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Abstract001

Mixture-of-Experts (MoE) is a cornerstone002
for scaling LLMs, yet its training dynam-003
ics remain poorly understood, often leading004
to sub-optimal specialization. Moving be-005
yond static routing, we present a systematic006
study of the MoE lifecycle using Helmholtz007
Free Energy and Router Entropy. We iden-008
tify a universal Three-Stage Phase Transi-009
tion—Exploration, Symmetry Breaking, and010
Stabilization—marked by an Energy “Climb”011
and Plateau. This reflects Frustrated Ex-012
ploration, caused by structural interference013
between specialization drives and uniformity014
constraints. To address this, we propose015
Uncertainty-Aware Routing (UAR), which016
aligns routing with the model’s epistemic state017
via: (1) Evidence-Triggered Expansion, in-018
creasing active experts for high-energy tokens,019
and (2) Epistemic Masking, applying load-020
balancing only in high-uncertainty regimes to021
shield mature experts. Experiments confirm022
UAR reduces perplexity and improves expert023
distinctiveness, offering a principled path to-024
ward thermodynamically aligned computation.025

1 Introduction026

The progress of Large Language Models (LLMs)027

has largely followed empirical scaling laws (Ka-028

plan et al., 2020; Hoffmann et al., 2022; OpenAI,029

2023), linking performance gains to increased pa-030

rameter counts. As models approach the trillion-031

parameter regime, however, dense architectures032

impose unsustainable computational costs (Brown033

et al., 2020; Liu et al., 2023). Mixture-of-Experts034

architectures have therefore become the dominant035

strategy for efficient scaling (Shazeer et al., 2017;036

Jiang et al., 2024; Yang et al., 2025). By activat-037

ing only a sparse subset of experts per token, MoE038

decouples model capacity from inference cost and039

enables training at unprecedented scale.040

Despite their success, MoE models remain frag-041

ile to train. Their performance is highly sensitive042
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Figure 1: (a) The vanilla MoE router often selects in-
correct experts and suffers from load imbalance due to
a lack of guidance. (b) By incorporating uncertainty
signals, the router is guided to select the correct experts,
achieving higher accuracy and better load balancing.

to routing behavior, auxiliary loss coefficients, and 043

training schedules (Lepikhin et al., 2020; Wei et al., 044

2024). Prior work has focused primarily on mitigat- 045

ing surface-level failures such as load imbalance, 046

typically through auxiliary losses or heuristic rout- 047

ing constraints (Fedus et al., 2022; Du et al., 2022). 048

These methods implicitly assume that routing is a 049

static classification problem. What they overlook 050

is that routing decisions evolve throughout training, 051

and that this evolution fundamentally shapes ex- 052

pert learning (Zhou et al., 2022; Huang et al., 2024; 053

Feng et al., 2025). Without a principled understand- 054

ing of router dynamics, the learning processes of 055

the router and experts remain poorly synchronized. 056

To bridge this gap, we conduct a systematic em- 057

pirical study of MoE dynamics through a thermo- 058

dynamic lens, analyzing the interaction between 059

router entropy (aleatoric uncertainty) (Shannon, 060

1948; Bishop and Nasrabadi, 2006; Lepikhin et al., 061

2020) and Helmholtz Free Energy (epistemic un- 062

certainty) (Helmholtz, 1982). Crucially, our anal- 063
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ysis identifies a counter-intuitive Energy Climb064

followed by a high-level plateau. Rather than de-065

creasing monotonically, rises sharply during the066

transitional phase, signaling a state of Frustrated067

Exploration. This phenomenon stems from a con-068

flict between the main objective’s drive for special-069

ization and the auxiliary loss’s push for uniformity,070

which traps the router in extreme epistemic uncer-071

tainty and prevents belief consolidation.072

This thermodynamic friction manifests through073

several consistent mechanisms across model scales.074

We observe that strong auxiliary losses act as a ther-075

mal pressure suppressing logit magnitudes, while076

a distinct symmetry-breaking transition (5k–15k077

steps) marks the differentiation of token difficulty.078

Deeper layers, however, maintain a Cognitive Vac-079

uum—a persistent energy gap where representa-080

tion complexity outpaces evidence accumulation.081

Ultimately, these dynamics expose a fundamental082

Diversity–Specialization Dilemma: aggressive083

load balancing enforces uniformity at the cost of084

distinctiveness, collapsing specialists into redun-085

dant generalists and obstructing expert maturation086

under high-energy conditions.087

Guided by these insights, we propose088

Uncertainty-Aware Routing (UAR), a framework089

that explicitly aligns routing behavior with the090

observed training dynamics. UAR introduces two091

complementary mechanisms. First, Evidence-092

Triggered Expansion increases the number of093

active experts for tokens residing in high-energy094

regions of the Cognitive Vacuum, preserving095

gradient flow and expanding the search space096

when evidence is insufficient. Second, Epistemic097

Masking applies load-balancing regularization098

selectively to high-uncertainty tokens, allowing099

confident tokens to reinforce expert specialization100

without being pulled toward global uniformity.101

Empirically, we validate UAR across diverse102

model scales, demonstrating that aligning rout-103

ing with thermodynamic dynamics significantly104

improves both convergence stability and represen-105

tational quality. By dynamically expanding ex-106

pert capacity via Evidence-Triggered Routing to107

bridge the “Cognitive Vacuum” and applying Cog-108

nitive Load Balancing to resolve the diversity–109

specialization dilemma, our framework effectively110

prevents bias explosion and oscillation. Ultimately,111

UAR yields superior expert distinctiveness and112

reduced perplexity with negligible computational113

overhead (∼ 1.01× FLOPs), establishing a robust,114

physically grounded paradigm for scaling models.115

2 Preliminaries 116

2.1 Mixture-of-Experts 117

While standard Transformers (Vaswani et al., 118

2017) couple model capacity with inference cost, 119

Mixture-of-Experts (MoE) decouples them by re- 120

placing dense feed-forward blocks with sparse ex- 121

perts {Ek}Kk=1. For a token representation h, a 122

router generates gating weights G(h) to activate a 123

sparse subset of experts: 124

MoE(h) =
∑K

k=1
Gk(h) Eθ(k)(h). (1) 125

Load Balancing. To prevent expert collapse 126

(where routing concentrates on few experts), an 127

auxiliary loss is commonly minimized (Lepikhin 128

et al., 2020; Du et al., 2022): 129

Laux = N
∑K

k=1
fkPk, (2) 130

where fk is the fraction of tokens dispatched to 131

expert k and Pk is the average routing probabil- 132

ity. This enforces uniform expert utilization, an 133

assumption we revisit in subsequent sections. 134

3 Uncertainty in MoE 135

Routing decisions constitute the primary source 136

of uncertainty in sparse MoE. We formalize this 137

by linking the router’s logit distribution to specific 138

uncertainty modalities. 139

3.1 Router Entropy: Aleatoric Uncertainty 140

Let z ∈ RK be the router logits for token h. The 141

routing probability p is derived via Softmax with 142

temperature τ , yielding the Router Entropy: 143

H(p) = −
K∑

k=1

pk log pk, pk =
exp(zk/τ)∑K
j=1 exp(zj/τ)

(3) 144

H(p) quantifies local conflict during expert selec- 145

tion (aleatoric uncertainty). This metric naturally 146

aligns with auxiliary Load Balancing objectives, 147

where higher entropy signifies a diffused routing 148

state desirable for avoiding collapse. 149

Entropy-Adaptive Routing (Top-p). To dynam- 150

ically allocate compute, Top-p routing determines 151

the active expert count N based on cumulative 152

probability mass. This creates a functional depen- 153

dency where N scales implicitly with uncertainty, 154

ranging from N = 1 in high-confidence regimes to 155

N ≈ ⌈pK⌉ at maximum entropy (see Appendix D 156

for formal derivations). However, these approaches 157
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Figure 2: Entropy and Energy Landscapes. (Left) Entropy decay illustrates symmetry breaking. (Right) The
depth-induced energy gap highlights persistent uncertainty in deeper layers.

treat routing as a static classification task, overlook-158

ing the evolutionary nature of routing decisions and159

their impact on expert specialization. This lack of160

a principled dynamic model prevents the optimal161

synchronization of the router learning processes.162

3.2 The Epistemic Blind Spot163

While H(p) effectively measures inter-expert con-164

flict, it suffers from a calibration failure regarding165

knowledge boundaries. The Softmax operator nor-166

malizes relative likelihoods, implicitly assuming167

the optimal expert exists within the current pool168

{1, . . . ,K}.169

However, for Out-of-Distribution (OOD) tokens170

or sparse feature regions, all logits zk may be small171

in magnitude. In such cases, Softmax can still172

yield a low-entropy distribution, causing the router173

to “confidently” select a suboptimal expert. This174

phenomenon masks the epistemic uncertainty: the175

low-entropy state reflects an absence of internal176

competition rather than the presence of strong evi-177

dence, ignoring the potential "missing knowledge"178

of an ideal, infinite-capacity expert pool (further179

detailed in Appendix E).180

3.3 Routing Energy: Epistemic Uncertainty181

To capture absolute evidence magnitude, we adopt182

a thermodynamic formulation. Defining the seman-183

tic energy of assigning token h to expert k as Ek =184

−zk, the routing probability follows the Boltz-185

mann distribution pk = e−Ek/τ/Zθ. We quantify186

global routing confidence via the Helmholtz Free187

Energy (Helmholtz, 1982):188

F(z) = −τ logZθ = −τ log
K∑

k=1

exp(zk/τ) (4)189

Unlike the normalized entropy H, F acts as a scalar190

proxy for total evidence magnitude. Lower F indi-191

cates high absolute confidence, while higher values192

Helmholtz Free Energy (F)

Router Entropy (H)

High

High

Low

Low

Multiple Candidates,
Uncertain Choice

Multiple Candidates,
Confident Choice

Few Candidates,
Uncertain Choice

Few Candidates,
Confident Choice

Figure 3: Thermodynamic Routing Taxonomy. The
H-F plane reveals distinct regimes, notably the "Stub-
born Bias" (hallucination) and "Functional Ambiguity"
(potential collaboration).

signal low-evidence regimes (e.g., OOD inputs) 193

regardless of the distribution’s sharpness. 194

Taxonomy of Routing States We characterize 195

the MoE routing landscape via the interplay be- 196

tween Entropy (H) and Free Energy (F ), mapping 197

token-expert interactions into four distinct quad- 198

rants (Figure 3):The routing dynamics can be cate- 199

gorized into four distinct regimes based on the inter- 200

play of entropy (H) and free energy (F): the ideal 201

Specialized Consensus (low H, low F), where 202

high certainty and strong evidence indicate the to- 203

ken aligns with a specialized expert domain; Func- 204

tional Ambiguity (high H, low F), which signals 205

polysemantic features that possess strong yet con- 206

flicting evidence, making them suitable for collab- 207

orative expert activation; Stubborn Bias (low H, 208

high F ), a failure mode analogous to hallucination 209

where the router exhibits unjustified confidence de- 210

spite lacking absolute evidence, often driven by 211

overfitting; and Cognitive Vacuum (high H, high 212

F), representing a state of maximum uncertainty 213

devoid of both preference and evidence, a condition 214

prevalent during initialization or in deeper layers. 215
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Figure 4: Left panels: temporal dynamics of Router Entropy and Energy Mean from step 2000 to 10000. Right
panels: The impact of expert granularity (Fine-grained 16A4 vs. Coarse 8A2 in same parameter setting).

Figure 5: Thermodynamic Trajectory. Training
evolves through three phases: (A) Exploration, (B) Tran-
sition (marked by a sharp Energy Peak), and (C) Stabi-
lization into a High-Level Plateau, indicating persistent
epistemic uncertainty despite entropy minimization.

4 Observation of Training Dynamics216

We employ two 1.2B total parameter MoE Trans-217

formers (25% acitvation, 8A2, 16A4) trained218

for 50B data. Auxiliary loss coefficients λ ∈219

{10−2, 10−3} are varied to probe the impact of220

regularization on the epistemic landscape.221

4.1 Symmetry Breaking and Transitions222

Symmetry Breaking. Mean routing entropy H̄223

in Figure 2 decay illustrates the router’s transition224

from initialization (State IV) to specialization. A225

peak in std(H) (0k–2k steps) marks a critical phase226

transition distinguishing "easy" tokens from "hard"227

ones. While shallow layers converge to State I (Spe-228

cialized Consensus), deep layers maintain a high229

entropy floor in Figure 4, indicating a persistent230

regime of functional ambiguity.231

Depth-Induced Energy Gap. While global F̄232

decreases with epistemic maturation, deep layers233

retain significantly higher energy and variance in234

Figure 4. This "depth-dependent chaos" confirms a235

Cognitive Vacuum: routers in deep layers distribute236

tokens (low H) without absolute evidence (high F ).237

This discrepancy necessitates dynamic adjustment 238

to compensate for the lack of certainty. 239

Diversity-Specialization Dilemma. A fine- 240

grained analysis reveals a trade-off between 241

utilization balance and representation distinc- 242

tiveness (Figure 2). High λ enforces uniformity 243

at the cost of expert cosine similarity, yielding 244

redundant generalists, whereas low λ risks capacity 245

under-utilization. 246

Thermodynamic Evolution and Capacity Gap. 247

Figure 4 reveals a distinct U-shaped entropy pro- 248

file, where middle layers achieve specialized con- 249

sensus (State I) before regressing to uncertainty in 250

deeper layers. Crucially, this trajectory exposes a 251

capacity-driven divergence: while the fine-grained 252

16A4 consistently minimizes Helmholtz Free En- 253

ergy F , the coarse-grained 8A2 suffers from a 254

sharper entropy rebound coupled with Energy Sat- 255

uration. This simultaneous elevation of entropy 256

and energy confirms that 8A2 collapses into a Cog- 257

nitive Vacuum (State IV) in deep layers—lacking 258

the structural capacity to resolve semantic ambigu- 259

ity—whereas 16A4 provides sufficient expressivity 260

to mitigate this epistemic risk. 261

4.2 Thermodynamic Evolution 262

We track the thermodynamic trajectory of the router 263

across three distinct phases (Figure 8). In Phase A 264

(Initialization), F remains in a quasistationary low 265

state alongside maximum H, reflecting disordered 266

potentials. Upon entering Phase B (Transition), 267

F exhibits a non-monotonic Energy Peak, rising 268

sharply as the system attempts to break symmetry. 269

Finally, in Phase C (Convergence), F settles into 270

a High-Level Plateau significantly above its initial 271

value, particularly in deeper layers. 272

Frustrated Exploration. The Energy Peak signi- 273

fies a regime of structural tension. Initially, weight 274
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Figure 6: Uncertainty-aware MoE routing framework. (a) Dynamic Activation: The expert budget kh is
adaptively scaled by token uncertainty u(h) to form a robust ensemble. (b) Epistemic Masking: Load-balancing
loss is selectively applied via ω(h) to uncertain tokens, decoupling expert exploration from specialization.

decay constrains logits near zero (
∑
ezk/τ ≈275

K). As specialization begins, a conflict emerges:276

task gradients attempt to amplify specific expert277

weights, while the auxiliary loss Laux pulls them278

toward uniformity. This "tug-of-war" creates a ther-279

modynamic barrier—the router is stripped of initial280

uniform evidence but prevented from establishing281

high-confidence basins.282

The Cognitive Vacuum. The terminal High-283

Level Plateau exposes a critical epistemic failure.284

Even at convergence, the router minimizes rela-285

tive conflict (H → 0) without minimizing absolute286

free energy. This creates a deceptive state where287

the model learns to avoid clearly incorrect experts288

rather than affirm correct ones—routing with ap-289

parent certainty but hollow evidence.290

5 Uncertainty-Aware Routing (UAR)291

The persistence of the Energy Peak and the depth-292

dependent plateau demonstrates that optimal search293

breadth is state-dependent. To mitigate this vac-294

uum, we propose Uncertainty-Aware Routing295

(UAR), which explicitly utilizes Uncertainty as296

a control signal to orchestrate a synergistic co-297

evolution between routing decisions and dynamic298

expert capacity.UAR modulates search breadth and299

regularization pressure dynamically, utilizing the300

router’s internal thermodynamic state to orchestrate301

the exploration-exploitation trade-off.302

5.1 Adaptive Expert Expansion (AE) 303

Evidence-Triggered Computation. Standard 304

routing assumes constant information density, forc- 305

ing sparse activation even in low-evidence regimes 306

(e.g., Phase B or State IV). This rigidity degrades 307

gradient signals and induces hallucinations. To 308

"hedge" against epistemic risk, we dynamically 309

scale the active expert count kh based on token 310

uncertainty u(h) (instantiated as F or H). We for- 311

malize the activation budget via a normalized affine 312

transformation: 313

kh = RoundClip

(
α · u(h)− ū

σu
+ β

)
,

RoundClip(x) = clamp(⌊x⌉, Kmin, Kmax) .

(5) 314

where ū and σu are moving statistics of u(h). 315

This mechanism effectively converts the router 316

into a soft, evidence-weighted ensemble specifically 317

when the signal-to-noise ratio is low. During the 318

critical Transition Phase (Phase B), the resulting 319

spike in kh prevents premature collapse; in deeper 320

layers (State IV), it acts as a multi-sample estimator 321

to stabilize representation variance. 322

5.2 Calibrated Load Balancing (CLB) 323

Decoupling Exploration from Specialization. 324

Standard auxiliary losses Laux penalize imbalance 325

uniformly, causing structural interference where 326

global load constraints degrade local expert special- 327

ization (State I). We introduce Epistemic Masking 328

to enforce load balancing selectively. 329

We define an epistemic gating weight ω(h) = 330

g(u(h), θt), where g is a sigmoid shaping function 331
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Model-Params FLOPs
Commonsense & Reading Comprehension Continued LM Knowledge

Avg.
SciQ PIQA WG ARC-E ARC-C Hella. LogiQA BoolQ Lam. MMLU

MoE-8A2 UAR-AE vs. Router Variants (with Auxloss)
Top-k 1× 52.4 63.2 51.6 42.0 22.4 31.1 21.0 54.6 37.1 25.4 41.7
Top-p 0.98× 53.5 63.0 50.9 41.8 24.1 30.4 23.0 56.0 36.7 25.6 42.2
ReLU router 1.1× 53.7 63.8 50.8 41.0 23.2 32.0 21.2 55.0 38.3 26.1 42.1
UAR-AE 1.06× 51.5 63.6 52.2 40.6 22.7 30.5 24.0 59.0 39.1 26.8 42.6
MoE-8A2 UAR-CLB: Auxloss / Auxfree × CLB (Top-k)

Auxloss 1× 52.4 63.2 51.6 42.0 22.4 31.1 21.0 54.6 37.1 25.4 41.7
Auxloss + CLB 1× 53.4 63.9 51.9 41.0 23.4 31.0 23.5 60.6 39.1 26.2 43.1
Auxfree 1× 52.3 63.6 50.0 40.6 22.7 30.8 20.3 59.2 37.8 25.8 41.9
Auxfree + CLB 1× 53.0 64.3 52.3 41.9 24.1 31.1 21.2 59.2 38.3 26.5 42.8

MoE-256A8 UAR-AE vs. Router Variants (with Auxloss)
Top-k 1× 53.9 64.0 51.4 40.4 20.9 30.7 20.9 59.4 38.4 26.0 42.2
Top-p 0.97× 54.1 63.8 51.2 41.0 21.5 30.5 22.1 59.8 38.0 26.2 42.4
ReLU router 1.09× 53.5 64.1 50.9 40.2 21.0 31.5 21.5 58.5 39.0 26.5 42.3
UAR-AE 1.08× 54.8 64.5 52.5 41.2 21.2 31.2 23.5 60.2 39.5 27.0 43.2
MoE-256A8 UAR-CLB: Auxloss / Auxfree × CLB (Top-k)

Auxloss 1× 53.9 64.0 51.4 40.4 20.9 30.7 20.9 59.4 38.4 26.0 42.2
Auxloss + CLB 1× 54.5 64.8 52.1 41.5 21.8 31.3 22.4 60.5 39.8 26.9 43.1
Auxfree 1× 54.0 63.9 50.8 40.5 21.0 30.9 20.5 59.5 38.6 26.1 42.1
Auxfree + CLB 1× 55.1 65.0 52.9 42.1 22.2 31.8 22.0 60.8 40.1 27.2 43.5

Table 1: Main Results on Downstream Benchmarks. We report zero-shot and few-shot accuracy across 10
datasets for MoE-8A2 and MoE-256A8 models.We directly compare UAR with other dynamic routing methods,
while CLB is applied as an attachment to existing load-balancing optimization strategies.

centered at a time-annealed threshold θt. The cal-332

ibrated objective focuses regularization solely on333

uncertain tokens:334

Lcal
aux =

∑
h∈B ω(h)Laux(h)∑

h∈B ω(h) + ϵ
(6)335

Complementary to this, we employ an336

Uncertainty-Weighted Bias Update. Ex-337

pert bias terms bk are updated with a distinct338

learning rate schedule λ(h) dependent on u(h):339

∆bk ∝
[
λhi⊮(u > θt) + λlo⊮(u ≤ θt)

]
(loadtgt − loadk)

(7)340

with λhi ≫ λlo. This ensures that high-uncertainty341

tokens (States II/IV) drive exploration and load342

equalization, while confident tokens (State I) are343

shielded from balancing pressure. This separation344

preserves the sharpness of learned specializations345

while preventing pathological collapse in ambigu-346

ous regions of the data manifold.347

6 Experiments348

6.1 Setup349

Data. To pretrain UAR models and baseline mod-350

els, we use OLMo 2 Mix 1124, which matches351

the OLMoE (Muennighoff et al., 2024) pretraining352

set. It combines DCLM (Li et al., 2024), Dolma353

1.7 (Soldaini et al., 2024) subsets (arXiv, OpenWeb-354

Math, Algebraic Stack, peS2o, Wikipedia), and355

StarCoder (Li et al., 2023). The dataset totals 3.4 356

trillion training tokens and we sample 2 million 357

tokens for validation. 358

Training. All models are trained using Megatron 359

on NVIDIA H800 GPUs, with a sequence length 360

of 4096 and a global batch size of 256. We adopt a 361

cosine learning rate decay schedule combined with 362

a multi-step learning rate scheduler, starting from a 363

peak learning rate of 5×10−4 and decaying to 10% 364

of the initial value, with a warmup over the first 5% 365

of total tokens. Model weights are initialized with 366

standard deviation
√

2/(5d), where d is the hidden 367

size. Mixture-of-experts models use an auxiliary 368

loss coefficient of 10−3. Each model is trained with 369

a data-to-parameter ratio of 200, on the same data 370

volume, from random initialization. 371

Evaluation. We employed the lm-evaluation- 372

harness (Gao et al., 2023) to evaluate our mod- 373

els. For common sense and reading comprehension 374

tasks, we report 0-shot accuracy for SciQ (Welbl 375

et al., 2017), PIQA (Bisk et al., 2020), WinoGrande 376

(WG) (Sakaguchi et al., 2020), ARC Easy(ARC- 377

E) (Clark et al., 2018a), and 10-shot HellaSwag 378

(Hella.) (Zellers et al., 2019), alongside 25-shot 379

accuracy for ARC Challenge (ARC-C) (Clark et al., 380

2018b). For continued QA and text understanding, 381

we report 0-shot accuracy for LogiQA (Liu et al., 382

2020), 32-shot BoolQ (Clark et al., 2019), and 0- 383
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Figure 7: Performance Gains and Training Stability with UAR. Left: Language modeling loss curves. Middle:
Comparison of load balancing loss trajectories. Right: Evolution of expert bias mean in AuxFree settings, .

shot LAMBADA (Lam.) (Paperno et al., 2016).384

All reported results are calculated with the mean385

and stderr of multiple experiments.386

Baseline. Our primary analysis is conducted on387

a 0.18B-parameter model, with additional results388

reported at the 0.5B scale. All models adopt the389

DeepSeekMoE backbone (Dai et al., 2024) with-390

out expert sharing: the first-layer FFN remains391

dense, while all subsequent FFNs are replaced by392

MoE modules with a Softmax router. We compare393

our dynamic routing method against Top-k, Top-p,394

and ReMoE (Wang et al., 2024b). The proposed395

Epistemic Masking (EM) is evaluated under both396

loss-free and auxiliary loss-based load-balancing397

regimes to analyze routing behavior across differ-398

ent stabilization strategies.399

6.2 Result400

Performance and Load Balancing. Table 1401

demonstrates that Uncertainty-Aware Evidence-402

Triggered Routing (UAR-AE) consistently outper-403

forms fixed Top-k strategies and matches dynamic404

baselines (e.g., Top-p, ReLU) under aligned FLOPs.405

By leveraging entropy to adaptively allocate com-406

putational budget, UAR-AE enhances representa-407

tional quality without relying on explicit auxiliary408

losses. Furthermore, our CLB serves as a zero-409

cost, parameter-free refinement. Whether applied410

to standard auxiliary-loss (Auxloss) or auxiliary-411

free (Auxfree) regimes, CLB universally improves412

downstream accuracy and convergence.413

Scalability. We assess robustness across active414

parameters (N ∈ [182M, 975M]) and expert415

counts (E ∈ [4, 128]). As shown in Figure 7, UAR-416

based architectures consistently surpass standard417

MoE baselines. Notably, this performance advan-418

tage amplifies in larger model regimes and persists419

as the expert pool expands, indicating that UAR420

effectively mitigates the saturation and redundancy421

Method Perplexity ↓ MaxVio ↓

Setting A: With Auxiliary Loss
Auxloss (Baseline) 23.93 0.152

Uncertainty = Energy
Start@10k, Warmup=5k 23.77 (-0.16) 0.108 (-0.044)
Start@20k, Warmup=5k 23.79 (-0.14) 0.112 (-0.040)

Uncertainty = Entropy
Start@10k, Warmup=10k 23.75 (-0.18) 0.105 (-0.047)
Start@20k, Warmup=10k 23.78 (-0.15) 0.109 (-0.043)

Setting B: AuxFree
AuxFree (Baseline) 23.85 0.102

Uncertainty = Energy
Start@10k, Warmup=5k 23.69 (-0.16) 0.074 (-0.028)
Uncertainty = Entropy

Start@10k, Warmup=10k 23.67 (-0.18) 0.069 (-0.033)

Table 2: Ablation for Calibrated Load Balancing
on MoE-162M. We compare two settings: standard
Auxloss and AuxFree (bias-only).

often observed in massive expert populations. 422

Stability and Thermodynamics. Experiments 423

on 1B and 3B models confirm that CLB signifi- 424

cantly reduces global load violation (MaxVioglobal) 425

and validation perplexity. As detailed in Ap- 426

pendix G, this approach prevents the characteristic 427

"early oscillation / late collapse" pattern of MoE 428

training. Moreover, analyzing the thermodynamic 429

landscape reveals that UAR fundamentally stabi- 430

lizes routing dynamics. By lowering Helmholtz 431

free energy F and smoothing routing entropy H, 432

the framework avoids high-uncertainty "Cognitive 433

Vacuum" states, ensuring expert selection aligns 434

strictly with the model’s epistemic confidence. 435

6.3 Ablation Studies 436

Ablation: AE Efficiency and Proxy Selection. 437

Table 3 validates that AE yields consistent perplex- 438

ity reductions with marginal computational over- 439

head. Specifically, Energy-based AE (a = 1.0) 440

surpasses the fixed Top-2 baseline by 0.19 PPL 441

while incurring only a 1.03× increase in FLOPs; a 442
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-0.36

Figure 8: Uncertainty Metrics on Training Dynamics. Left: The evolution of load balancing loss throughout
training. Middle: Layer-wise distribution of Energy Mean at step 5000. Right: Layer-wise distribution of Entropy
Mean at step 5000.

conservative setting (a = 0.5) achieves a 0.14 PPL443

gain with negligible cost (1.01× FLOPs). Cru-444

cially, Energy (F) consistently outperforms En-445

tropy (H) as an uncertainty proxy (e.g., ∆PPL446

−0.14 vs. −0.11 at a = 0.5), confirming that447

F more accurately captures the absolute epistemic448

uncertainty required to target "hard" tokens in the449

Cognitive Vacuum.450

Ablation: CLB Robustness. Table 2 assesses451

CLB across standard auxiliary-loss (Setting A)452

and bias-only (Setting B, AuxFree) regimes. In453

Setting A, CLB significantly reduces MaxVio by454

∼ 0.044 while improving perplexity (23.93 →455

23.77), demonstrating that masking confident to-456

kens minimizes interference with expert specializa-457

tion. The benefits amplify in the AuxFree regime,458

where CLB achieves the lowest observed violation459

(MaxVio ≈ 0.062) and superior perplexity (23.69).460

This consistent reduction across settings proves461

CLB enforces load uniformity effectively without462

compromising convergence.463

6.4 Analysis464

We now dissect the mechanisms behind UAR’s465

performance, linking empirical gains to the thermo-466

dynamic dynamics discussed in Sec. 4. Detailed467

qualitative analysis is provided in Appendix H.468

Resolving the Cognitive Vacuum via Free En-469

ergy. Fig. 8 corroborates our hypothesis that470

Router Entropy fails to capture the "Cognitive Vac-471

uum" in deep layers (8–12). While entropy-based472

baselines struggle with persistent ambiguity, UAR473

utilizes Free Energy (F) as a control signal to ex-474

plicitly target these high-energy regions. By dy-475

namically expanding expert slots, UAR suppresses476

the energy floor (Fig. 8, Middle), converting epis-477

temic uncertainty into robust multi-expert ensem-478

bles rather than forcing low-confidence routing.479

Buffering Phase Transitions. Fig. 9 validates 480

that UAR acts as an adaptive buffer during the 481

"Frustrated Exploration" phase (steps 800–2000). 482

The effective number of experts (keff ) automati- 483

cally peaks at ≈ 2.1 during this "Symmetry Break- 484

ing" window, aligning with periods of high ther- 485

modynamic stress. This confirms that the model 486

naturally hedges optimization risks by ensembling 487

experts when the landscape is chaotic, before de- 488

caying toward sparsity in the stabilization phase 489

without manual scheduling. 490

Harmonizing Specialization and Uniformity. 491

Finally, Fig. 7 demonstrates how CLB resolves 492

the "Diversity-Specialization Dilemma." Unlike 493

the AuxFree baseline which suffers from "Bias 494

Explosion" (Red line), CLB’s Epistemic Masking 495

suppresses structural interference. By regularizing 496

only high-uncertainty tokens, the system allows 497

confident states to reinforce specialization while 498

leveraging uncertain states for load balancing. This 499

selective pressure yields a cleaner optimization 500

path and lower convergence loss, achieving uni- 501

formity without impeding expert maturation. 502

7 Conclusion 503

Standard MoE training is hindered by "Frustrated 504

Exploration" and persistent uncertainty in deep lay- 505

ers, caused by misalignment between static routing 506

and evolving model confidence. To address this, 507

we introduce Uncertainty-Aware Routing, which 508

adaptively expands expert activation and selectively 509

applies load balancing based on the router’s ther- 510

modynamic state. Our results demonstrate that 511

dynamically aligning routing decisions with model 512

uncertainty improves both performance and expert 513

specialization, providing a principled path for effi- 514

cient and robust MoE scaling. 515
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8 Limitations516

While UAR demonstrates improved performance517

and stability in MoE training, several limitations re-518

main. First, the approach relies on appropriate cali-519

bration of uncertainty metrics (such as Helmholtz520

Free Energy), which may require additional tuning521

across different architectures and datasets. Second,522

the dynamic adjustment of expert activation intro-523

duces extra computation and memory overhead,524

especially when the number of active experts be-525

comes large for uncertain tokens. Third, our evalu-526

ation is primarily conducted on language modeling527

tasks; the generalizability of UAR to other modali-528

ties or tasks (e.g., vision, multi-modal models, or529

reinforcement learning) requires further study. Fi-530

nally, although UAR reduces the tradeoff between531

load balancing and specialization, achieving the532

optimal balance remains challenging in extremely533

large-scale or highly imbalanced expert settings.534

This manuscript was prepared with the assistance535

of AI tools for language polishing and structural536

refinement; all scientific content and conclusions537

are solely the responsibility of the authors.538
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A Appendix829

A Preliminaries830

A.1 Transformer831

A Transformer (Vaswani et al., 2017) consists of L832

stacked layers with parameters Θ = {θ1, . . . , θL}.833

Given an input sequence x ∈ RN×d, each layer834

applies multi-head self-attention followed by a835

feed-forward transformation under layer normal-836

ization (Ba et al., 2016):837

H ′ = MHSA(LN(H)). (8)838

A standard Transformer computes its output839

through sequential composition,840

Mstd(x) = ψ ◦ TθL ◦ · · · ◦ Tθ1 ◦ ϕ(x), (9)841

where ϕ and ψ denote the embedding and output842

heads. Both parameter count and computational843

cost scale linearly with depth, tightly coupling844

model capacity and inference cost.845

A.2 Mixture-of-Experts846

Mixture-of-Experts layers replace dense feed-847

forward blocks with sparse conditional computa-848

tion. For a token representation h, a router maps it849

to expert weights over K experts, producing850

MoE(h) =

K∑
k=1

Gk(h) Eθ(k)(h), (10)851

where only a small subset of experts is activated852

per token. This design decouples total parameter853

count from per-token computation.854

Load Balancing. A central challenge in MoE855

training is expert collapse, where routing concen-856

trates on a few experts. To prevent this, an auxiliary857

load-balancing loss is commonly introduced (Lep-858

ikhin et al., 2020; Du et al., 2022). For a batch ofB859

tokens, let fk denote the fraction of tokens routed860

to expert k, and Pk the average routing probability.861

The auxiliary objective862

Laux = N

K∑
k=1

fkPk (11)863

encourages uniform expert utilization by penaliz-864

ing deviations from balanced routing. Minimiz-865

ing this loss drives both fk and Pk toward unifor-866

mity, implicitly maximizing routing entropy. While867

effective at preventing collapse, this formulation868

assumes that uniformity is desirable throughout869

training, an assumption we revisit in subsequent870

sections. Extended definitions in Appendix C.871

B Related Work 872

Uncertainty estimation methods. Recently, nu- 873

merous uncertainty estimation methods for LLMs 874

have been proposed. These include methods that 875

utilize natural language for uncertainty feedback, 876

including heuristically designed and trained ap- 877

proaches (Tao et al., 2025; Xiong et al., 2023; Lin 878

et al., 2023); methods that estimate uncertainty 879

based on model states, including those leverag- 880

ing prior knowledge or statistical observations of 881

model states (Kostenok et al., 2023; Li et al., 2025; 882

Liu et al., 2024), or observing changes under per- 883

turbations (Zhang et al., 2025; Gao et al., 2024); 884

and methods that take into account the semantics 885

of the response, including consistency-based uncer- 886

tainty characterizations (Lyu et al., 2025; Bartsch 887

et al., 2023; Xiao et al., 2025) and approaches that 888

integrate semantics with model states (Kuhn et al., 889

2024; Grewal et al., 2024). 890

Dynamic Computation Allocation Dynamic 891

Computation Allocation, like Mixture-of-Expert 892

(MoE), reduce computational overhead by activat- 893

ing only a subset of networks (Fedus et al., 2022; 894

Riquelme et al., 2021; Zhou et al., 2022; Jiang 895

et al., 2024; Xue et al., 2024). Some works fo- 896

cus on elastic computation in depth, such as early 897

exit (Elhoushi et al., 2024; Chen et al., 2024), 898

parameter sharing (Mu et al., 2024; Wang et al., 899

2024a) or using token-routing for dynamic layer 900

skipping (Zhang et al., 2024). 901

C Extended Preliminaries 902

C.1 Transformer Architecture 903

A Transformer is a deep neural network model for 904

sequence modeling, defined by a sequence of L 905

stacked layers, each parameterized by θl ∈ Θ = 906

{θ1, . . . , θL}. Let x ∈ RN×d denote the input 907

sequence (with N tokens and d-dimensional em- 908

beddings). The core layer function, Tθl , typically 909

consists of multi-head self-attention (MHSA) and 910

feed-forward components, applied after layer nor- 911

malization (LN): 912

H ′ = MHSA(LN(H)). (12) 913

The forward computation for a standard Trans- 914

former model Mstd is expressed as a composition 915

of the layer functions: 916

Mstd(x) = ψ ◦ TθL ◦ · · · ◦ Tθ1 ◦ ϕ(x), (13) 917
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where ϕ(·) is an input embedding function and ψ(·)918

is an output head. Both the computational cost and919

the total number of parameters scale linearly with920

L.921

C.2 Mixture-of-Experts922

A Mixture-of-Experts layer replaces the standard923

dense feed-forward block with a sparse conditional924

computation module. For an input token h, a gating925

function routes the computation to a subset of K926

experts:927

ExpertOutput(h) =
K∑

k=1

Gk(h) · Eθ
(k)
l

(h). (14)928

Load Balancing A critical challenge in training929

MoE models is expert collapse, where the router930

converges to selecting only a few experts. To mit-931

igate this, a load balancing auxiliary loss Laux is932

typically added. For a batch of B tokens, let fk be933

the fraction of tokens dispatched to expert k, and934

Pk be the average routing probability:935

fk =
1

B

B∑
i=1

⊮(expert = k), Pk =
1

B

B∑
i=1

Gk(hi). (15)936

The auxiliary loss is defined as937

Laux = N

K∑
k=1

fk · Pk, (16)938

which encourages uniform expert usage by maxi-939

mizing the entropy of the routing distribution.940

D Dynamics of Entropy-Adaptive941

Routing942

In Top-p routing, the number of active experts N is943

determined dynamically. Let π denote the sorting944

permutation such that pπ(1) ≥ · · · ≥ pπ(K). The945

active set size is formalized as:946

N = min

{
n ∈ {1, . . . ,K}

∣∣∣∣∣
n∑

i=1

pπ(i) ≥ p

}
(17)947

This formulation creates an implicit functional de-948

pendency between the sparsity level N and the949

router entropy H(p). As the uncertainty varies950

between its extrema, N adapts:951

N ≈

{
1 as H(p) → 0 (High Confidence)
⌈p ·K⌉ as H(p) → lnK (Max Entropy)

(18)952

Thus, the mechanism effectively ensembles more953

experts in high-entropy regimes while preserving954

sparsity in low-entropy scenarios.955

E Stubborn Routing and Partition Errors 956

Similar to hallucinations in LLM sequence gener- 957

ation, MoE routers can become biased towards a 958

specific expert subset despite poor fit. This is ex- 959

acerbated by the accumulation of approximation 960

errors in the router’s partition function Zθ. Since 961

Zθ is computed only over the K existing experts, 962

it fails to account for the “missing knowledge” that 963

an ideal, infinite-capacity expert pool would pro- 964

vide. Consequently, a low-entropy routing state 965

does not guarantee a reliable expert-token match; it 966

merely indicates an absence of internal competition 967

among the current experts, ignoring the possibility 968

that the entire expert set may be ill-suited for the 969

input. 970

F Extended Analysis of Routing States 971

State II: Functional Ambiguity. In this regime, 972

the router possesses sufficient knowledge (low F) 973

but remains uncertain about a single victor (high 974

H). This indicates that the token represents a cross- 975

disciplinary feature or "hub" concept that multiple 976

experts are equally capable of handling. Unlike 977

State IV, this uncertainty is aleatoric rather than 978

epistemic, suggesting potential for collaborative 979

activation or multi-routing strategies. 980

State IV: Cognitive Vacuum. This state repre- 981

sents the absence of learned structure. The model 982

neither knows which expert to choose nor has any 983

meaningful evidence for the input. Empirical ob- 984

servation suggests this state is dominant during 985

the initial stages of training before expert special- 986

ization emerges, and persists in the final layers 987

where residual stream variance often overwhelms 988

the router’s feature extraction capabilities. 989

G Extended Analysis of Training 990

Dynamics 991

In this section, we provide a detailed analysis of 992

the training stability and thermodynamic evolution 993

of the proposed methods, supplementing the main 994

results. 995

G.1 Logit Magnitude and Evidence Potential 996

Logit sums (
∑
zk) serve as a proxy for total po- 997

tential evidence. We observe a strong sensitivity to 998

λ: high regularization (λ = 10−2) suppresses mag- 999

nitudes, acting as a temperature-like pressure pre- 1000

venting high-confidence commitment. Conversely, 1001
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weak regularization (λ = 10−4) permits rapid ev-1002

idence accumulation. Crucially, deeper layers ex-1003

hibit consistent logit decay, signaling signal loss1004

and a struggle to establish dominant expert pres-1005

ence in complex representation spaces.1006

G.2 Load Balancing as an Attachable1007

Refinement1008

?? Our CLB is designed as an attachable mod-1009

ule that can be layered on top of existing mech-1010

anisms—whether Auxloss or Auxfree—without1011

modifying the underlying MoE architecture or in-1012

creasing parameter count. In practice, CLB is acti-1013

vated mainly in the later stages of training. It selec-1014

tively adjusts expert usage based on epistemic sig-1015

nals, refining the load distribution after the router1016

and experts have already developed initial special-1017

ization.1018

The MaxViobatch curves over training steps (refer1019

to Figure 8 in the main text and additional plots be-1020

low) demonstrate that, once attached, CLB progres-1021

sively reduces batch-wise imbalance. Crucially, it1022

avoids the "early oscillation / late collapse" pattern1023

frequently observed in conventional MoE training,1024

where routers flip between unstable exploration and1025

premature convergence to a few experts.1026

G.3 Thermodynamic Landscape and Routing1027

Uncertainty1028

To investigate how UAR interacts with the router’s1029

epistemic state, we visualize the evolution of rout-1030

ing uncertainty by tracking two key metrics across1031

layers and training steps:1032

• Helmholtz Free Energy (F ): Acts as a proxy1033

for absolute evidence.1034

• Routing Entropy (H): Acts as a proxy for1035

aleatoric uncertainty.1036

Visualizations indicate that enabling UAR qual-1037

itatively shifts the router’s thermodynamic trajec-1038

tory: the energy "climb" becomes less pronounced,1039

the high-level plateau is lowered, and fluctuations1040

in both F and H are substantially reduced. These1041

effects are consistent across two forms of interven-1042

tion:1043

1. Evidence-Triggered Expansion: By modify-1044

ing routing directly, the dynamic adjustment1045

of active experts in high-energy regimes re-1046

duces the number of tokens trapped in "Cog-1047

nitive Vacuum" and "Stubborn Bias" states.1048

Setting Avg. ActE FLOPs Perplexity ↓

Top-k (Fixed k) 2.00 1.00x 23.93

Uncertainty = Entropy
AE (a = 0, b = 2) 2.00 1.00x 23.93 (0.00)
AE (a = 0.3, b = 2) 2.15 1.00x 23.87 (-0.06)
AE (a = 0.5, b = 2) 2.45 1.01x 23.82 (-0.11)

Uncertainty = Energy
AE (a = 0.5, b = 2) 2.55 1.01x 23.79 (-0.14)
AE (a = 0.7, b = 2) 2.80 1.02x 23.77 (-0.16)
AE (a = 1.0, b = 2) 3.10 1.03x 23.74 (-0.19)

Table 3: Ablation study of AE routing under different
uncertainty measures (entropy/energy) and hyperparam-
eter settings (a, b). We report average activated experts
per token, FLOPs (normalized to Top-k), and validation
perplexity. The values in green brackets show the im-
provement compared to the Top-k baseline.

This leads to systematically lower free energy 1049

and a smoother entropy decay. 1050

2. CLB Refinement: When attached to Auxloss 1051

or Auxfree, CLB selectively applies regu- 1052

larization in high-uncertainty regions. This 1053

avoids unnecessary stochastic pressure on con- 1054

fident tokens, further stabilizing the router’s 1055

logit landscape. 1056

Empirically, this joint reduction in routing en- 1057

ergy and entropy variability indicates that UAR 1058

drives the MoE system toward a more calibrated 1059

uncertainty regime throughout training. 1060

H Extended Experimental Analysis 1061

In this section, we provide a granular breakdown of 1062

the thermodynamic evolution observed in Sec. 6.4, 1063

detailing the specific interactions between energy 1064

dynamics and routing behaviors. 1065

H.1 The "Cognitive Vacuum" and Energy 1066

Suppression 1067

A central premise of our framework is that standard 1068

Router Entropy is insufficient for detecting high 1069

epistemic uncertainty, particularly in deeper layers. 1070

• Evidence: As illustrated in Fig. 8 (Left & 1071

Middle), the baseline model exhibits persis- 1072

tently high Free Energy in Layers 8–12, con- 1073

firming the existence of a "Cognitive Vac- 1074

uum" where the router lacks discriminative 1075

evidence. 1076

• Mechanism: UAR transforms this dynamic. 1077

By utilizing Energy-AE, the model effectively 1078

14



Figure 9: Dynamic Expert Expansion and Load Balancing Efficiency. Left: The average number of activated
experts per token over time; Energy-AE dynamically expands the budget (kh > 2) during the critical transition phase
while Top-k remains fixed. Middle: The Max/Mean ratio of expert utilization across layers, where Energy-AE
achieves the lowest ratio, indicating superior load uniformity. Right: Layer-wise auxiliary loss, validating that
Energy-AE consistently minimizes the load balancing objective across all layers.

suppresses the energy floor in these deep lay-1079

ers. Instead of making low-confidence pre-1080

dictions, the router dynamically expands its1081

capacity, "filling" the vacuum with computa-1082

tion via multi-expert ensembles.1083

H.2 Dynamic Expansion as a Phase1084

Transition Buffer1085

Our theoretical analysis in Sec. 4 identified a crit-1086

ical "Energy Climb" during the Transition Stage1087

(Phase B), characterized as Frustrated Exploration.1088

• Adaptive Response: Fig. 9 (Left) highlights a1089

distinct peak in activated experts (keff ≈ 2.1)1090

specifically between steps 800 and 2000. This1091

temporal window aligns perfectly with the1092

identified "Symmetry Breaking" phase.1093

• Interpretation: The model automatically1094

learns to expand k during periods of thermody-1095

namic stress. This suggests that UAR enables1096

the router to hedge bets during chaotic opti-1097

mization landscapes. Crucially, as the model1098

enters the Stabilization Phase (Phase C), keff1099

naturally decays, validating the method’s abil-1100

ity to navigate the exploration-exploitation1101

trade-off autonomously.1102

H.3 Decoupling via Epistemic Masking1103

The "Diversity-Specialization Dilemma" suggests1104

that uniform load balancing often impedes expert1105

maturation.1106

• Bias Evolution: Fig. 7 (Right) reveals that the1107

AuxFree baseline suffers from "Bias Explo-1108

sion," where expert biases drift uncontrollably1109

to satisfy crude routing heuristics.1110

• CLB Efficacy: The proposed CLB strategy1111

(Blue/Grey lines) mitigates this by applying1112

Model Setting L.2-Small L.2-Middel L.2-Large

hidden size 1024 1536 2048
intermediate size 2560 2560 4096
attention heads 32 32 32
num kv heads 32 16 32
layers 8 8 8

# Params 162M 230M 466M

Table 4: Detailed configuration, activation parameters,
and total parameters of the models included in our study.
L.2-162M represents the LLaMA-2 architecture model
with 162M total parameters.

Epistemic Masking. Regularization is ap- 1113

plied strictly to high-uncertainty tokens (State 1114

II/IV), preventing structural interference. This 1115

allows confident tokens (State I) to drive spe- 1116

cialization without penalty, proving that uni- 1117

formity can be improved without fighting the 1118

model’s intrinsic drive for specialization. 1119
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