization loss
L M, (c) the cross-modal prediction loss, and (d) the directional permeation selectivity
objective: L {stage2} = E[E(Z)] + A_MI © E[L_MI] + A_permeate © L selectivity, where
the selectivity objective encourages the directional permeation mechanism to be more
selective than isotropic baselines.

Fine-tuning is performed with mini-batch SGD or Adam [12], with learning rate
scheduling. The federated nature of this stage means that all expert representations
are updated simultaneously, with the energy functional providing a global objective
that coordinates the updates across experts. This joint training enables the experts to
learn to communicate effectively through the directional permeation mechanism.

4.1.3 Implicit Differentiation: A Hard Requirement for Training Dynamics

A critical technical challenge in MNN training is the unrolled computation graph of
the iterative consensus process. Standard backpropagation through T iterations
requires O(T) memory, making deep consensus processes impractical on
memory-constrained GPUs. We resolve this through implicit differentiation: at the
equilibrium state Z*, the gradients satisfy: oL / 90 = -(oF / 0Z*)"~{-1} © 9oL / 96, where
F(Z,80) =2Z2-Z+n o V_ZE(Z 86) =0 is the fixed-point equation defining equilibrium.

The implicit gradient is computed via iterative matrix-free methods (GMRES or
conjugate gradient), requiring only O(1) memory with respect to T. This is a hard
requirement for training MNN with large iteration counts; using unrolled
backpropagation with T > 20 causes GPU OOM in all tested configurations. The implicit
differentiation approach achieves 29x memory savings over unrolled backpropagation
while maintaining gradient accuracy with a relative error of 0.00013% (Section 8.4).

4.1.4 Stage 3: Online Adaptive Fine-tuning

After deployment, the system continues to learn from new data through online
adaptive fine-tuning. When a new input arrives, the routing entropy is computed, and if
it exceeds a certain threshold, the system enters a learn-and-adapt mode where expert
parameters are slightly adjusted to better fit the new input, without destabilizing
existing knowledge. This stage uses implicit differentiation to ensure computational
efficiency even during online adaptation.



4.2 Expert Genesis: From Modularity to Self-Evolution

The MNN architecture supports autonomous growth of new expert modules,
implementing a form of continuous self-evolution. The process operates as follows:

(1) Unassigned inputs that consistently fail to activate existing experts are queued
as orphaned samples. After a sufficient queue is accumulated, spectral clustering is
applied to identify distinct sub-groups.

(2) For each identified sub-group, existing experts that show partial overlap (via
prototype similarity) serve as teachers, providing soft labels (output distribution
distillation) to the new expert.

(3) A new, small expert (with the same architecture as existing experts) is trained
specifically on this sub-group.

(4) After training, the prototype vector of the new expert is computed as the mean
of the final hidden states of all its training samples: E_{new} = (1/N) © Z_{i=1}"N h_i.

(5) The new expert is appended to the prototype matrix E (growing from M to M+1),
and its compression layer and federation layer parameters are initialized by copying
from the most similar existing expert in the prototype space.

(6) The new expert is automatically registered to the expert pool and becomes
available for subsequent requests.

This expert genesis mechanism ensures that the MNN architecture grows its
capability continuously, without requiring manual intervention or pre-specified expert
counts. The teacher-student distillation from related experts ensures that new experts
inherit relevant knowledge, accelerating their convergence. The prototype-based
initialization ensures that new experts start from a semantically meaningful position in
the prototype space, avoiding the cold-start problem that plagues many multi-agent
systems.

5 Engineering Deployment Scheme

5.1 Time-Box Scheduling: Taming Dynamic Topology on GPUs

The dynamic nature of expert activation and iteration count poses significant
challenges for GPU resource management. Standard CUDA kernels assume fixed
shapes and batch sizes, while the MNN's dynamic topology violates these assumptions.
We resolve this through time-box scheduling:

(1) Time slice start: The federation layer broadcasts the current set of activated
experts A, along with each expert's gating value g_i and load state | i.

(2) Within the time slice: All activated experts perform a complete forward pass in
parallel (internal recursion T_i steps + adapter + compression projection + directional
permeation injection).

(3) Time slice end: The federation layer collects all summaries, variances, and
direction vectors, computes the energy E, and evaluates convergence/circuit-breaker
conditions.



(4) Between time slices: If a diffusion wave is needed, it is computed in the
inter-slice gap. The wake-up decision for new experts is deferred to the beginning of
the next time slice and executed in batch.

Time-box scheduling effectively converts the dynamic topology into a series of
fixed-shape batch operations, enabling efficient GPU utilization while preserving the
architectural flexibility of dynamic expert selection. Empirically, this approach achieves
78% GPU utilization with K in [3, 16] activated experts, compared to 92% for a fixed
Top-16 configuration. The tradeoff is acceptable given the substantial gains in
representational capacity and adaptive resource allocation.

5.2 Stateless Horizontal Scaling

Each expert module is stateless with respect to the federation layer, enabling
independent scaling. Expert instances can be replicated across multiple GPU devices,
and the federation layer routes requests based on current load. This stateless design
supports horizontal scaling: adding more GPU nodes simply allows more experts to be
served concurrently. The routing layer maintains a simple load-awareness metric: | i =
oot {avg, i} + (1 -a) ©r_i, wheret {avg, i} is the average response time of expert i
and r_i is the current request queue length.

The federation layer uses these load metrics to avoid routing to overloaded experts,
preventing cascading failures. The stateless design ensures that expert instances can
be added or removed without affecting the correctness of the computation, as the
persistent memory and routing decisions are maintained by the federation layer, not by
individual experts. This enables seamless horizontal scaling without downtime or
manual reconfiguration.

5.3 Elastic Degradation and Contention Resolution

Under resource constraints, the MNN supports multiple degradation modes that
preserve functionality while reducing computational demand. The degradation
hierarchy provides a graceful fallback chain, ensuring that the system always produces
some output even under extreme resource constraints:

Level 1: Reduce expert count.

Increase the activation threshold 6, reducing the number of activated experts from K
to K' < K. This is the least impactful degradation, as the system simply activates fewer
experts for the same problem. The routing entropy determines how many experts
remain activated.

Level 2: Reduce iteration count.

Set T_{max} = 15 (instead of 30), limiting the consensus convergence process. This
may slightly increase output contradiction but maintains the bidirectional structure and
energy-driven dynamics.

Level 3: Disable bidirectional permeation.

Fall back to unidirectional expert communication, reducing O(K”™2) pairwise
communication to O(K). The compression layer federation still operates, but without
bidirectional cross-expert prediction.

Level 4: Single-pass expert evaluation.
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Set T_i = 1 for all experts (no internal recursion), effectively converting each expert
into a single feed-forward pass. This is the most aggressive degradation but preserves
the MNN architecture's core principles of dynamic routing, compression, and
energy-driven consensus.

Contest resolution is managed through a priority queue at the federation layer,
where high-confidence queries (low routing entropy) are served first, and
low-confidence queries are deferred or served at degraded levels. This ensures that the
system optimizes resource allocation based on query priority, providing a form of
quality-of-service guarantee.

5.4 Dedicated Machine and Hardware-Level Interference Isolation

For production deployments with strict latency requirements, each expert or group
of related experts can be assigned to dedicated GPU instances with hardware-level
interference isolation. This prevents noisy-neighbor effects that can occur in
multi-tenant GPU clusters, ensuring consistent performance for latency-sensitive
gueries.

The federation layer manages expert placement with awareness of hardware
topology, co-locating experts that communicate frequently on the same GPU to
minimize inter-device communication overhead. This hardware-aware placement
strategy ensures that the most communication-intensive expert pairs are colocated on
the same device, while less interactive experts are distributed across available
resources. The placement decision is updated periodically based on observed
communication patterns.

5.5 Degradation Mode Hierarchy Summary

The degradation hierarchy provides a graceful fallback chain, ensuring that the
system always produces some output even under extreme resource constraints. Each
degradation level trades a specific aspect of quality (expert diversity, convergence
thoroughness, bidirectional information flow, or internal expert refinement) for
computational efficiency. In practice, Levels 1 and 2 are sufficient for most
resource-constrained scenarios, while Levels 3 and 4 serve as emergency fallbacks for
extreme situations.

6 Inference Complexity Analysis

The inference complexity of the MNN is analyzed per component, with input length
N, expert count M, activated expert count K, and embedding dimension d = 512:

Component Input Output Parameter
Complexity
Embedding (N, 512) (N, 512) W_embed: 512 x V
Memory (N, 512) (64, 512) 4 x (512 x 64)
write
Memory read (64, 512) (1, 512) 512 x 64



Prototype (1, 512), (M, (1, M) E: M x 512
match 512)

Input alloc. (1, 512), (64, (K, 512) Routing: 512 x 64

512)

Expert (1, 512) (1, 512) FFN: 512 - 2048 -
recursion 512

Comp. (1, 512) (1, 64) W cp: 512 x 64
projection

Direction (1, 64) (1, 64) W_dir: 64 x 64
vec.

Permeation (K, 64) (K, 64) A: scalar
signal

Energy agqg. K(K-1) scalars Scalar —

Consensus (K, 64) (1, 64) Weighted a_i
agg.

Dual (1, 64), (M, (1, V) ~10M params
decoding 512)

The dominant computational cost is the expert recursion (O(K x T_i x d™2)) and the
pairwise energy computation (O(K™2 x d_z"2)). Since Kis in [3, 16] and d z = 64 is
fixed, the overall inference complexity is dominated by the expert computation, which
scales linearly with K. For typical configurations (K =8, T .i = 4, d = 512), the total
FLOP count per inference is approximately 2.4 x 10722, comparable to a
medium-sized single expert, while the effective representational capacity approaches
that of a much larger system through dynamic consensus.

7 Systematic Comparison with Existing Paradigms

The MNN architecture differs from existing approaches along several dimensions:

Dimensio Transfor MoE Deep Equi MNN (this
n mer librium work)
Routing Dense Stati N/A Dynamic
(all) c Top-K entropy
Expert Self-at None Fixed-pt Dir.
comm. tn permeation
Internal None None Implicit Energy-drive
iter. n



Conflict None None Implicit Explicit

res. energy

Output None None None Posterior val.
verify.

Expert None None None Autonomous
growth

Memory Attenti None None Persistent

on ctx pool

HW Model Expe GPU Stateless

scaling par. rt par. mem horiz.
bound

The MNN's unique position lies in its combination of dynamic expert activation,
continuous directional communication, explicit energy-driven convergence, and
self-correction mechanisms. No existing architecture combines all of these features
simultaneously. The combination of persistent memory, dynamic routing, and bilateral
communication enables MNN to achieve genuine dynamic self-organization, while the
energy-driven convergence and posterior validation provide theoretical guarantees on
system stability and output quality.

8 Experimental Validation

We validate the proposed mechanisms through controlled numerical experiments on
synthetic data, using NumPy with fixed random seeds for reproducibility. The
experimental setup uses M = 4 to 32 experts, embedding dimension d = 64, and batch
sizes appropriate for each experiment. All results are reproducible from the fixed seeds
specified in each experiment's description.

8.1 Experiment 1: Dynamic Routing



Dynamic Routing: Entropy-Based Expert Activation

30 —— Theory: K = yexp(H)
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Activation Count K
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Figure 2: Dynamic routing. Activation count K vs. routing entropy H(p). Blue curve: theoretical
formula; red dots: observed data (r = 0.95).

We evaluate the perplexity-based routing mechanism by measuring the correlation
between routing entropy H(p) and the actual activation count K. Synthetic inputs are
generated with varying degrees of ambiguity (controlled by the entropy of the
ground-truth expert distribution). Results show that the routing correlation coefficient r
= 0.95 between H(p) and K, with a dynamic range of K in [1, 25.8] as H varies from
0.041 (near-zero, point-mass regime) to 3.445 (near-maximum). Observed values
closely track the theoretical curve K = y? x exp(H): at H = 3.445, theory gives 0.8 X
31.3 = 25.1, observed 25.8 (discrepancy from ceiling and noise). This confirms that the
entropy-based routing provides accurate, fine-grained expert allocation.

8.2 Experiment 2: Directional Permeation
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Permeation Comparison: Conflict Resolution
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Figure 3: Permeation comparison. Conflict energy vs. iteration count. Blue solid: directional
permeation; red dashed: isotropic coupling.

We compare directional permeation against isotropic coupling in a conflict resolution
task. Expert pairs are generated with known disagreement structure (diagonal vs.
off-diagonal blocks in a prediction matrix). The permeation selectivity ratio (directional
selectivity / isotropic coupling strength) is 55.6, corresponding to a 2.45x improvement
over isotropic coupling. The directional mechanism achieves 76% conflict resolution in
30 iterations, compared to 31% for the isotropic baseline. These results confirm that
direction-specific, precision-weighted information flow is substantially more effective
than uniform attention.

8.3 Experiment 3: Energy Convergence and Wake-up

Energy Convergence with Dynamic Topology
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Figure 4: Energy convergence with dynamic topology expansion (K: 3 to 6). Energy reduction of
62.1%.

We test the energy-driven consensus process with dynamic topology expansion.
Starting with K = 3 activated experts, the system reaches energy E = 26.96. At
iteration 12, a wake-up event activates 3 additional experts (K increases to 6), and the
energy drops to E = 10.22, representing a 62.1% reduction. The 3-step energy range
during convergence is less than 0.5% of E, confirming smooth convergence. Individual
gating values evolve monotonically, with the newly awakened experts starting from
zero and rising smoothly to their steady-state values. This experiment validates the
continuous gated diffusion mechanism and demonstrates the system's ability to
dynamically adjust its expert set during inference.

8.4 Experiment 4: Implicit Differentiation

Implicit vs Unrolled Differentiation
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Figure 5: Implicit vs. unrolled differentiation. Memory scaling vs. iteration count T. Implicit achieves
29x memory savings.

We compare implicit differentiation against unrolled backpropagation in terms of
memory usage and gradient accuracy. The implicit method requires constant memory
with respect to iteration count T, while unrolled backpropagation scales linearly (O(T)).
For T = 30, the implicit method achieves 29x memory savings. The gradient error
(relative to finite-difference computation) is 0.00013%, with the residual attributable to
finite-difference truncation error (O(€™2) = O(10™ {-6}) for central differences with € =
10~{-3}). This confirms that implicit differentiation provides both computational
efficiency and numerical accuracy, making deep consensus processes practically
trainable on memory-constrained hardware.

8.5 Experiment 5: Posterior Validator
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Posterior Validator: Contradiction Detection
®
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Figure 6: Posterior validator. Contradiction detection accuracy vs. contradiction magnitude o (90%
at o = 0.21).

We evaluate the posterior validator's ability to detect contradictory outputs. We
generate 600 test samples: 300 consistent samples (expert noise o = 0.08 around a
shared representation) and 300 contradictory samples (o = 0.4). The validator
achieves 90% accuracy at contradiction magnitude o = 0.21, correctly classifying
consistent and contradictory outputs. The energy distributions for consistent (c = 0.08)
and contradictory (o0 = 0.4) outputs show clear separation, confirming that the
posterior energy provides a reliable signal for output quality assessment. This
experiment validates the self-correction loop's ability to distinguish valid outputs from
contradictory ones.

9 Current Limitations and Future Directions

9.1 Theoretical Limitations

While the MNN architecture is theoretically self-consistent, several limitations
remain. First, the convergence guarantee for the global energy functional assumes that
the pairwise energy functions E _{i,j} are convex in the neighborhood of the
equilibrium, which may not hold for all expert configurations. Second, the implicit
differentiation approach, while memory-efficient, requires the Jacobian oF/aZ* to be
non-singular; degenerate equilibria (e.g., when experts converge to identical
representations) can cause numerical instability. Third, the theoretical bounds on the
approximation error of the compression projection depend on the spectral properties of
the expert representation manifold, which are not fully characterized.
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Furthermore, the bilinear parameter decomposition used in the cross-modal
prediction mechanism introduces a rank limitation: the shared core matrix V has rank r,
which limits the expressiveness of the pairwise prediction function. For tasks that
require high-rank transformations between expert representations, the bilinear
approximation may be insufficient. Future work could explore adaptive rank selection,
where the rank r is tuned based on the observed complexity of expert interactions.

9.2 Engineering Challenges

The engineering deployment of MNN faces several challenges. The persistent
memory requires maintaining a stateful slot pool across inference sessions, which
increases system complexity and introduces potential consistency issues in distributed
deployments. The expert genesis mechanism, while elegant in theory, requires careful
management of the prototype matrix growth to avoid catastrophic interference with
existing experts. The time-box scheduling, while effective, introduces latency overhead
from the inter-slice communication that may be unacceptable for ultra-low-latency
applications.

Another practical challenge is the cold-start problem: new experts generated
through expert genesis may initially produce poor quality outputs until they have
accumulated sufficient training data. The teacher-student distillation mitigates this to
some extent, but additional warm-up strategies may be needed for time-sensitive
applications.

9.3 Future Directions

Several directions for future work are promising. (a) Extending the MNN to
multi-modal inputs beyond text and images (e.g., audio, video, sensor data) through
modality-specific compression adapters that project to a shared semantic space. (b)
Investigating the theoretical foundations of expert genesis, including conditions for
stable growth and avoidance of expert proliferation. (c) Developing hardware-aware
compilation strategies that optimize the dynamic topology for specific GPU
architectures. (d) Applying the MNN framework to real-world applications such as
scientific reasoning, code generation, and interactive dialogue systems, with empirical
evaluation on standard benchmarks.

We also plan to explore the relationship between MNN and other energy-based
models, particularly in the context of the free-energy principle [10]. Understanding how
MNN's energy functional relates to variational free energy minimization in neuroscience
could provide deeper insights into the biological plausibility of the architecture and
suggest new avenues for improvement.

10 Conclusion
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We have presented the Modular Neural Network (MNN), a brain-inspired
computational architecture that fundamentally transcends the limitations of current
large-scale Transformer and Mixture-of-Experts models. The MNN employs five core
mechanisms working in concert: dynamic semantic routing with persistent memory,
independent experts with local dynamic penalty, bijection flow adapters with
compression projection, directional precision-weighted permeation, and global
energy-driven consensus with posterior verification and self-correction. We provide
complete mathematical formalization of all mechanisms and propose a training
framework based on implicit differentiation that resolves the computational challenges
of dynamic iteration depth. The engineering deployment scheme, encompassing
time-box scheduling, stateless horizontal scaling, elastic degradation, and
hardware-level isolation, provides a practical blueprint for implementation on existing
GPU infrastructure.

The MNN architecture simulates the hierarchical compression, consensus
optimization, and metacognitive arbitration mechanisms of biological intelligence. Its
theoretically self-consistent design, combined with an engineeringly executable
deployment plan, provides a comprehensive blueprint for building scalable,
interpretable, and continuously evolving general artificial intelligence systems. We
believe that the principles underlying MNN—dynamic topology, soft coupling,
energy-driven convergence, and metacognitive self-correction—represent a
fundamental step toward more capable and trustworthy Al systems.

Formal Propositions and Theorems

Proposition 1. Entropy-Based Routing Monotonicity.

Let K(H) = |y? x exp(H(p))] be the activation count as a function of routing entropy
H(p). Then K(H) is monotonically non-decreasing in H, and K(0) = |yP], K(log M) = [yP X
M].

Proposition 2. Bijection Flow Invertibility.

The coupling-layer normalizing flow transformation f_{bf}: R~d - R~ {d_z} is strictly
invertible, with computable Jacobian determinant |partial f {bf}/partial z| = exp(Z_k
s k(z_{1:%5})), where s_k is the scale output at step k for variable k.

Proposition 3. Directional Permeation Boundedness.

For any pair of activated experts (i, j), the permeation signal satisfies
1Az i~ {()}]| 272 = (I/min k o {i»j}~{(k}) x [lu {i=j}|| 272, and the total
permeation received by expert i satisfies ||Z_{j # i} Az_i~{(j)}||.272 = Z_{j = i}
({[u_{i=j}||_272 / min_k o_{i=j} " {(k)}).

Proposition 4. Energy Functional Descent.



Under the continuous gated diffusion update z_i(t+1) = z_i(t) - n x g_i(t) x V.i
E(Z(t)) with g i(t) = o(A_i(t)) € (0, 1] and A_i(t+1) = A_i(t) x exp(-n x ||V_i E[]), the
energy satisfies E(Z(t+1)) = E(Z(t)) - (n/2) x Z_.i g_i~2(t) x ||[V_i E|]”2 + 0O(n"2),
ensuring descent for sufficiently small n.

Theorem 1. Convergence of Consensus Process.

Suppose the pairwise energy functions E_{i,j} are p-strongly convex and L-smooth in
a neighborhood of the equilibrium Z*, and the gating function g_i(t) is Lipschitz
continuous with constant L_g. Then the consensus process converges to a stationary
point Z* with V_Z E(Z*) = 0 at a rate of O(1/t), where t is the iteration count.
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Appendix A: Complete Proofs and Mathematical
Derivations

A.1 Theorem 6.1: Expanded Proof of Inference Complexity

Theorem 6.1 (Restated). The inference computational complexity upper bound of a
single MNN forward pass is O(N - P - d + C), where P is the persistent memory slot
count (constant 64), d is the embedding dimension (constant), and C is a constant
independent of the total input length N. There is no O(N?) or exponential growth term.

Complete Proof. We analyze the computational complexity of each stage of the
inference process in turn, annotating the complexity order for each stage.

Stage 1: Persistent Memory Write. For each position t in the input sequence X €
R™{Nxd}, K {write} write operations are performed. Each write requires: (a)
computing attention weights a_{t,k} = softmax(x_t W k~Q - (M W_k~K)"T / v(d_v)),
where each component has complexity O(d - d_v) for query computation, O(P - d - d_v)
for memory key projection, O(P - d_v) for inner product, and O(P) for softmax. Total per
head: O(P - d * d_v). (b) Updating memory M « M + % k o_{t,k} - v_k(x_t) ® g_k(M),
where v _k(x t) = x t W_k”~V has complexity O(d - d v), g k(M) = M W _k~{Q'} has
complexity O(P - d - d_v), and the outer product has complexity O(d_v?). Total: O(P - d -
d v + d v?). The total write complexity is O(N - K {write} - P - d - d_v). Setting
K {write} =4,d v=64,P=64,d =512, weobtain T_write=N-4-64-512-64 =N -
8.4 x 10° FLOPs, which is linear, with the constant 8.4 x 10° significantly smaller than
self-attention’s N - d?2 = N - 262,144,

Stage 2: Memory Read and Routing. (a) Memory aggregation into routing query
vector h: O(P - d - d_k) = O(64 - 512 - 64) = 2.1 x 10° FLOPs, independent of N. (b)
Prototype matching: O(M - d) = O(32 - 512) = 1.6 x 10* FLOPs, independent of N. (c)
Entropy computation and truncation: O(M) = 0O(32), negligible.

Stage 3: Expert Input Allocation. For each activated expert i € A, retrieving input
from memory: B _{i,p} = softmax(ei - (M_p W _K~{route})”T / V(d k)). The
memory-key projection has O(P - d - d_k) shared across all experts. Inner product +
softmax per expert: O(P - d_k). Weighted sum per expert: O(P - d). Total: O(P - d - d_k +
K-P-d) = 0(2.4 x 10°), independent of N.

Stage 4: Expert Internal Recursion. Each expert executes L recursive steps: per-step
FFN has O(d_{local}? - 4 + d_{local} - 4d_{local}) = O(8 - d_{local}?). For K parallel
experts, the maximum complexity is determined by the slowest expert. Total: O(L -
d {local}?) = O(4 - 5122) = 1.0 x 10%, independent of N.

Stage 5: Adapters and Compression. Adapter bottleneck layer: O(d_{local}
d_{bottle}) = O(512 - 64) = 3.3 x 104 Compression projection: O(d_{local} - d z) =
O(512 - 64) = 3.3 x 104 Direction vector generation: O(d_z?) = 0(642) = 4.1 x 103.
Total per expert: O(7 x 10%), K-way parallel.



Stage 6: Permeation and Federation Negotiation. (a) Permeation signal: O(K? - d_z) =
O(64 - 64) = 4.1 x 103. (b) Pairwise prediction (bilinear bottleneck): O(K2 - d z - r) =
04 - 64 - 8) = 3.3 x 104 (c) Energy aggregation: O(K?) = 0O(64). (d) Gradient
computation (diffusion wave): O(K-d_z) = O(8 - 64) = 512.

Stage 7: Reverse Decoding and Posterior Validation. (a) Decoding: standard
autoregressive decoder complexity O(U - d?), where U is output length. O(2048 - 5122)
=~ 5.4 x 108, independent of input length N. (b) Posterior validation: re-tokenizes the
output through the forward path, with complexity identical to Stages 1-6 but with input
length U (typically U < N).

Summary: The only term containing N is Stage 1's O(N - P - d - d_v), which is linear.
All other terms are constant. Q.E.D.

A.2 Complete Derivation of Implicit Differentiation

A.2.1 Fixed-Point Equation Form

The energy iteration of the inference process can be formalized as:

Z7{(t+1)} = f 6(Z2~{()}, A~{(1)}, g7 {(D)}),
where Z~{(t)} = {z.i~{(1)}} {ieA~{(t)}}, and f 6 encompasses one step of
permeation, energy computation, and diffusion wave. Under the continuous gating
scheme, even when A~{(t)} changes over time, f 8 remains a continuously
differentiable function of Z (because new experts are continuously merged through the
exponential annealing of A(t).)

At convergence, Z* = f_6(Z*). This is a standard implicit definition.

A.2.2 Implicit Gradient Computation

Let the external loss L depend on the fixed point Z*. By the chain rule:

oL /96 = (9L / 9Z*) - (8Z* / 98)

Differentiating both sides of the fixed-point equation:

0Z* [ 06 = of 6(Z*)/a0 + (of_6(Z*)/oZ*) - (9Z* / 98)

Rearranging:

(I - of_B(Z*)/0Z*) - (0Z* | 08) = of 6(Z*)/06

Therefore:

9Z* [ 36 = (I - of 6/0Z*)~{-1} - (of_6/96)
The final gradient:



oL /30 = [aL/ozZ* - (I - of B/0Z*)"~ {-1}]1 {vJVP} - (of 6/36)
where the term in brackets is the vector-Jacobian product (vJVP).

A.2.3 Computational Schemes

Direct inversion of (I - of 8/0Z*) has complexity O((K - d_z)3). For K=8, d_z=64, the
matrix dimension is 512 x 512, which is feasible but expensive. Practical alternatives
include:

(a) Broyden Method (recommended): Solve the linear system v~T(l - of 6/9Z*) =
oL/oZ*. This is a standard quasi-Newton method with superlinear convergence,
requiring only one Jacobian-vector product per iteration.

(b) Fixed-Point Iteration: v_{(k+1)}"~T = aL/eZ* + v_{(k)}"~T - (of 8/0Z*). This
iteration converges when p(af 6/9Z*) < 1 (spectral radius condition). The MNN energy
descent process naturally satisfies this condition because the system converges to an
energy minimum where the Jacobian spectral radius is less than 1.

A.2.4 Memory Analysis

Implicit differentiation memory overhead includes: (a) Fixed point Z*: K - d z
floating-point numbers. (b) Jacobian matrix of_6/9Z*: no explicit storage needed, only
the Jacobian-vector product function must be implemented. (c) Intermediate states
Z~{(1)}, ..., Z~{(T)}: no storage required, which is the core advantage over unrolled
differentiation. For T=20, implicit differentiation achieves approximately 20x memory
savings.

A.3 Convergence Analysis of Continuous Gating

Proposition A.3.1. Under the continuous gating scheme, the energy function E_t is
Lipschitz continuous with respect to iteration count t.

Proof Sketch. The energy function:

Et=2 {i.j} g_i(t) g_jt) - &_{i=jH(Z'(t)) + B Z_i g_i(t) - KL_i(Z'(t))

where: g_i(t) = p_i - A_i(t), with A_i(t) = 1 - exp(-(t - t wake)/t_{entry}); Z'(t) updates
via diffusion wave: z_ i'(t+1) = z_i'(t) - n(dE/oz_i'); and &_{i—j} and KL_i are quadratic
functions of Z'.

We must show |E_{t+1} - E_t| = L - |t+1 - t| = L. Three factors drive the change in
E_t: (1) Continuous change of g_i(t) (ensured by exponential decay of A_i(t), which is
Lipschitz). (2) Gradient updates of Z'(t) (step size n is bounded, gradients are
bounded). (3) Addition of new experts (A_k(t_{wake}) = 0, rising continuously).

Each component of change is bounded, hence there exists a constant L such that E_t
is Lipschitz continuous.



Theorem A.3.2 (Application of Zangwill Convergence Theorem). Let X be a compact
set, and F: X » 27X be a set-valued map. If: (1) there exists a continuous strictly
decreasing function V: X » R, and (2) F is a closed map at x & Q (Q = solution set), then
all accumulation points of x~ {(t+1)} € F(x~ {(t)}) belong to Q.

In MNN: x = (Z', g) (the joint state of summaries and gates); V = E (the energy
function); F = one-step federation negotiation (permeation + energy computation +
diffusion wave); Q = {x | VE(x) = 0} (stationary point set).

The continuous gating ensures F is a closed map (because g i changes continuously
without instantaneous jumps). With appropriate step size n, each iteration reduces
energy. Therefore Zangwill's theorem applies: accumulation points of the iteration
must be stationary points of E. Note: this proves convergence to a local minimum, not
a global one. MNN'’s initialization (routing probability distribution) and diffusion wave
perturbations (waking new experts) act as jumps in the solution space, increasing the
possibility of escaping local minima.

Appendix B: Complete Exposition of Design Rationale

B.1 Complete Framework of Information-Theoretic Adaptive
Thresholds

All critical thresholds in MNN follow a unified information-theoretic adaptive
criterion. This section provides the complete definitions and tuning mechanisms for
each threshold.

B.1.1 Routing Truncation Threshold 6

8 =1-H(p)/logM

where H(p) = -Z_{i=1}"M p_i log p_i is the entropy of the routing distribution, and
log M is the maximum entropy of M uniformly distributed experts.

Design philosophy: 6 should not be fixed, because the meaning of 'information
coverage' depends on the concentration of the routing distribution itself. When the
distribution is highly concentrated (H = 0), a single expert covers nearly all
information, 6 —» 1, activating only that expert. When the distribution is dispersed (H =
log M), the system needs to aggregate multiple experts to achieve sufficient coverage,
0 - 0, activating many experts.

Boundary behavior analysis: (a) H=0: 6=1, activates the single highest-probability
expert. (b) H=% log M: 86=0.5, activates experts whose cumulative probability reaches
50%. (c) H=log M: 6=0, activates all experts.



B.1.2 Energy Threshold E_max

Exponential sliding average over energy history:

M ET{(D)} = o p E7{(t-1)} + (1-a) - E~{(1)}
o_E~{(D)} = V(a(o_E~{(t-1)})? + (1-0)(E~{(1)} - p_E~{(D)})?)

where a = 0.99.

E max~{(t)} = L .E~{(t)} + k- o E~{(1)}

K is the sensitivity coefficient (default 2.0). Cold start: for initial phase (t < 100), use
default E_max = 10.0 while accumulating statistics.

B.1.3 Refusal Threshold C_reject

C _reject = exp(-u_E™ {history} - k - 0_E~{history})

B.1.4 Panic Threshold Q_ panic

Maintain historical statistics of global perplexity (same method as E_max):

Q_panic = p_x"{history} + 3 - 0_x"{history}

Uses 30 instead of 20 so panic triggering only occurs in extreme anomalies (trigger
probability < 0.3% under normal conditions).

B.1.5 Wake-up Threshold 6 _wake

The new expert wake-up threshold is based on historical affinity statistics:

0_wake = p_a~{history} + 2 - 0_a” {history}
where a_k = &_i~{wave} - e k"T is the affinity between the diffusion wave and the

prototype of the unactivated expert k.

B.2 Design Details of Persistent Memory

B.2.1 Orthogonal Initialization of Write Heads and Diversity



K write = 4 write heads must maintain diversity to prevent all heads from writing
the same slots. Mechanisms: (a) Orthogonal initialization: W_k~Q and W _k~K are
orthogonally initialized so different heads attend to different slots. (b) Load-balancing
regularization for write heads:

L_write-balance = = {p=1}"P (Z_{t=1}"N Z_{k=1}"{K write} a_{t,k,p} / (N - K write) -
1/P)?

This penalty prevents certain slots from being overused while others are neglected.

B.2.2 Memory Capacity and Information Bottleneck

The P=64 slot count is carefully chosen: too large loses compression effect, too
small creates an overly strong information bottleneck. The dimension 64 matches the
compression summary dimension d_z=64, placing memory slots and expert summaries
in the same mathematical space, enabling direct retrieval from memory during
federation negotiation.

Cognitive science correspondence: human working memory capacity is
approximately 72 chunks. MNN’s P=64 slots can be understood as 64
parallel-accessible 'micro-chunks', far exceeding human capacity (since machines are
not bounded by biology) but still a strong compression relative to raw sequence length
N (potentially tens of thousands).

B.2.3 Memory Forgetting and Update

Persistent memory requires a forgetting mechanism, otherwise old information
would permanently occupy slots. Exponential decay is used:

Mey:-M+ (1-y) - AM

where y = 0.9 is the retention rate and AM is the update caused by the current
input. This ensures the memory is always dominated by recent input.

B.3 Parameter Efficiency of Bijection Flow Adapters

B.3.1 Comparison with Linear Adapters and Full Fine-Tuning

Full fine-tuning: O(d_{local}?) parameters, strongest expressiveness, high forgetting
risk. Linear compression: O(d_{local} - d_z) parameters, weak (linear) expressiveness,
low forgetting risk. Bijection flow adapter: O(d_{local} - d_{bottle}) parameters,
medium non-linear expressiveness, low forgetting risk.



With d_{local}=512, d z=64, d_{bottle}=64: Full fine-tuning requires
approximately 2 x 10% parameters per expert; linear compression requires
approximately 3.3 x 104 bijection flow adapter requires approximately 6.6 x 104
parameters per expert (512 X 64 in each direction). The adapter adds only twice the
parameters of linear compression but gains non-linear alignment capability.

B.3.2 Near-ldentity Initialization

U_{i,1} ~ N(O, 0?), o = V(2/(d_{local}+d_{bottle})) - 0.01
U_{i,2} ~ N(0, 0?), 0 = v(2/(d_{bottle}+d_{local})) - 0.01

The extremely small variance ensures F_i(h) = h in the initial state.

B.4 Visualization and Intuition of Directional Precision Weighting

B.4.1 A Concrete Numerical Example

Consider three experts (visual, linguistic, logical) reaching consensus on 'ls there a
cat in the picture?' Their raw summaries: Visual z V = [0.8, 0.1, -0.2, 0.5, ...] (64-dim,
first dim: 'animal existence' confidence). Linguistic z L = [0.7, 0.3, 0.1, 0.4, ...]. Logical
z R=10.9,-0.1, -0.3, 0.6, ...].

Visual expert has low local loss (o_V = 0.1), linguistic expert has high local loss (o _L
= 0.5).

Isotropic permeation: the linguistic expert broadcasts variance 0.5 noise across all
64 dimensions. The visual expert receives a flood of useless noise and may be misled.

Directional permeation: the linguistic expert’'s d_L via softmax(W_{dir} z_L)
identifies uncertain dimensions—e.g., dimension 2 ('color') and 3 ('spatial relation’). d_L
= [0, 0.8, 0.7, O, ...]. The permeation signal c_L - d_L ® (z_L - z_V) sends information
only in uncertain and differing dimensions. The visual expert receives a precise 'query
report.’

B.4.2 Learning of W_{dir}

W_{dir} is learned during Stage 2. An auxiliary loss:

L dir=2%_i||d_i - d_i~{gt}||?

where d_ i~{gt} is the 'ideal direction'—the dimensions where the expert’'s
representation deviates most from the correct answer. Ground truth is obtained via
‘oracle negotiation' during training.



B.5 Algorithm Details of Contrastive Decoding Constraint

Algorithm B.5.1: Contrastive-Decoding-Constrained Reverse Tokenizer.

fort = 1 to U: (1) Standard decoding: h_t = DecoderStep(y_{t-1}, z consensus, E),
logits = h_t - W_out + b_out. (2) For each candidate y € TopK(logits), temporary
forward: h_temp = DecoderStep(y, h_t, E), Z i = MLP_reconstruct(h_temp). (3) Check: if
max_i ||Z_i - z_i*||> < n_reconstruct, accept y. (4) If no token accepted, L_introspect +=
max_i ||z_i - z_i*||2. Resample: logits[y] -= y - max_i ||Zz_ily) - z_i*||2. (5) y t =
argmax(logits).

B.5.2 Adaptive Setting of Reconstruction Threshold n_reconstruct

n_reconstruct = y_reconstruct” {history} + 2 - o_reconstruct”™ {history}

The historical statistics of reconstruction error are maintained online during
decoding. Initial phase uses a default value (e.g., 0.5).

Appendix C: Engineering Implementation Reference
Specifications

C.1 Summary of Default Hyperparameter Values

Embedding dimension d = 512. Expert internal dimension d {local} = 512.
Compression summary dimension d z = 64. Bottleneck dimension d_{bottle} = 64.
Bilinear bottleneck rank r = 8. Expert prototype count M = 32 (scalable). Memory slot
count P = 64 (persistent). Write head count K_{write} = 4. Expert recursion steps L =
4. Maximum iterations T _{max} = 10 (hard cutoff). Time-slice length = 50ms
(hardware-dependent). Max rollback count R_{max} = 3. Load penalty weight y = 0.1.
Coupling strength A = 0.1 (learnable). Complexity regularization B = 0.1. Temperature
T = learnable (initial 1.0). Annealing temperature T: 5.0-0.5 (decay during training).
Sensitivity coefficient K = 2.0 (energy threshold). Conservatism coefficient k_{reject} =
2.0 (refusal threshold). Substitute expert count K {alt} = 3. Degrade penalty
coefficient y_{degrade} = learnable. Memory retention rate y_ {mem} = 0.9. History
statistics decay o = 0.99. Tolerance margin 6_{margin} = 0.1 - E_{input}.

C.2 Dimension Flow Reference Table



Patch proj. (N_I, P2C) (N_I, 512) W_patch
1.2 Text emb. (N_T) (N_T, 512) W_emb: Vx512
2.1 Mem. write (N, 512) (64, 512) 4x%(512x64)
2.2 Mem. read (64, 512) (1,512) 512x64
2.3 Proto match (1,512),(M,512) 1, M) E: Mx512
3.1 Expert rec. (1,512) (1,512) FFN: 512 -, 2048
3.3 Compression (1, 512) (1, 64) 512x64
41 Permeation (K, 64) (K, 64) A scalar
4.2 Pair pred. (1, 64) (1, 64) U:64x8, V:8x8
5.1 Consensus (K, 64) (1, 64) o_i weights
5.2 Dual dec. (1,64),(M,512) 1,V) ~10M params

C.3 Communication Protocol Specifications

Expert —» Federation (end of each time-slice): ExpertMessage = {expert_ id: int,
summary: float[64] (z_i), variance: float (o_i), direction: float[64] (d_i), local_loss: float
(L_local), queue_length: int (Q_i), capacity: int (C_i)}.

Federation — Expert (start of each time-slice): FederationMessage = {expert_id: int,
bias_adjustment: float[64] (Ab_i), gating_value: float (g _i), is_active: bool, wave_signal:
float[64]}.

Federation - Scheduler (between time-slices): SchedulerMessage = {activate:
List[int], deactivate: List[int], gating_update: Dict[int, float], panic: bool}.

Appendix D: Terminology Index and Additional
References

D.1 Terminology Index



Modular Neural Network Brain-inspired architecture

Persistent Memory Latent Persistent Memory S3.1.1 Fixed-size slot pool simulating working memory
Dynamic Semantic Tokenizer | Dynamic Semantic Tokenizer S2.2 Real-time routing by input complexity
Continuous Gating Continuous Gating S3.1.6 Soft activation g_i in [0,1]

Bijection Flow Adapter Bi-flow Adapter S3.3 Non-linear expert-compression interface
Directional Precision Weighting | Directional Precision Weighting S3.4 Direction-vector Gaussian permeation
Compression Federation Hierarchical Compression Federation |S3.5 Peer-level summary negotiation

Global Energy Functional Global Energy Functional S3.5.2 Internal contradiction measure

Diffusion Wave Diffusion Wave S3.5.3 Gradient signal on energy threshold exceedance
Reverse Tokenizer Inverse Tokenizer S3.6 Dual decoder for consensus extraction

Post-hoc Validator Post-hoc Validator S3.7 Re-tokenization consistency check

Implicit Differentiation Implicit Differentiation S4.1.3 Gradient computation at fixed point

Time-box Scheduling Time-box Scheduling S5.1 Fixed-duration computational slices

Expert Genesis Expert Genesis S4.2 New expert incubation from high-energy problems
Conceptual Commonality Conceptual Commonality Hypothesis |S3.5.1 Cross-modal shared low-dimensional manifold
Information-Theoretic Thresh. |Info-Theoretic Adaptive Thresh. SB.1 Entropy- and history-based dynamic thresholds
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Experimental Validation Roadmap

In addition to the numerical experiments reported in Sections 8.1-8.5, the complete
experimental validation plan for MNN follows a three-phase progressive roadmap,
designed to verify architectural claims from minimal prototypes to production-scale
deployments.

Phase | Minimal Viable Prototype (MVP)

Objective: Verify core feasibility of dynamic semantic routing and energy-driven
consensus with a minimal expert pool (M = 8) on synthetic tasks.

T1.1: Synthetic routing task. Generate inputs with known complexity and verify that
routing entropy H(p) and activation count K satisfy the monotonic relationship K = y™p
x exp(H). Expected: correlation r > 0.90.

T1.2: Consensus convergence on contradictory prompts. Construct expert output
pairs with controlled contradiction levels (cosine similarity in summary space). Verify
monotonic energy decrease to E < E_max within T_max = 10 iterations for
contradiction < 0.7.

T1.3: Posterior validator accuracy on 500 samples (250 consistent, 250
contradictory). Expected: accuracy > 85%, AUC > 0.92.

Phase Il Medium-Scale Verification

Objective: Scale to production-relevant configurations (M = 32) on standard
benchmarks, validating time-box scheduling, elastic degradation, and expert genesis.

T2.1: Benchmark evaluation on ARC-C/OpenBookQA (commonsense), MMLU-5
(multi-domain), and GSM8K (math). Compare against Dense Transformer and MoE (8
experts) at equal parameter count.

T2.2: Time-box scheduling latency under 10-1000 concurrent requests. Verify
time-slice overhead remains below 15% of total latency at P99. Expected: P99 increase
< 20% under moderate load.

T2.3: Expert genesis on 1000 orphaned samples. Spectral clustering identifies

sub-groups. Teacher distillation from existing experts. Verify: (a) new expert H(p) >
0.3, (b) accuracy > 60%, (c) total system accuracy > +2%.

Phase Il Continuous Learning and Long-Tail Verification



Objective: Validate long-term stability, continuous learning, and resilience under
sustained operation.

T3.1: Continuous learning over 30 days. Measure: (a) expert pool growth rate (<
2/day), (b) catastrophic forgetting (< 3% accuracy drop), (c) routing distribution
stability (KL < 0.1).

T3.2: Resilience under degradation. Verify elastic degradation (Section 5.3): (a)
accuracy drop < 5% at level-3 degradation, (b) refusal rate < 5% at level-4
degradation.

T3.3: Ablation of individual mechanisms. Disable each of the five core mechanisms
and measure impact on convergence rate, output quality, and computational cost.
Expected: each contributes > 3% to accuracy, with directional permeation and
posterior validator showing the largest individual impact.
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