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Abstract

Is monolithic scaling the only path to AGI? This
paper challenges the dogma that purely scaling
a single model is sufficient to achieve Artificial
General Intelligence. Instead, we identify Agen-
tic Al as a necessary paradigm for mastering
the complex, heterogeneous distribution of real-
world tasks. Through rigorous theoretical deriva-
tions, we contrast the optimization constraints
of monolithic learners against the efficiency of
Agentic systems, progressing from simple routing
mechanisms to general Directed Acyclic Graph
(DAG) topologies. We demonstrate that Agentic
Al achieves exponentially superior generalization
and sample efficiency. Finally, we discuss the
connection to Mixture-of-Experts, reinterpret the
instability of current multi-agent frameworks, and
call for greater research focus on Agentic Al.

1. Introduction

The No Free Lunch Theorem (Wolpert & Macready, 1997)
dictates that no universal intelligence can perform perfectly
on every conceivable task. Consequently, given the in-
ductive nature of real-world problems, the objective is to
achieve AGI within the context of the human world. But how
is AGI defined in this sense? Historically, Machine Intelli-
gence has been subject to numerous interpretations (Gudwin,
2000; Horst, 2002). Legg and Hutter, after surveying various
perspectives, define it as an agent’s ability to “achieve goals
in a wide range of environments,” which aligns with most
definitions (Legg & Hutter, 2007). Furthermore, Chollet
posits that “the intelligence of a system is a measure of its
skill-acquisition efficiency over a scope of tasks, with respect
to priors, experience, and generalization difficulty” (Chol-
let, 2019). In essence, within the scope of our physical
existence, AGI necessitates optimal performance across
a near-infinite spectrum of human-relevant tasks.
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Reed et al. (2022) states that “...such an agent (which is
generally capable on a large number of tasks) can be ob-
tained through scaling data, compute and model parameters,
continually broadening the training distribution while main-
taining performance...”

Despite relentless scaling of data and computation, no sin-
gle monolithic model commands ubiquitous dominance
across all benchmarks (Jimenez et al., 2024; Mialon et al.,
2024; Patil et al., 2025; Phan et al., 2025), and the elusive
quality of true AGI has notably failed to emerge despite
the saturation of high scores. While scaling pushes per-
formance boundaries, it yields diminishing returns at pro-
hibitive costs (Kaplan et al., 2020; Hoffmann et al., 2022;
Pearce & Song, 2024; Porian et al., 2024), resulting in nar-
row proficiency peaks rather than superiority across the full
spectrum of real-world tasks. This limitation stems from
strong biases introduced by specific optimization objectives
and training data (Battaglia et al., 2018), a problem that is
exacerbated when synthetic data is employed (Dohmatob
etal., 2024).

The term Agentic Al is formally proposed as a paradigm
marked by multi-agent collaboration, dynamic task de-
composition, and coordinated autonomy (Sapkota et al.,
2026). From isolated to coordinated, Agentic AI moves
beyond monolithic scaling to bring up more aspects of or-
chestrating the multi-agent systems. Actually, platforms
like Manus AI (Manus, 2024) and coding assistants such
as Codex (OpenAl, 2024), Claude Code (Anthropic, 2024),
have preliminarily exemplified the power of Agentic Al,
while the paradigm is rapidly expanding into diverse do-
mains such as information retrieval (Zhang et al., 2025b) and
standardized inter-agent communication protocols (Yang
et al., 2025). However, most Al research centers on mono-
lithic models, and there is still no concrete theoretical proof
showing that Agentic Al is overall superior to the monolithic
approach.

In this work, we present a series of demonstrations and the-
oretical derivations to substantiate the claim that Agentic
Al is the foreseeable cross-level move towards AGI. This
capability arises from its ability to adaptively decompose
tasks into correlated atomic ones and orchestrate specific
agents with distinct biases, thereby aligning with real-world
structures and pushing Pareto optimality. The remainder of



Position: Agentic AI System Is a Foreseeable Pathway to AGI

Universally
Perfect
Intelligence

Human Intelligence

Agentic Al

Usability
<, Threshold

.
i Task Spectrum

Expanded Specific Tasks

Real-world Tasks

Expanded

Figure 1. Agentic Al expands the range of usable tasks and im-
proves performance compared to monolithic models. While mono-
lithic models exhibit narrow performance peaks only on specific
tasks they are trained for, Agentic Al demonstrates multi-peak
performance across a broader spectrum. This expands usable capa-
bilities, approaching and even surpassing the altitude and breadth
of human intelligence.

the paper is organized as follows: In Section 2, we estab-
lish the theoretical foundations necessary for our proof by
reviewing constraints from learning theory. In Section 3, we
demonstrate the inability of monolithic models to achieve
multi-peak performance and derive the advantage of routing-
based Agentic Al. We then extend this analysis in Section 4
to general Agentic Al represented as directed acyclic graphs
(DAGsS) of Agents. We also list some alternative views in
Section 5 and reinterpret them after conveying the main idea
of the paper. Finally, in Section 7, we conclude by posi-
tioning Agentic Al as the inevitable successor to monolithic
scaling on the path to AGIL.

2. Theoretical Foundations
2.1. Structured Real-World Distribution

The No Free Lunch Theorem asserts that, without prior
assumptions on the data distribution, no learning algorithm
outperforms any other on average. However, real-world
tasks are not uniform noise; they obey specific physical and
semantic constraints. To rigorously analyze the advantage
of Agentic Al, we formalize the data-generating process
not merely as a statistical mixture, but as a collection of
functions supported on low-dimensional manifolds.

Definition 2.1 (Structured Real-World Distribution). Let
the input space be X C R” and the output space be ) C R.
We define the Structured Real-World Distribution Die, as
a measure on X X ) generated by a latent task variable
z € {1,..., K} with prior probabilities oy, = P(z = k).
The joint distribution is defined by the tuple (M, F, &),
characterized by the following structural properties:

1. Union of Manifolds: The support of the marginal distri-
bution P(z) is a union of K distinct, compact Riemannian
manifolds { M, }X_,, where each M;, C R® has an intrin-

sic dimension d;, < D:

K
supp(P(z)) € [ M
k=1

2. Local Functional Consistency: For each task k, there
exists a distinct labeling function fj : My — Y such that
the conditional distribution P(y|x, z = k) is concentrated
around fy(z) with noise £:

y = fu(Proj, (2)) + &,

3. Task Divergence: The optimal functions are heteroge-
neous, meaning for any pair j # k, the functional distance
implies distinct optimization landscapes:

inf Barorty [((Ro(2), fu(2))] # 08 Bomat, [((ho(@), £5(2)]

where v € M,

Consequently, the density of the structured distribution is
given by:

K
,Dreal(xay) = Zak HMk(x) : P(y|fk(‘r))
k=1

This definition elevates the premise from a simple proba-
bilistic mixture to a piecewise-smooth manifold learning
problem.

2.2. Theorems on Generalization Bounds

The Curse of Dimensionality (Bellman et al., 1957) creates
volumetric sparsity as dimension D increases. This is illus-
trated by the vanishing ratio of a hypersphere’s volume to
its enclosing hypercube:

lim V;phere(ra D)

=0
D—oo ‘/Cube(T,D)

Consequently, high-dimensional data concentrates in the
domain’s “corners”. This increases the average distance be-
tween nearest neighbors, rendering local density estimation

intractable.

Due to the volumetric sparsity discussed above, covering
the domain Q sufficiently to ensure small ||z — /|| re-
quires a sample size N that grows exponentially with D.
This limitation is formally quantified by the minimax lower
bound.

Proposition 2.2 (Minimax Lower Bound on Compact Do-
mains (Stone, 1982)). Let F1,(£2) be the class of L-Lipschitz
functions restricted to a compact subset Q C RP. Under
the standard non-parametric regression model, the minimax
risk for any estimator f ~ based on N samples satisfies:

inf sup E [ [ liv@) =~ @) @) = 0 N
fn fEFL Q

where P(z) is the marginal distribution of inputs supported
on Q, and C > 0 is a constant independent of N.
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The term N~ 2+D reflects the curse: to maintain a fixed
error level, N must scale exponentially with D, mirroring
the geometric expansion of the volume.

Recent theoretical advancements provide a rigorous founda-
tion for understanding the efficiency of Transformer-based
architectures. While Yun et al. (2020) established that
Transformers are universal approximators capable of im-
plementing precise contextual mappings, Jiang & Li (2024)
advanced this further by deriving explicit Jackson-type ap-
proximation rates. They proved that the generalization error
is intrinsically governed by the spectral decay properties of
the target function’s temporal coupling, represented by the
singular value decay rate « of the attention mechanism.

By linking these spectral properties to the model’s capac-
ity, we can express the approximation error £ as a function
of the parameter count P and the task’s intrinsic dimen-
sion d. Under the standard architectural assumption that
parameters scale quadratically with the hidden dimension
(P x mi)(Hoffmann et al., 2022) and the spectral theoreti-
cal observation that the decay rate « scales inversely with
dimension (o o 1/d), the approximation error follows a
dimensionality-dependent power law:

EP)~C-P 1 (1)

where C'is a task-dependent constant and x represents the
regularity (smoothness) of the target function.

2.3. Multi-Class Learning

Since Agentic Al may involve routing problems, specifi-
cally, choosing a proper agent for a specific input, we intro-
duce some multi-class learning theories. Let X be the in-
stance space and )) = {1, ..., K} be the label space with K
classes. We consider a hypothesis class H C {h : X — V}.

Natarajan Dimension (Natarajan, 1989) is the generalization
of VC dimension (Vapnik & Chervonenkis, 1971) for mul-
ticlass classification problems (where the number of labels
K > 2).

Aset S = {z1,...,2m} C X is Natarajan-shattered by H
if there exist two “witness” functions fy, f1 : S — ) such
that fo(x;) # fi(z;) for all ¢, and for any binary vector
b € {0,1}™, there exists h € H such that:
i) ifb; =0
h(zi) = folz:) 1
fl ((El) if bl =1
The Natarajan Dimension dy (#) is the maximum size of
such a shattered set.

Jin (2023) gave the upper bounds on the Natarajan dimen-
sion, d (H), for the tree-based and neural network function
classes as below.

Theorem 2.3 (Natarajan Dimension Upper Bound for
Tree-based Classifiers (Jin, 2023)). Consider multi-class
classification problems with d classes and inputs in RP. Let
Hdezee be the class of decision trees of depth L. Let H{O;e;t
be the class of random forests consisting of T' such decision
trees. The Natarajan dimensions for these classes are upper

bounded by:

d (T17175°) = O(L2" log(pd)),
dn (T1]%3") = O(LT2" log(pd)).

Theorem 2.4 (Natarajan Dimension Upper Bound for Neu-
ral Network Classifiers (Jin, 2023)). Let Hgy g denote the
class of feed-forward neural networks with a fixed structure
S and at most p parameters for d-class classification. If the
activation functions are restricted to binary or linear sets

(denoted as sz‘gary ), or if the activation functions addition-

ally include ReLU (denoted as H]ffesL V), then the Natarajan
dimension for both cases is upper bounded by:

dy (Hgfgary) = dy(IIEYY) = 0(d - p?).

With the Natarajan dimension of a hypothesis class estab-
lished, the relationship between model complexity and gen-
eralization performance can be characterized as follows.

Theorem 2.5 (Generalization Error Bounds for Multiclass
ERM (Daniely et al., 2011)). For every hypothesis class
H with a finite label set ), given a sample size m and
confidence parameter J:

dnv(H)1 In(3
en(m,0) < egrm(m,08) <O (\/ N (#H) n(lyf') + n(5)>
where €3.(m, 0) denotes the minimax (PAC) error achiev-
able by the optimal learning algorithm, and egrp (M, 0)
denotes the uniform ERM error, representing the worst-case

guarantee for any Empirical Risk Minimizer.

3. Why and How Much Monolithic Learner
Falls Behind

In this section, we first provide a formal justification for
the negative transfer phenomenon in monolithic models
when facing heterogeneous tasks. We frame the Average
Trap explicitly as the penalty for ignoring the modular struc-
tural bias of Dy, . Effectively, the monolithic model at-
tempts to compress a modular reality into a dense parameter
space, resulting in optimization conflicts. Then, we model
a naive Routing-based Agentic Al and demonstrate that
even a merely routing-based Agentic Al can beat the mono-
lithic model exponentially in both sample and parameter
complexity.
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3.1. The Monolithic Dilemma

Let the parameter space be © C R?. The goal of a mono-
lithic model is to minimize the weighted average risk:

K
0 ono = argmin Lioa1(0) = arg min Z arL(0)
) vee 1

In contrast, a specialist model for task k seeks the task-
specific optimum 6} = argmingcg L (6).

Assumption 3.1 (Regularity under Ideal Task Sharding).
Assuming the tasks are perfectly sharded such that each
Dy, represents a distinct, internally consistent function, the
loss function L (0) is well-behaved. Specifically, we as-
sume Ly, (6) is twice continuously differentiable (C*?). Fur-
thermore, in the local neighborhood of its optimal param-
eter 05, L1(0) is strictly convex, implying that its Hessian
matrix Hy(0) = V2L, () is positive definite (PD), i.e.,
v Hyv > 0 forall v # 0.

Assumption 3.2 (Lipschitz Continuous Hessian). For each
task k, the loss function £ is twice differentiable and
has a py-Lipschitz continuous Hessian, i.e., ||V2L(0) —
V2LR (0] < prll6 —0']].

We now state the proposition, which provides a lower bound
on the monolithic risk. Rather than simple degradation, it
demonstrates the inevitability of a suboptimal compromise:
to accommodate the conflicting gradients of heterogeneous
tasks, the monolithic model is forced to sacrifice peak profi-
ciency in specialized domains, resulting in a flattened and
averaged performance profile.

Proposition 3.3 (The Average Trap). Let Lp1i(0;0n0) b€
the converged risk of the monolithic model. Under Assump-
tion 3.1, if the tasks are heterogeneous such that their opti-
mal parameters do not coincide (i.e., 3i, j, 07 # 07), strictly
positive lower bound € > 0 exists:

K K
af
EtOtal(Q:nono) ~ Z Oék‘ck(e;:) + Z 7“01*1101”10 - 0:”?—[;‘
k=1 k=1

€

where ||v||3;, = v Hyv denotes the squared Mahalanobis
distance induced by the task curvature.

See Appendix A.1 for the proof. Thus, we formally prove
the inevitability of the “Generalist’s Penalty”: as the diver-
sity of tasks increases, a monolithic model must trade away
its expert-level acuity to maintain stability, resulting in a
representation that is broadly usable but universally distinct
from the optimum.

3.2. A Merely Routing-based Agentic Al Dominates

The limitations of the Monolithic learner, as proven in The-
orem 3.3, stem from its attempt to approximate a global
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Figure 2. A demonstration of the Average Trap. The monolithic
optimum is pulled towards the sharp task, illustrating the curvature-
induced bias described in Proposition 3.3.

function over the complex union | J M. It is forced to
smooth over the discontinuities between disjoint manifolds,
expending capacity on the empty ambient space.

Now, we formalize a naive Routing-based Agentic Al (de-
noted as Mg_agentic)» Which in contrast, bypasses the Average
Trap by explicitly aligning its architecture with the topolog-
ical structure of Dy, . Instead of solving for a compromised
global optimum, the system exploits the geometric decom-
posability of the task mixture. We formalize the routed
agentic hypothesis by assuming the target function f can be
factorized through a routing mechanism 7 and a set of local
maps:

K
fR—Agentic(x) = ZH[W(J:) = k] : fk(¢k(x))

k=1

where 7 : X — {1,...,K} acts as a geometric router
identifying the active manifold, and ¢, : Mj, — R% repre-
sents the local coordinate chart (or projection) that maps the
high-dimensional input onto the low-dimensional intrinsic
manifold of task k.

In this analysis, we focus on the over-parameterized regime
(P — 00), assuming the model possesses sufficient capacity
to fully interpolate the finite training set. Under this assump-
tion, the generalization error is no longer bottlenecked by
model expressivity, but is strictly governed by the sample
complexity relative to the intrinsic geometry of the data.

Monolithic Baseline Consider a Monolithic Learner
Minono that attempts to approximate f directly in the joint
space R . In the absence of structural assumptions, the
model must populate the entire D-dimensional domain.
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Given a fixed training budget of NV samples, the generaliza-
tion error Eyono follows the standard convergence rate for
Lipschitz functions in high-dimensional spaces by Proposi-
tion 2.2:

Enono(N) ~ O (N~ )

This relationship highlights that the error convergence is bot-
tlenecked by the total dimension D. As the task complexity
(D) increases linearly, the sample size required to maintain
a constant error rate grows exponentially (N oc e~ D).

Routing-based Agentic Decomposition In the Routing-
based Agentic Al framework, the problem is explicitly de-
composed into K distinct sub-tasks. Each agent Ay, is
responsible for learning a sub-function f; : R%* — R.
Assuming the aggregation (or routing) function 7 is fixed
or introduces negligible error, the system’s complexity is
determined by the complexity of its sub-components.

Assuming the training budget N is distributed among the
agents (e.g., N/ K samples per agent), the total error bound
is dominated by the sub-task with the highest dimensionality.
Let dynax = maxy(dy) and let Ly, be the Lipschitz constant
for fi. The error upper bound for Routing-based Agentic
Al is given by:

K K N —%k
Eragenic(N) =Y &~ L- O <<K> ) 2)
k=1 k=1
K _ 1
N\ %
Z Lk -0 ((K) ) + grouting
k=1

Assuming ideal routing and considering the dominance of
the most complex sub-task, we obtain:

IA

Er-genic(N) = O (K : N_m)

Since dpax < D, the exponent —1/d,,ax is significantly
larger in magnitude (more negative) than —1/D, implying
a substantially faster decay of error.

We further quantify the advantage of the Routing-based
Agentic Al by comparing the ratio of the expected errors.
Neglecting constant factors, we derive the following rela-
tion:

5R-Agentic(N) ~ K-
gmono(N) N—D

1 1

Since dp.x < D, the exponent (5 — d—) is strictly

negative, indicating that the error of Routing-based Agentic
Al vanishes exponentially faster relative to the Monolithic
error as N grows.

The implication of the negative exponent is profound when
interpreted through the lens of sample complexity. Specifi-
cally, to achieve a target error rate €, the Monolithic model

requires Nmyono X e P samples, whereas the Routing-based

Agentic Al requires only Nr-pgenic < K dmax ¢ —dmax  The
ratio of data requirements is:

NR-Agenti
gentic - KdmmxeD*dmax (3)
Nmono

Since € is typically small (¢ < 1) and the dimensionality
gap D — dpax is substantial, the term e”~%max asymptoti-
cally dominates the ratio. Although the pre-factor K %max
introduces a polynomial overhead corresponding to the num-
ber of agents, it is negligible compared to the exponential
reduction driven by the dimensionality reduction as € — 0.

This aligns with empirical evidence that specialized agents
are significantly more data-efficient. (Hu et al., 2022). By
decomposing the high-dimensional manifold into lower-
dimensional ones, the Routing-based Agentic Al effectively
circumvents the Curse of Dimensionality, transforming an
overwhelming learning problem into a set of solvable ones.

Based on the scaling law £(P) oc P~4 established
in Eq. (1), parameter efficiency follows the same
dimensionality-dependent power law as sample efficiency.
Consequently, the analysis above applies symmetrically to
model size: the Monolithic learner’s error decay is stifled by
the ambient dimension (O(P~ 7)), whereas the Routing-
based Agentic Al benefits from a faster rate governed by the
lower intrinsic dimension (O( P~ max )).

The Routing Regret 'We now analyze the omitted Erouting
and explain why it can be ideally omitted in the inequal-
ity (2). We define the Routing Regret, denoted as Eouting.
as the expected performance deficit caused by selecting a
sub-optimal expert. Formally, let £*(z) be the index of the
optimal expert for input x, and 7(x) be the expert selected
by the router. The routing error can be decomposed into the
probability of error and the severity of the mismatch:

Erouting = Ex~Diy [ (@) # k% (@) (L(An(a) (@) = L(Akw)(z)))]

ex:Routing Error Rate

A(z):Mismatch Penalty

To derive a tractable bound, we analyze the two components
of this expectation: the Routing Error Rate (e¢;) and the
Mismatch Penalty (A).

The router essentially solves a K-way classification prob-
lem, mapping the input space X to the set of agent indices
Y ={1,..., K}. The hardness of this task is governed by
the complexity of the hypothesis class Houer employed by
the router.

We quantify the Routing Error Rate €, as the generalization
error of the router. Invoking Theorems from Section 2.3,
for the most common routers trained on Nyoyr Samples, we
further obtain how the bounds scale with the number of
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agents K as follows:

vV Nrouter

K
Niouter ’

) ( log K ) , if 7 is a Tree-based Router
€x OC

s

if 7 is a Neural Router

The routing error rate of both kinds of routers increases as K
increases, though for the tree-based one, the polylogarithmic
dependence allows a stronger guarantee for the scalability.

The severity of a routing error depends on the orthogonality
of the experts. We define the maximum mismatch penalty
as Amax = SUpPy, j2p- [L(A;(2)) = L(Ag- (2))].

We verify the intuition that the cost of mismatch A, scales
with the granularity of specialization K. We model this
relationship using subspace information loss.

Assumption 3.4 (Manifold Alignment with Orthogonal Sub-
spaces). Following Definition 2.1, we assume each mani-
fold M}, is contained within a feature subspace S;, C RP.
These subspaces form an orthogonal decomposition of the
feature space, such that R” = @fle Sy and S; L Sj, for
J#k

Lemma 3.5. Let x ~ D; be an input belonging to task j.
Ideally, the information required to solve x is contained in
S;. However, if misrouted to expert Ay, (k # j), the expert
processes the projection Pyx. The information preservation
ratio p is given by the cosine similarity between the required
subspace and the expert’s subspace:

: || P ||®
p(j, k) =
[||?

Under Assumption 3.4, if j # k, then S; L Sy, implying
Prx = 0. In a relaxed setting with partial overlap, as K
increases, the subspaces become increasingly disjoint. We

model the residual information as inversely proportional to
K:

E[]| Pr]?] o Il

Let the loss function L be A-Lipschitz continuous. The
mismatch penalty is bounded by the distance in the feature
space caused by the projection loss:

P
Ala) < Ma = Pl = Alel (1= 121
x
Substituting the expected information preservation ratio
from Lemma 3.5, and defining the maximum potential loss
on the domain as Ly, = AE[||z||] (representing the loss
scaling with input magnitude), we obtain:

) ()

asymptotically, as K — oo, using the Taylor expansion
(1—e) Y2 x=1+¢/2.

Amax(-Kv) ~ Lmax (1 -

Finally, combining the routing error rate and the mismatch
penalty, we derive an upper bound for the Routing Regret:

1
ClreeLmax (1 - 7)
VK if Tree-based Router

o [ poly(log K)
Nrouler ’
Ol <1 - L)
NN L/max \/?

y | K
Nrouter’

Joint Bound and Optimal Granularity The preceding
analysis factored out routing error for clarity. We now
present a joint bound that unifies specialization gain and
routing cost. Substituting the routing error €, and mismatch
A into the agentic bound (2):

5routing S

if Neural Router

KCoxp

gR.AgentiC(Ka N) < m

+ Apax(K) - ex(K)
decreases with K increases with /¢

This yields a U-shaped error profile in K: too few agents

(K — 1) provides insufficient specialization, while too

many (K — o0) causes routing overhead to dominate, with

an optimal K* in between. Expanding for specific router

types:

For tree-based routers:

KC
€S Ni/dmar

1
+ C reeLmax 1 - T =
The modularity cost grows polylogarithmically, so special-
ization dominates for large K.

poly(log K)
Nrouter

For neural routers:

KC
€= Ni/amen

1 K
Lmax 1 - T =
* CNN ( \/F) Nrouter

The cost rises as VK, restricting K* unless Niouter X
K. In both cases, the specialization gain (N ~1/dmax ys,
N~—1/P) dominates the polynomial routing cost for suffi-
ciently large N, since dp,.x < D.

Consequently, for a fixed data budget, the optimal number
of agents K* is the solution to % = 0. System design-
ers face a dichotomy: use tree-based routing to maximize
scalability (KX > 1) or neural routing to handle complex,
non-axis-aligned task boundaries at the cost of a smaller
feasible agent pool.

In a data-scarce regime, the tree-based router is superior.
Its error scales with O(+/log K), allowing massive scaling
of K even with limited routing data. Here, the Routing
Regret is negligible. In a data-rich regime, if the sample
size NN is sufficient (N > K), the linear penalty of neural
routers (O(\/f )) is suppressed by the large denominator.
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In this regime, neural routing becomes preferable despite
its higher sample complexity, as it avoids the inductive bias
of trees and can capture complex, non-hierarchical expert
boundaries.

Now we establish that the transition from Monolithic to
Routing-based Agentic Al is not merely an architectural
preference, but a geometric necessity for mastering hetero-
geneous, high-dimensional tasks, manifested by real-world
task distribution.

4. A Closer Look at General Agentic Al

Through the analysis in Section 3, we have theoretically
established that decomposing a monolithic problem into
specialized sub-tasks aligns with the real-world task distri-
bution and yields exponential gains in efficiency and effec-
tiveness. However, it primarily modeled the system as a
static routing between expert agents. In real-world Agen-
tic Al, agents rarely operate in isolation; they function as
interconnected nodes facilitating the dynamic propagation
of information.

To rigorously analyze the generalization bounds, we first
establish a formal mathematical definition of Agentic Al
Unlike monolithic models, which approximate a target func-
tion F' : X — ) via a single dense parameterization, Agen-
tic Al is defined as a structured composition of specialized
operators.

Definition 4.1 (Agentic Al as a System of a Topological
Compositional DAG of Agents). Let X be the global input
space and ) be the global output space. An Agentic Al
system is defined as a tuple ¥ = (G, F, A), where:

1. G = (V,€) is a Directed Acyclic Graph (DAG) with
K = |V| nodes, representing the flow of information. The
node set V is topologically sorted.

2. F ={f1,..., fx} is a set of heterogeneous, learnable
mappings (agents). Each agent v; implements a local func-
tion f; : Hl(;) x0; — Hgiu)t, where O, represents the agent’s
specific parameters and H represents the latent manifold of

intermediate representations.

3. A is a composition operator that maps the outputs of
parent nodes to the input of a child node. For any agent
v;, the input state s; is constructed from the set of parents
Pa(i) = {v; | (vj,v;) € £}

zi = fi (A ({z5}jePa(i)) :0i)

The global system behavior is not a static function, but rather
emerges as the topological flow from the source nodes (ini-
tialized by &) to the sink nodes (projected to )), respecting
the partial order of G.

For each node v;, let S; € {0,1} be a Bernoulli random

variable indicating the success of the specific task assigned
to agent ¢. The execution of v; depends on the latent states or
outputs hp, ;) from its parent set Pa(i) = {v; | (v;,v;) €
E}. Assuming the Markov property on the graph, the joint
probability of a successful execution trajectory is:

N

,SN) = HP(Si | hpa(i))

i=1

P(Si, ...

Then, we transform the multiplicative success probabil-
ity into an additive loss function using the negative log-
likelihood. The loss for Agentic Al L£genic can be defined
as:

K
EAgentic(e) = - log (H P(Sz =1 ‘ hPa(z)))
=1
K
= —log P(S; = 1| hpa())

—
! £;(0;)

where ¢; represents the local loss contribution of agent i.

To explicitly derive the local loss [/;, we instantiate the ab-
stract local function f; as a stochastic generator parame-
terized by a policy. Specifically, the execution of f; cor-
responds to sampling an action a; (which constitutes the
output x;) from a policy 7y, (a; | s;) conditioned on the
input state s;. Consequently, the local loss /; relates to the
agent’s policy via the expectation over actions:

£;(0;,5;) = —log (/ p(siya;)me, (a; | s;) dai)
A

where p(s;, a;) € [0,1] is the conditional success probabil-
ity of taking action a; in state s;.

To understand how the Agentic Al generalizes, we must
quantify how a local perturbation at a specific agent propa-
gates through complex topologies to affect the loss.

We define the Direct Adjacency Jacobian Matrix J €
REXK The entry J. ;i captures the local sensitivity of agent
7 toits direct parent agent ¢:

Ofs  apse .
Lo _0n [k itGgee
! Ox; 0 otherwise

Then, we can derive the topological weight of a specific
agent in the DAG.

Lemma 4.2 (Topological Weight). Let L be the Agentic Al

loss function and w, = ) jTi
Weight representing the total sensitivity of the loss to agent u.
The weight w,, is determined by the aggregation of gradient

flow along all paths connecting u to the sink agents:

> (HJM)

vESinks v pEPaths(u—v) \(a,b)Ep

) be the scalar Topological

Wy =
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See Appendix A.2 for the proof. Given specific agent
weights, we analyze the Agentic Al generalization error,
Enagentic. Consistent with Section 3, we assume local errors
decay via a power law governed by intrinsic dimension
d,. Using a first-order Taylor expansion around the opti-
mal agent outputs, Eagentic 1S approximated as the weighted
superposition of local errors.

K K N 7&
gAgentic ~ Zwu : 5u ~ Zwu Y ((K) ) (4)
u=1 u=1

~ O(G) - (@_

where d.g is the effective intrinsic dimension of the task and
C(G) is the Topology Factor determined by the topology of
Agentic Al

To disentangle the impact of the Topology Factor from the
intrinsic difficulty of specific sub-tasks, we assume that the
complex global task is divided into sub-tasks of comparable
intrinsic difficulty, formally for any sub-task u, d,, = deg.
Then, the convergence rate term becomes uniform across
all agents. This allows us to factor the complexity term out
of the summation in Equation (4), isolating the Topology
Factor. And further, the Topology Factor C'(G) can be
formally defined as the sum of Topological Weights:

oL
Z 0T (

veSinks

K

CE) =D wu=>)

u=1

= 1)

pePath,, ., e€p

The definition allows us to analyze the stability of different
agentic orchestrations by evaluating how C(G) scales with
DAG complexity, and confirms that while d.¢ governs the
rate of convergence, C'(G) determines the magnitude of the
error. Agentic Al succeeds when the topology minimizes
C(G) while maximizing the dimensionality gap.

Theorem 4.3 (Agentic Al Convergence Superiority). As the
scale of resources (dataset size N or parameter budget P)
increases, the generalization error of the Agentic Al decays
exponentially faster than that of the Monolithic model, pro-
vided the topology satisfies spectral stability (well designed
with C(G) < o0).

Apart from the overall analysis of the graph, we can further
decompose global instability into single-edge contributions
to better analyze the connections.

Lemma 4.4 (Topological Edge Weight). Consider a specific
edge ¢* = (u,v) connecting a parent agent u to a child
agent v. The Topological Edge Weight W (e*) represents
the total gradient flux passing through this edge, linking the
accumulated history of the parent to the future criticality of

the child. It is formally defined as:

> IIv

pePath(k—u) e€p

W(e*) = (1+ Z

keP(u)

Upstream History

S EY Il

z€Sinks # yEPath(v—z) e/ €y

[ Jex ||
——

Local Valve

Downstream Future

where P(u) is the set of predecessors of agent u, and Sinks
denotes the set of final output agents.

See Appendix A.3 for the proof. To minimize the global
error C'(G), we must well orchestrate the necessary agents
and find the small combinations of edge weights. This
equation reveals a fundamental design principle regarding
what kind of edges we should build at runtime and gives a
reference to analyze each edge post hoc. Specifically: (1)
after long chains (high Upstream History), edges must be
contractive (||.Jo<|| < 1) to filter accumulated noise, e.g.,
critic or judge edges. (2) Before critical decisions (high
Downstream Sensitivity), edges should satisfy || J.« || < 1,
e.g., voting or verification edges that collapse multiple paths
into a stable signal.

Consequently, we find that optimal edges function as adap-
tive valves. An ideal edge is not a passive pipe but an active
variational filter that suppresses the noise accumulated from
the upstream before it propagates to critical downstream
tasks.

Finally, in this section, we not only extend the superiority
from a Routing-based Agentic Al to a general Agentic Al
by deriving the topological properties of the Agentic Al, but
also further analyze the impact of specific agents and edges,
giving backgrounds for Agentic Al design and Agentic Al
success and failure explanation.

5. Alternative Views

Monolithic scaling is enough for AGI DeepMind ever
stated that “...an agent capable on a large number of tasks
and able to be adapted with little extra data to succeed at an
even larger number of tasks can be obtained by scaling data,
compute and parameters...” (Reed et al., 2022). Agiiera y
Arcas & Norvig (2023) even said that “...the most important
parts of it (AGI) have already been achieved by the current
generation of advanced Al large language models such
as ChatGPT, Bard, LLaMA and Claude.” However, very
few researchers firmly admit that AGI has come and are
one hundred percent satisfied with one specific monolithic
model, at least in coding, not mention in all real-world
tasks. We don’t object to the view that scaling is effective,
but both neural scaling laws and empirical experiments
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have demonstrated that the marginal improvement is more
obvious as an inevitable bottleneck (Kaplan et al., 2020;
Hoffmann et al., 2022). More attention should be drawn to
Agentic Al to break the bottleneck.

Agentic Al is conceptually similar to Mixture-of-Experts
Mixture-of-Experts (MoE) (Shazeer et al., 2017) and Agen-
tic Al share a common design principle: routing inputs to
specialized sub-networks rather than processing everything
monolithically. The empirical success of sparse MoEs (Fe-
dus et al., 2022; Lepikhin et al., 2021) validates this core
premise of our theory. In our framework, MoE corresponds
to the routing regime of Section 3.2, where C(G) = > L,
and the system is inherently stable.

However, Agentic Al generalizes beyond MoE in three fun-
damental aspects. First, in scope: MoE employs fixed ex-
pert sub-networks with learned gating within a single for-
ward pass, whereas Agentic Al deploys autonomous agents
with independent parameters capable of multi-step reason-
ing (Sapkota et al., 2026). Second, in topology: MoE imple-
ments single-layer routing (router — expert), while Agentic
Al extends to arbitrary DAG compositions as formalized
in Section 4. Third, in routing mechanism: MoE relies on
differentiable gating trained end-to-end, whereas agentic
routing accommodates iterative refinement, external tool
use, and dynamic knowledge retrieval (Sapkota et al., 2026;
Anthropic, 2025). While MoE and routing-based Agentic
Al share a common design principle, Agentic Al extends to
richer topological structures with greater expressivity.

Multi-Agent systems often fail Empirical evidence indi-
cates that increasing agent quantity often introduces organi-
zational entropy rather than performance gains. Complexity
frequently hinders reliability, with failures stemming pri-
marily from system design issues, inter-agent misalignment,
and task verification difficulties (Pan et al., 2025). Fur-
thermore, current LLMs struggle with coordination tasks
requiring Theory of Mind compared to RL methods (Agashe
et al., 2025), necessitating dedicated automated methods to
diagnose these persistent failures (Zhang et al., 2025a).

Recent works exploring LaMAS flaws align with our deriva-
tion, attributing failures to Topological Weights and Edge
Weights. For instance, misaligned agents introduce toxic
topological properties, causing massive downstream vari-
ance and hallucination. This necessity for topological aware-
ness is exemplified by the performance surge with well-
designed topologies (Anthropic, 2025). Agentic Al de-
mands dedicated topological design; most current frame-
works are merely static pipeline decompositions based on
human priors, masquerading as true Agentic Al

6. Call to Action

Prioritize Agentic Al for accessible AGI research We
urge researchers and institutions, especially those with lim-
ited resources, to prioritize Agentic Al, which offers a viable
alternative to the prohibitive costs of monolithic scaling and
yields exponential gains in both sample and parameter effi-
ciency. This paradigm allows for state-of-the-art generaliza-
tion without the need for brute-force computation. Since the
efficiency advantage grows exponentially with the dimen-
sionality gap between the ambient space and task-intrinsic
manifolds, a well-designed agentic system of moderately
sized specialists can match or exceed monolithic perfor-
mance at a fraction of the cost, broadening access to AGI
research beyond resource-rich laboratories.

Not only fine-tune weights, but also invent better multi-
agent evolution methods for applicable Agentic Al The
community must expand its focus from simply fine-tuning
individual agents to a broader and more diverse optimiza-
tion of the agentic system. Research should look beyond
specific weight adjustments and explore various enhance-
ments, such as mitigating organizational entropy, designing
graph, tree or forest evolution methods, and ensuring spec-
tral stability. The goal is to move from static pipelines to the
evolution of topologically stable multi-agent ecosystems.
In particular, automated methods for discovering optimal
DAG topologies, routing mechanisms that scale gracefully
with agent count, and topology-aware evaluation protocols
that attribute failures to specific graph components are all
pressing open problems.

7. Conclusion

This paper challenges the dogma of monolithic scaling,
identifying Agentic Al as the superior pathway to AGI. By
formalizing real-world task distributions as unions of low-
dimensional manifolds, we prove that monolithic models
suffer an irreducible Average Trap penalty that accumulates
with task diversity. In contrast, even routing-based Agentic
Al achieves exponentially superior sample and parameter
efficiency, as each agent operates on a low-dimensional sub-
manifold (d; < D) rather than the full ambient space. We
extend this to general DAG topologies, introducing Com-
positional Capacity C'(G) and Edge Weight decomposition
W(e*) for principled multi-agent design, and show that the
agentic advantage degrades gracefully under partial task
overlap with an optimal granularity K* balancing special-
ization against routing costs. We further clarify the relation-
ship to Mixture-of-Experts and attribute current multi-agent
failures to poor topological design rather than fundamental
flaws. Ultimately, we conclude that achieving AGI requires
shifting from brute-force scaling to the precise optimization
of stable, well-designed Agentic Al ecosystems.
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A. Proofs for Theorems
A.1. Proof of Proposition 3.3

Proof. Since 6}, . is a minimizer of the total convex loss Ly, it satisfies the first-order optimality condition:

K
Vﬁtotal(a:;ono) = Z akv'ck (9:10[10) =0
k=1

This implies that the weighted gradients sum to zero. Unless all §; are identical, for any specific task k, VL (0}.,) # 0.
Geometrically, 0}, lies within the convex hull of the individual optima {6} }%_, but coincides with none. Thus, the
monolithic solution is a compromise, merely a Pareto stationary point where gradients cancel out destructively.

We expand the loss £ (6) for each task around its specific optimum 6. By Assumption 3.1, VL (0;) = 0. Using the
Lagrangian form of the Taylor expansion, we have:

1
Ly (ery;lono) =Ly (9;;) + 5(9::10n0 - QZ)THk(ertlono - 9:) + Rs (6;0n07 9;:)

where I3 is the third-order remainder term. Under the assumption of p-Lipschitz Hessian (Assumption 3.2), this remainder
is bounded by |R3| < 2|10 om0 — 0513

mono

Substituting this back into the total risk objective:
i 1
* * * * k
ot Gpne) = 3k [1005) + 5105 — 01, + 7
k=1

K K K
* g * * k
= D aLul00) + D 5 Gnono — Oillir, + Y ol RS
k=1 k=1 k=1

————

Lideal Higher-order error

To guarantee that the interference cost € is significant, the quadratic term must dominate the third-order error. Since || - ”%Ik
scales with A% while the error scales with A3, for a local neighborhood around the optima where the task divergence is
bounded, the positive curvature (guaranteed by positive definite H}) strictly dominates the higher-order variations. Thus, we
derive the lower bound:

K
ap
‘CtOlal(e:;ono) Zx Lideal + ; ? ||9::10n0 - 9;”%17@

This confirms that € > 0 holds as long as the conflicting gradients force 0}, ., away from individual optima, creating an

irreducible quadratic penalty. O

A.2. Proof of Lemma 4.2
Proof. Since agents are topologically sorted, J is strictly lower triangular and nilpotent.

By the multivariate chain rule, the total variation % captures the cumulative effect of agent ¢ on agent 5 through all possible
paths.

drj _ O0x; L Z Ox;  duy _ Z Ox; dxy,
dx; ox; - - Oz dz; Oz dz;
N k€Pa(j),k#t ~~~ ~— k'~~~

Direct edge Direct path  Recursive path Ji My

Then we define M € RX*X be the Influence Matrix where M = %. The recursive relation can be written in matrix
form:
M=JM+1

Here, I is defined as the self-influence I,; = g”;? and anywhere else 0. Then, rearranging for M:

i

I-IM=1 —= M=(I-J)!
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Since J is nilpotent (due to the acyclic property of DAGs), this inverse can be expanded as a Neumann Series:

K-1
M=) JF=1+J+J+
k=0

Physically, J* represents the influence propagation along paths of length exactly k. The matrix M mathematically aggregates
all parallel and serial paths automatically. Then, we can derive the topological weight of a specific agent in the DAG.

Letg = [||- 25 3ol 12 Dor £ 1™ be the gradient of the loss with respect to agent outputs (typically non-zero only for sink
agents). The total sens1t1v1ty of L to a specific agent u is the u-th component of:

w=MTg

The scalar Topological Weight w,, for agent u is explicitly:

dr
dz,,

-1 X | I

X
vESinks Y pePaths(u—sv) (a,b)ep

= |

Weight of path p

A.3. Proof of Lemma 4.4

Proof. The weight is derived by tracing the full back-propagation path of the loss gradient through the specific edge e*. The
total influence is the product of the signal magnitude reaching the parent u and the distribution of that signal to all upstream
ancestors.

First we isolate the incoming gradient signal from the child v. By the chain rule, the gradient at u contributed strictly by v
is a £ J.«. The magnitude of this local flux is:

Second, we account for the propagation of this flux to the past. The signal distributes to w itself (identity gain) and to every
predecessor k € P(u). The cumulative amplification factor is the sum of path gains:

Upstream Mass = || I|| + Z Z H Je

keP(u) ||pePath(k—u) e€p

[[Fluxy o || <[] Jex

]—u

Third, we expand the downstream sensitivity w,,. The total gradlent is the aggregation of error signals back-propagated

from all reachable sink nodes z. Expanding the influence matrix sz = j;j as a sum over all paths ~:

oL dx, oL
Z Ox, dx, - Z Oz, Z HJE,

z€Sinks z€Sinks ? yePath(v—z) /€7

Wy =

Multiplying these three components, Upstream Mass, Local Valve (J«), and expanded Downstream Sensitivity, yields the
complete Topological Edge Weight definition. O

B. Some Relevant Remarks

B.1. Remark for Section 3.1

Remark B.1 (Data-Abundant Regime). It is crucial to distinguish our theoretical setup from typical few-shot transfer learning
or low-resource multi-task learning scenarios. We assume a data-abundant regime distinct from low-resource settings,
allowing models to reach convergence.

14
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Remark B.2 (Alignment with Negative Transfer in Multi-Task Learning). The proposition of the Average Trap is consistent
with the Negative Transfer in Multi-Task Learning, which states that when the gradient direction of task A makes an angle
greater than 90 degrees with the gradient direction of task B, updating parameters by one step will simultaneously impair the
performance of one or both tasks (Wang, 2021). Though researchers have been finding ways to mitigate the effect (Yu et al.,
2020; Zhang et al., 2024), the € term in the Average Trap is an unavoidable constraint.

Remark B.3 (When Is the Average Trap Binding?). The magnitude of the Average Trap penalty ¢ = Zf 1 F om0 —
05 ||§{k depends on both the number of tasks K and the curvature . For narrow task families (small K, closely related
tasks), the penalty is mild: the task-optimal parameters ¢ cluster tightly, and the monolithic compromise remains near
each individual optimum. However, the penalty becomes increasingly binding as the task distribution broadens toward
AGI-level generality. First, ¢ accumulates with K as the monolithic optimum must compromise across more divergent
directions. Second, the effective ambient dimension D of the union manifold | J M, grows with K, exacerbating the curse
of dimensionality captured by Equation (3). This explains why monolithic models succeed on narrow benchmarks but
progressively degrade on diverse leaderboards: the Average Trap transitions from a negligible correction to a dominant
constraint precisely in the regime this paper targets.

B.2. Remark for Assumption 3.1

Remark B.4 (Non-convexity of Neural Networks). As is well known, the loss surface of deep neural networks is non-convex,
filled with saddle points and flat minima (Dauphin et al., 2014; Keskar et al., 2017). Even against a non-convex background,
the conclusion still holds as long as conflicting gradient components exist (Liu et al., 2021).

B.3. Remark for Section 3.2

Remark B.5 (LLMs as Non-parametric Estimators). While LLMs are parameterized by a finite set of weights, they operate
in the “over-parameterized” regime where they function as universal approximators. In the context of complex task solving,
we treat the LLM as a non-parametric estimator f v attempting to learn the target function f : RP 5 R solely from data.
Thus, the minimax lower bounds regarding sample complexity and dimensionality directly apply to the generalization
capabilities of LLMs.

Remark B.6 (Data Abundance via Interaction). It is worth noting that, in the context of Agentic Al, the assumption of
limited N,outer 18 Often relaxed. Unlike static datasets, agents can continuously interact with the environment (the real
world) to generate feedback. This online data generation capability implies that NV,,uter can be effectively infinite (N — o0),
mitigating the sample complexity of neural routers and allowing the system to leverage their superior expressivity.

B.4. Remark for Assumption 3.4

Remark B.7 (Graceful Degradation under Partial Overlap). Assumption 3.4 posits near-orthogonal task subspaces, which
serves as a best-case analysis establishing the ceiling of the agentic advantage. In practice, tasks often share partial
underlying structure. We formalize this relaxation by introducing an overlap parameter v = dim(Sshared )/@max € [0, 1].

Each task’s feature subspace decomposes as S = Sshared @ Si™°, where Sqnared is the common subspace across all tasks
with dim(Sshared) = 77 * dmax» and S;° captures task-specific res1duals with S;es 1 5% for j # k.

In the shared subspace, all tasks agree on a common optimum (zero penalty). In the residual subspace, the full divergence
applies. The penalty from Proposition 3.3 therefore becomes:

e(v) ~ (1 =7) - €
where €g); is the penalty under full divergence (y = 0).
The sample complexity ratio (Equation (3)) generalizes to:

NR-Agenti
gentic  pedmas | ((1-7)(D—dma)
Nmono

The exponent shrinks linearly with « but remains strictly negative for any v < 1, preserving the exponential advantage.

The mismatch penalty (Lemma 3.5) generalizes to:

Amax(Kﬁ)mLmax.(l_v),<1_\/1?>
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At v = 0 (full separation), the original results are recovered exactly. Aty > 0, the advantage degrades smoothly but remains
strictly positive for all v < 1. Aty = 1 (complete overlap), the system reduces to the monolithic case, confirming that
agentic decomposition provides a strict generalization of monolithic learning.
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