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Abstract

Current Mixture-of-Experts (MoE) models
typically rely on a static Top-k routing mecha-
nism, activating a fixed number of experts for
every token regardless of its difficulty. This
uniform allocation ignores the inherent vari-
ability in linguistic information density that
simple functional words require significantly
less processing capacity than content-heavy
terms. The static routing results in compu-
tational waste for easy tokens and potential
under-fitting for difficult ones. To address
this issue, we propose CAR, a Complexity-
Aware Routing framework that aligns the com-
putational budget with the intrinsic informa-
tion density of input tokens. Diverging from
previous dynamic methods that rely on unsta-
ble heuristics, we ground our routing decision
in a dual-signal objective combining Shannon
Surprisal and Predictive Entropy to objectively
measure token complexity. We implement
a decoupled architecture where a Complexity
Perception (CP) module utilizes a Recurrent
Complexity Memory (RCM) to estimate these
signals from a teacher model, guiding a Dy-
namic Expert Allocator (DEA) to adjust k£ on
the fly. Extensive experiments demonstrate
that CAR consistently outperforms both static
baselines and SOTA dynamic routing methods.
Notably, our approach achieves superior accu-
racy on reasoning-intensive benchmarks (e.g.,
boosting MMLU by 0.8 and GSM8K by 1.5
over static routing) while reducing the aver-
age number of activated parameters by approx-
imately 10%. Our code is available at https:
//github.com/Acking646/car.

1 Introduction

The scaling of Large Language Models (LLMs)
has driven remarkable capabilities across a spec-
trum of natural language processing tasks (Tou-
vron et al., 2023; Zhu et al., 2024; Shen et al.,
2025; Dong et al., 2025). However, the immense
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computational cost associated with dense models
has catalyzed the adoption of Sparse Mixture-of-
Experts (MoE) architectures (Shazeer et al., 2017;
Fedus et al., 2022). By conditionally activating
only a subset of parameters, also known as ex-
perts, for each input token, MoEs promise to de-
couple model capacity from computational cost,
achieving performance comparable to dense mod-
els with significantly fewer activated parameters
(Jiang et al., 2024; Dai et al., 2024).

Despite these advances, the standard routing
mechanism in MoE models typically employs a
static Top-k strategy, where a fixed number of ex-
perts (e.g., k=2) is assigned to every token regard-
less of its linguistic complexity. This one-size-fits-
all approach ignores the inherent variability in in-
formation density across tokens: a functional stop-
word like “the” requires significantly less compu-
tational capacity than a content-heavy word like
“ontology” or a complex reasoning step. Conse-
quently, static routing leads to a dual problem:
computational waste for simple tokens and poten-
tial under-fitting for complex tokens that might
benefit from broader expert collaboration (Agh-
dam et al., 2024; Raposo et al., 2024).

To address the rigidity of fixed computation,
recent studies have explored dynamic routing
mechanisms. Approaches such as MoD (Raposo
et al., 2024) and DynMoE (Guo et al., 2024) at-
tempt to allocate compute dynamically by allow-
ing variable expert activation or skipping layers en-
tirely. Similarly, LD-MoLE (Zhuang et al., 2026)
and MoNE (Cheng et al., 2025) investigate finer-
grained or learnable sparsity to optimize param-
eter utilization. Furthermore, recent paradigms
like Ada-K Routing (Zhao et al., 2025) frame dy-
namic expert selection as a reinforcement learn-
ing problem, optimizing the routing policy directly
based on downstream task rewards. However,
these methods often rely on heuristic thresholds
(e.g., Top-p routing), end-to-end learnable gates,
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or reward-driven optimizations that suffer from
training instability and lack interpretability. Cru-
cially, existing dynamic routers typically derive
routing decisions implicitly from the model’s in-
ternal confidence, task-specific downstream objec-
tives, or load-balancing constraints, which do not
explicitly measure the intrinsic complexity of the
input token.

To address these issues, we propose
Complexity-Aware Routing (CAR), a novel
framework that fundamentally rethinks expert
allocation by introducing objective, information-
theoretic signals into the routing decision.
Diverging from heuristic-based methods, we
ground our approach in a dual-signal framework
comprising Shannon Surprisal (Oh and Schuler,
2025) and Predictive Entropy (Malinin and Gales,
2020). This posits that the computational budget
allocated to a token should be proportional to
both its contextual unpredictability and the overall
uncertainty of the next-token distribution.

We implement CAR through a Perception-
Decision decoupling strategy. We first construct
a Complexity Perception (CP) module utilizing
cross-layer recurrence, trained to regress dual
complexity signals generated by a high-capacity
teacher model. This perception allows the student
MoE model to explicitly perceive the complexity
of incoming tokens. Then, we design a discrete
Dynamic Expert Allocator (DEA) decision that
maps these signals to a dynamic k that utilizes a ro-
bust normalization strategy to handle the long-tail
distribution of complexity values. This design en-
ables the model to sparsely activate as few as one
expert for simple tokens while engaging a broader
ensemble for complex ones, optimizing the trade-
off between performance and efficiency.

Extensive experiments demonstrate that CAR
significantly outperforms both standard Top-k
baselines and existing dynamic routing methods.
Specifically, CAR achieves superior performance
on reasoning-intensive benchmarks (e.g., boosting
MMLU accuracy by 0.8 and GSM8K by 1.5 over
static routing) while reducing the average num-
ber of activated parameters by approximately 10%,
validating that explicitly modeling token complex-
ity is a more effective path toward efficient, adap-
tive computing in LLMs.

The main contributions of this work are summa-
rized as follows:

* We identify the limitation of static compute

allocation in MoEs and propose using Shan-
non Surprisal and Predictive Entropy to guide
dynamic expert routing.

¢ We introduce the CAR framework, which de-
couples complexity perception from routing
decisions. It uses shared recurrence to propa-
gate token states and a regression-based pre-
dictor to estimate dual complexity signals,
stabilizing the dynamic routing process with-
out introducing training collapse.

* We demonstrate through extensive experi-
ments that CAR achieves a better accuracy-
efficiency trade-off compared with existing
baselines.

2 Related Work

Mixture of Experts The concept of MoEs has
been initially proposed to decompose complex
tasks into sub-tasks handled by specialized sub-
networks (Jacobs et al., 1991). Shazeer et al.
(2017) introduce the Sparsely-Gated MoE layer
that employs a trainable gating network to route
tokens to a sparse subset of experts to scale model
capacity without a proportional increase in com-
putational cost. This architecture has become
a cornerstone for scaling large language models.
Representative works such as GShard (Lepikhin
et al., 2020) and Switch Transformer (Fedus et al.,
2022) demonstrated the efficacy of MoE in scal-
ing to trillions of parameters by selecting the top-
1 or top-2 experts per token. More recently, ar-
chitectures like Mixtral (Jiang et al., 2024) and
DeepSeek-MoE (Dai et al., 2024) have further re-
fined expert specialization and granularity, estab-
lishing MoE as a standard for high-performance,
efficient LLMs. MoE-style architectures are also
prevalent in multilingual LLMs and machine trans-
lation (Li et al., 2023; Zhu et al., 2025; Li et al.,
2026; Dong et al., 2026). However, these conven-
tional approaches typically rely on a static Top-k
routing mechanism, which rigidly assigns a fixed
computational budget to every token regardless of
its information density or processing difficulty.
Dynamic Routing Mechanisms To address the
inefficiencies of static routing, recent research has
focused on dynamic expert allocation strategies
that adapt to token complexity (Zhou et al., 2022;
Huang et al., 2024; Raposo et al., 2024; Guo et al.,
2024; Zhuang et al., 2026; Cheng et al., 2025).
Early attempts like ECR (Zhou et al., 2022) inverts
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Figure 1: Overview of the Complexity-Aware Routing (CAR) framework. (i) Offline labeling: a frozen teacher
model produces token-level dual complexity labels from Shannon Surprisal (S) and Predictive Entropy (H), fol-
lowed by robust normalization. (ii) Predictor alignment: the normalized labels are used to train the Complexity
Perception (CP) module with Recurrent Complexity Memory (RCM), while the MoE backbone remains frozen.
(iii) Dynamic inference: CP predicts token-level complexity scores, and the Dynamic Expert Allocator (DEA)

maps the effective complexity score Cog to a dynamic expert budget & € [kmin, Kmax)-

the selection process to prioritize expert load bal-
ancing, while Top-p routing (Huang et al., 2024)
introduces probability thresholds to allow variable
expert activation. MoD (Raposo et al., 2024) and
DynMOoE (Guo et al., 2024) dynamically allocate
compute by skipping layers or adjusting expert
counts during training. Similarly, AdaMoE (Zeng
et al., 2024) and MoE++ (Jin et al., 2025) attempt
to identify easy tokens to reduce computation via
null experts. LD-MoLE (Zhuang et al., 2026) and
MOoNE (Cheng et al., 2025) further explore learn-
able routing distributions and neuron-level spar-
sity. Additionally, Ada-K Routing (Zhao et al.,
2025) formulates expert allocation as a reinforce-
ment learning problem, optimizing routing poli-
cies from downstream task rewards. While this
design can directly optimize task-specific objec-
tives, the learned policy may depend on the re-
ward design and task distribution used during pol-
icy training. More broadly, existing dynamic rout-
ing methods often derive allocation decisions from
heuristic confidence scores, router probabilities, or
downstream reward feedback, which do not explic-
itly measure token-level complexity. In contrast,
CAR uses task-agnostic, teacher-derived complex-
ity signals to supervise a lightweight predictor
under a frozen-backbone setting. By regressing
Shannon Surprisal and Predictive Entropy, CAR

separates complexity estimation from the origi-
nal router confidence and downstream reward op-
timization, enabling a more interpretable basis for
dynamic expert allocation.

3 Methodology

The proposed CAR framework is illustrated in
Figure 1. We first establish the theoretical basis
for utilizing a dual-signal objective—combining
Shannon Surprisal and Predictive Entropy—to
capture token complexity (Section 3.1). Then, we
detail the automated labeling pipeline, which em-
ploys a frozen teacher model to generate complex-
ity scores via efficient forward propagation (Sec-
tion 3.2). Finally, we present the CAR architec-
ture, which utilizes a shared cross-layer recurrent
mechanism coupled with a Complexity Perception
(CP) predictor and a Dynamic Expert Allocator
(DEA) to decouple continuous complexity estima-
tion from discrete expert allocation (Section 3.3).
We then describe the predictor alignment phase,
which ensures stable routing initialization under a
frozen-backbone setting (Section 3.4).

3.1 Quantifying Token Complexity via Dual
Signals

A foundational requirement for the proposed CAR
is a reliable and quantifiable metric that accu-
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rately reflects token-level complexity. To address
this, we draw from information theory and em-
ploy a dual-signal framework comprising Shannon
Surprisal (Oh and Schuler, 2025) and Predictive
Entropy (Malinin and Gales, 2020). Grounded
in cognitive linguistics (Gruteke Klein et al.,
2025; Oh and Schuler, 2025), surprisal correlates
strongly with the processing effort required for lan-
guage processing. Furthermore, recent studies on
cognitive-load-aware activation (Yang et al., 2026)
demonstrate that surprisal and predictive entropy
independently and complementarily predict cogni-
tive processing demand. Crucially, unlike heuris-
tic constraints, these dual signals provide objec-
tive, information-theoretic measures of processing
difficulty.

Formally, let Micacher denote a robust, frozen
pre-trained teacher language model parameterized
by ©r. For a text sequence x = (t1,t2,...,tr)
within the corpus, we first define the complexity
based on its preceding context t «; = (¢1,...,t;—1)
as its Shannon Surprisal S(t;):

S(tl) = — 10g2 P(tl | t<2'; @T) (1)

Simultaneously, we extract the Predictive Entropy
H(t;) to measure the overall uncertainty of the
next-token distribution:

H(t;) = —> P(v|te;O1)logy P(v | tes; O)
' @)

where v denotes a candidate token in the vo-
cabulary V. These signals capture complemen-
tary dimensions of token complexity. Surprisal
S(t;) reflects the localized, post-hoc processing de-
mand of the observed token, whereas predictive
entropy H(t;) models the global, a priori uncer-
tainty across the vocabulary distribution. A higher
score indicates a more difficult token and activates
more experts.

3.2 Automated Complexity Labeling

To enable the student MoE model to better cap-
ture token complexity, we construct a large-scale
training set with automatically generated com-
plexity labels. This offline pipeline converts dy-
namic compute allocation into explicit supervision
through three stages:

Batch Inference. We process the raw corpus
in batches through a frozen, high-capacity teacher
model. Performing solely forward propagation
without gradient tracking maximizes throughput,
enabling feasible annotation at scale.

Dual-Signal Extraction. Using the teacher’s
output logits, we compute the surprisal S(¢;) and
predictive entropy H(¢;) at each position 7. This
process generates two raw signal sequences, S =
(S(t1),...,S(tr)) and H = (H(¢1),...,H(tL)),
strictly aligned with the input sequence x. Be-
cause the initial token ¢; lacks preceding context,
we assign it a zero value for both metrics and ex-
clude it from subsequent normalization.

Robust Normalization. Since raw surprisal
and entropy values follow long-tail distributions,
standard Min-Max scaling compresses most in-
formative tokens into an indistinguishable narrow
range. To mitigate outlier sensitivity, we ap-
ply a global robust normalization. For surprisal,
we compute corpus-level percentiles to establish
bounds SrPUst and SToPUst clipping raw scores be-

min max
fore scaling:

_ clip(S(t;), Sﬁ?gl“t, grobust) _ grobust

Cs (tz) S#l)g{lst _ énr;a;k()ust o
min (3)
Applying an identical transformation to
H(t;) yields the normalized sequences
Cs = (Cg(t1),...,Cs(tr)) and Cyp =

(Cu(t1),...,Cg(ty)).  Keeping the targets
within [0, 1] reduces the impact of extreme values
and makes training more stable.

3.3 Complexity-Aware Routing Mechanism

We propose a Perception-Decision Decoupling
strategy for the MoE routing architecture. This de-
sign separates continuous complexity estimation
from discrete expert allocation, bypassing the gra-
dient optimization issues inherent to discrete rout-
ing decisions. Consequently, it stabilizes training
while improving controllability.

3.3.1 Recurrent Complexity Memory (RCM)
and Perception (CP)

To capture cross-layer dependencies, we integrate
a shared Recurrent Complexity Memory (RCM)
into the routing architecture. For each layer [, a
layer-specific projection processes the hidden state
h, and the RCM updates the contextual state hi*™

x) = Proj,(h}) (4)

hj™ = RCM(a, i) 5)

A layer-specific two-layer MLP then maps this up-
dated memory state to the dual complexity signals:

[C5(t), Cly(8)] = o(Wh - ReLU(WY - ™)) (6)
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where W} and W), are the trainable weight matri-
ces of the layer-/ two-layer MLP. The sigmoid ac-
tivation o strictly constrains the outputs to [0, 1],
matching the normalized regression targets.

3.3.2 Dynamic Expert Allocator (DEA)

Based on the dual predictions, the DEA deter-
mines the expert budget k;. To map the multi-
dimensional signals into a single scalar without
introducing new hyperparameters, we aggregate
them via a probabilistic union:

Cenr(t) =1 — (1= Cs()(1 = Cy(1)) ()

We then compute a tentative count k; via power-
law scaling:
k¢ = round (kmin + (Co(t))” + (kmax — Kmin))
(8)
Here, ki, guarantees a performance lower bound,
and kpax matches the backbone’s standard Top-k
capacity. A bounding operation then finalizes the

allocation:
ke = clamp(k¢, kmin, Kmax) 9)

Here, v is a controllable allocation exponent that
governs the curvature of the complexity-to-budget

mapping:

* Performance Mode (0 < ~ < 1): assigns
more experts to moderate-complexity tokens,
favoring model quality.

* Balanced Mode (v = 1): applies a linear
mapping from effective complexity to expert
budget. We use this as the default setting.

* Efficiency Mode (v > 1): makes allocation
more selective, reserving higher expert bud-
gets for tokens with higher complexity.

This design allows for flexible adjustment of infer-
ence costs without requiring retraining.

3.4 Predictor Alignment Strategy

To avoid chaotic expert allocation from random
initialization, we implement a Predictor Align-
ment phase. We employ a strict parameter isola-
tion strategy: freezing the entire pre-trained MoE
backbone Oy, (including self-attention layers,
experts, and gates), while exclusively updating the
shared RCM ®prc\ and the layer-specific CP pre-
dictors @cp. Formally, the update rule at step 7

is:
() _ o™
91\;[—0}3 - ®MOE
1
eggM) = egc)]M -n: v@RCM»Ccomplexity (10)
T+1 T
Q(CP—’F ) = 6(012\ -n- v(")cp’ccomplexity
where 7 is the learning rate. We train the modules
via supervised regression to fit the dual complex-

ity signals derived in Section 3.2. The objective
minimizes the joint Mean Squared Error (MSE):

E —
Complexit y N
valid

i=1

1G5 () — Ot
+ G (t:) — Cr(t)]?)

(11)

where M; is a binary mask excluding padding
tokens. This isolated optimization equips the
model with multidimensional complexity percep-
tion, establishing a stable routing initialization
without training collapse.

4 Experiments

We conducted extensive experiments and com-
pared them with a series of strong baselines.

4.1 Datasets

For predictor alignment, we construct a mixed
corpus of approximately 12K samples. This
comprises 10K random sentences from RedPa-
jama (Weber et al., 2024), augmented with 2K
correct reasoning chains from GSMS8K (Cobbe
et al., 2021) and roughly 200 from the MMLU
(Hendrycks et al., 2020). To prevent data contam-
ination, we strictly exclude all evaluation splits
from the training phase. We report zero-shot ac-
curacy across a diverse benchmark suite (Team,
2024), encompassing MMLU, GSMSK, BBH
(Suzgun et al., 2023), ARC-Challenge, ARC-Easy
(Clark et al., 2018), Winogrande (Sakaguchi et al.,
2020), TruthfulQA (Lin et al., 2022), Common-
senseQA (Talmor et al., 2019), and WMT24++
(Kocmi et al., 2024).

4.2 Settings and Baselines

Settings. We freeze the entire pre-trained MoE
backbone (including self-attention layers, experts,
and routing gates), exclusively updating the shared
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Methods gcrzrvnes MMLU GSMS8K ARC-C ARC-E Wino Truth CSQA WMT24++ BBH
Static Top-k

Top-k (k = 7) 266B 8553 9454  91.89 9443 6729 7442 81.84 7962  58.13
Top-k (k = 8) 3B 8553 9570  91.99 9424 68.07 7442 82.03 80.68  59.26
Dynamic Top-k

DA-MoE 287B 5833  60.13  72.66 8594 6460 1484 81.81 7942 4234
AdaMoE 268B 8551 9624 9192 9423 67.85 7425 81.90 80.54 5824
MoE-D (p = 0.35) | 2.62B 8575 9432  91.70 9434 6885 7393 81.84 8048 5721
MoE-D (p=0.5) | 2.84B 8597 9513 9219 9453 68.64 7393 82.42 8122 5841
Ada-K 267B 8620 9547 9197 9441 6795 7441 82.05 81.12 5832
Ours

CAR (kpin = 6) | 2.68B 8641 9727 9189 9414 6897 7471 82.32 8121 5741

Table 1: Main results on the Qwen3-30B-A3B backbone. We report zero-shot accuracy and average activated
parameters. The best score on each benchmark is highlighted in bold.

RCM (®Ogrcnm) and the layer-specific CP predic-
tors (@¢cp). We utilize Qwen3-30B-A3B (128 to-
tal experts, activating 8 per token) (Yang et al.,
2025) as both the student and its own teacher to
extract self-derived complexity labels. For evalua-
tion, we use zero-shot prompting with determinis-
tic generation and fix the evaluation seed to 42 for
reproducibility. To alleviate concerns regarding
teacher dependency, we also explore the feasibility
of using alternative external models as teachers in
Appendix B. For predictor alignment, we train for
a single epoch using the AdamW optimizer with a
learning rate of 1e-3 and a batch size of 4, accumu-
lating gradients every 2 steps to stabilize conver-
gence. We fix the allocation exponent v = 1 and
evaluate minimum expert bounds ki, = 6. Ap-
pendix B details the training overhead, computa-
tional costs, inference speed, hyperparameter sen-
sitivity analysis and teacher-scale ablations.

Baselines. We compared our approach against
Static Top-k (k € {7,8}), which enforces a
fixed compute budget, and four representative dy-
namic allocation strategies: DA-MoE (Aghdam
et al., 2024), an attention-driven heuristic alloca-
tor; AdaMoE (Zeng et al., 2024), which introduces
learnable null experts for adaptive compute skip-
ping; MoE-D (Huang et al., 2024), a confidence-
based method using cumulative probability thresh-
olds (p € {0.35,0.5}); and Ada-K (Zhao et al.,
2025), an RL-based method that optimizes routing
policies via downstream rewards. Detailed config-
urations are provided in Appendix C. We adopt
zero-shot accuracy and the average number of ac-
tive parameters as our primary evaluation metrics.

4.3 Main Results

Table 1 presents the performance comparison
across multiple benchmarks. The Static Top-k
rows establish the baseline performance, reveal-
ing the limitations of a rigid computational budget.
While increasing the active experts from k = 7
to k = 8 yields marginal performance gains on
specific tasks (e.g., GSM8SK and WMT24++), it
imposes a uniform and high cost on every token,
inflating the active parameters from 2.66B to 3B.

For dynamic routing mechanisms, existing base-
lines exhibit mixed results. Heuristic methods like
DA-MOoE suffer from severe performance degra-
dation, indicating that raw attention signals are
too noisy for stable expert allocation. Although
AdaMoE and MoE-D (p = 0.5) achieve improve-
ments over the static baseline, their reliance on in-
ternal confidence thresholds leads to suboptimal
resource allocation on complex tasks. Further-
more, Ada-K, despite leveraging downstream RL
optimization, struggles to match the reasoning ca-
pacity of optimal allocation, plateauing at 86.20
on MMLU and 95.47 on GSMS8K.

In contrast, CAR demonstrates superiority
across both reasoning and generation benchmarks
while adhering to a strict parameter budget. Op-
erating with only 2.68B active parameters, CAR
(kmin = 6) significantly outperforms the resource-
heavy Static Top-8 on critical tasks, including a
notable 1.57 absolute improvement on GSM8K
(97.27 vs. 95.70) and a 0.88 improvement on
MMLU. This confirms that explicitly tracking to-
ken complexity successfully identifies critical rea-
soning steps and allocates a broader expert ensem-
ble to them. Consequently, CAR maximizes ana-
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Methods | MMLU GSM8K ARC-C Truth | N, Teacher Model MMLU GSM8K ARC-C Truth
CAR ‘ 86.41 97.27 91.89 74.71 ‘ 2.68B Qwen3-0.6B 84.82 95.10 90.15 72.85
Random Signal | 84.85  93.10 9124 73.85 | 2.70B Qwen3-1.78 8576 9605 91.22 73.90

i Qwen3-4B 85.95 96.42 9145 74.12
w/o Surprisal 85.44 94.15 92.19 74.17 | 2.70B

Qwen3-14B 86.20 96.95 91.68 74.45

w/o Entropy 85.92 96.12 9195 74.52 | 2.69B Qwen3-30B-A3B (Ours) | 86.41 97.27 91.80 7471
w/o RCM 8652 9635  91.68 7445 | 2.68B weno B AR Turs - : . :
w/o Norm. 86.38 96.84 91.97 74.65 | 2.64B .
w/o DEA 85.11 94.85 9228 7431 | 271B Table 3: Impact of teacher model size on student perfor-
w/o Align. 86.18 9533  92.09 74.61 | 3.00B mance. The framework maintains robust performance
E2E Joint 8509 9648 9131 73.32 | 2.70B across a wide range of teacher capacities.

Table 2: Architectural ablation study on the Qwen3-
30B-A3B backbone.

Iytical capacity while maintaining high inference
efficiency.

4.4 Ablation Study

To validate the effectiveness of CAR, we conduct
extensive ablation studies, focusing on both archi-
tectural components and teacher model scalability.
Architectural Components. We evaluate sev-
eral variants to assess the contributions of our
perception signals and routing strategy: Ran-
dom Signal bypasses the predictor and assigns
random complexity scores to test the necessity
of difficulty perception; w/o Surprisal removes
the surprisal signal (relying solely on predictive
entropy); w/o Entropy removes the predictive
entropy signal to evaluate the dual-signal syn-
ergy; w/o RCM removes the cross-layer Recurrent
Complexity Memory, predicting layer-wise com-
plexity independently; w/o Norm. replaces ro-
bust normalization with standard Min-Max scal-
ing; w/o DEA substitutes our continuous power-
law mapping with a discrete threshold bucket; w/o
Align. skips the supervised predictor training,
leaving parameters randomly initialized; and E2E
Joint conducts end-to-end training to optimize the
MoE backbone, RCM, and CP predictor simulta-
neously, bypassing our decoupled alignment.
Results in Table 2 highlight that each CAR com-
ponent is essential. Relying on a Random Sig-
nal drastically hurts performance, confirming the
necessity of objective difficulty perception. Re-
moving the surprisal-based grounding (w/o Sur-
prisal) causes a significant performance drop,
proving it is the primary driver of routing accuracy,
while w/o Entropy validates the dual-signal syn-
ergy. Interestingly, w/o RCM achieves the high-
est MMLU score (86.52), but suffers a noticeable
drop on complex multi-step reasoning tasks like
GSMSK. This indicates that while independent

Signal Source | MMLU GSM8K ARC-C  Truth | N,
Gating Entropy 85.18 9520  91.12 74.81 | 2.55B
Attention Entropy | 85.64 9682 9147 73.52 | 2.78B
Dual-Signal (Ours) | 86.41  97.27  91.89 74.71 | 2.68B

Table 4: Impact of different complexity signal sources
on routing performance.

layer-wise perception might slightly favor static
factual recall, cross-layer memory is crucial for
maintaining consistent reasoning trajectories. The
w/o Norm. and w/o DEA gaps confirm the utility
of robust scaling and continuous budget mapping.
Notably, E2E Joint severely degrades reasoning
(Truthful QA drops to 73.32), proving that our de-
coupled alignment is vital for stabilizing the rout-
ing mechanism.

Teacher Model Scalability. To investigate the
scalability of the complexity perception signals,
we evaluate the performance of CAR when super-
vised by teacher models of varying scales. While
our default configuration utilizes the Qwen3-30B-
A3B backbone as a self-teacher, we examine the
model’s robustness by generating complexity la-
bels using smaller models ranging from 0.6B to
14B. As shown in Table 3, CAR demonstrates re-
markable robustness to teacher capacity. Even
when supervised by significantly smaller models
(e.g., 0.6B), the student model maintains com-
petitive performance, exhibiting graceful scaling
rather than abrupt failure. This suggests that the
dual-signal complexity-grounding mechanism ef-
fectively extracts meaningful complexity patterns
regardless of teacher precision, ensuring that CAR
remains deployable in resource-constrained envi-
ronments by leveraging smaller models.

5 Analysis

5.1 The Validity of the Dual-Signal Objective

We investigate alternative token complexity sig-
nals to validate our dual-signal objective. Ta-
ble 4 compares these internal heuristics against
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Figure 2: Curves of average expert activations per layer.
(a) illustrates distinct activation patterns across bench-
marks. (b) decomposes expert activation by Part-of-
Speech tags, revealing domain and linguistic-level strat-
ification.

CAR. Gating Entropy enforces the strictest spar-
sity (IN,=2.55B) but suffers severe performance
degradation on complex reasoning tasks (e.g.,
MMLU drops to 85.18 and GSMS8K to 95.20).
This implies that routing entropy primarily reflects
the gate’s optimization ambiguity rather than ac-
tual linguistic difficulty. Conversely, Attention
Entropy acts as a noisy control signal, incurring
the highest computational cost (N,=2.78B) with-
out matching CAR’s accuracy. In contrast, CAR
achieves the optimal trade-off by grounding allo-
cation in the explicit dual-signal objective. By de-
coupling complexity perception from the model’s
internal hidden states, CAR ensures that compu-
tational resources target intrinsic information den-
sity rather than training noise.

5.2 Layer-wise Activation Patterns Analysis

To verify CAR aligns compute with intrinsic token
complexity, we analyze the average activated ex-
perts across layers (kmin = 6), as illustrated in Fig-
ure 2. Domain-Level Stratification. Figure 2a re-
veals a compelling correlation between expert us-
age and benchmark information density. Notably,
open-ended knowledge retrieval tasks, such as
Truthful QA and Winogrande, consistently trigger
the highest expert activation (peaking around 6.9).
In contrast, structured reasoning tasks like ARC-
Challenge and MMLU operate more economi-
cally (averaging ~6.5 experts). This does not im-
ply that structured reasoning is intrinsically easier.

Execution Component Latency (ms/token) Proportion

Self-Attention 43.85 ms 1.2%
CP Predictor (Ours) 16.63 ms 0.5%
Dynamic MoE & Memory Access 3455.74 ms 97.3%
Other Overheads 35.10 ms 1.0%
Total End-to-End Latency ‘ 3551.32 ms 100.0%

Table 5: Fine-grained inference latency breakdown for
CAR on the Qwen3-30B-A3B backbone.

Instead, these benchmarks contain many locally
predictable tokens, such as option labels, arith-
metic symbols, and formulaic intermediate expres-
sions, which can reduce the average expert budget.
Since CAR uses the full effective complexity score
rather than surprisal alone, such tokens can still
receive higher allocation when predictive entropy
or recurrent contextual complexity remains high.
Linguistic-Level Adaptation. Figure 2b decom-
poses expert activation by Part-of-Speech tags. We
observe that Nouns and Verbs (content words) con-
sistently demand the highest computational budget
(maintaining > 6.7 experts in deep layers), reflect-
ing their role as the primary carriers of semantic
information. Conversely, Conjunctions and Punc-
tuation trigger significantly fewer experts (< 6.5).
This stratification proves that CAR effectively acts
as a semantic allocator: it invests heavy compute
in information-dense content words while process-
ing predictable syntactic scaffolding with a sparse
budget.

5.3 Fine-grained Inference Latency
Breakdown

To evaluate the cost-to-benefit ratio, we conduct
a micro-benchmark on an NVIDIA A100 GPU
to decompose the generation latency (ms/token).
As shown in Table 5, the CP predictor introduces
only minor overhead (16.63 ms, 0.5%), while the
main bottleneck lies in the MoE computation and
memory-access phase. The remaining latency gap
relative to static Top-k routing mainly comes from
variable expert activation, which disrupts the fixed-
shape computation and mature CUDA dispatch
kernels used by static routing. Our current imple-
mentation therefore reflects a practical trade-off
between deployability and efficiency; further op-
timized variable-k dispatch kernels may provide
additional speedups and are left for future work.

5.4 Inference Speed Analysis

Table 6 compares the inference throughput of var-
ious models. CAR achieves a throughput of 1.47
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Active  Inference Speed
Methods Average k Params (Sample/s)
Dense Models
Qwen3-4B - 4B 2.39
Qwen3-8B - 8B 42.67
Static MoE
Standard MoE (Top-7) 7.0 2.66B 1.77
Standard MoE (Top-8) 8.0 3B 2.32
Dynamic MoE
DA-MoE 7.9 2.87B 0.01
AdaMoE 7.1 2.68B 0.70
MoE-D (p = 0.35) 6.8 2.62B 0.68
MoE-D (p = 0.5) 7.8 2.84B 0.60
Ada-K 7.1 2.67B 0.65
Ours
CAR (kpin = 6) | 656 2.68B 1.47

Table 6: Comparison of model statistics and inference
speed. Inference throughput is tested on the ARC-
Challenge dataset using a single NVIDIA A100 GPU.

EP | GPUs | Batch | Avg. k | kCV | kp95 | Gen tok/s

No 1 1 6.18 0.063 7.0 1.67
Yes 2 1 6.18 0.063 7.0 1.69
Yes 4 1 6.18 0.063 7.0 2.20
No 1 2 6.25 0.072 7.0 3.73
Yes 2 2 6.25 0.072 7.0 2.55
Yes 4 2 6.25 0.072 7.0 3.59

Table 7: CAR-only expert-parallel throughput. EP de-
notes expert parallelism; k£ CV denotes the coefficient
of variation of activated expert counts; k£ p95 denotes
the 95th percentile of activated expert counts; Gen tok/s
denotes end-to-end generated tokens per second.

samples/s, demonstrating significantly higher effi-
ciency compared to dynamic baselines like Ada-K
and MoE-D, while maintaining performance com-
petitive with static baselines. While static Top-k
models benefit from highly optimized kernel im-
plementations, CAR narrows the efficiency gap
by reducing redundant expert activations, offering
a practical balance between computational over-
head and reasoning accuracy. Notably, heuristic
and RL-based dynamic methods incur higher la-
tency due to complex, iterative decision-making
processes, whereas CAR’s decoupled CP predic-
tor operates with minimal sequential overhead, en-
abling real-time routing adjustments without sacri-
ficing throughput.

5.5 Expert-Parallel Throughput

We further test CAR under expert-parallel deploy-
ment with 1, 2, and 4 GPUs. Experts are sharded
by expert ID, and routed tokens are dispatched to
the corresponding expert devices.

As shown in Table 7, the routing distribution re-

Active

MMLU ARC-C Hella GSM8K Truth Wino
Params

Methods

Top-6 (Base) | 2.80B | 4472 5222 7984 1645 3107 75.14
AdaMoE 272B | 4558 5535 8050 1563 3148 7634
MoE-D (p=0.5) | 2.64B | 4583 5517 79.24 1530 3227 7624
Ada-K 216B | 4498 5344 8024 1686 3183 75.92
CAR (Ours) | 231B | 4620  58.50 8178 16.58 32.08 76.58

Table 8: Performance on DeepSeek-MoE-16B. The

best scores are in bold.

mains stable in the tested expert-parallel setting,
with Avg. k around 6.18-6.25, small k CV val-
ues, and k p95 equal to 7.0. For throughput, CAR
reaches 2.20 Gen tok/s with 4 GPUs at batch size
1 and 3.59 Gen tok/s with 4 GPUs at batch size 2.
These results do not show severe communication
backlogs under the tested setup.

5.6 Results on Other LLMs

We further evaluate our method on DeepSeek-
MOoE-16B (Dai et al., 2024), guided by DeepSeek-
LLM-67B-Chat. As shown in Table 8 CAR
achieves the strongest overall performance while
maintaining significantly lower expert utilization
(2.31B active parameters) than the static Top-
6 baseline (2.80B) and strong dynamic meth-
ods like AdaMoE (2.72B). Notably, CAR yields
substantial improvements on challenging reason-
ing tasks like ARC-C (+6.28 over static routing)
while remaining highly competitive on others like
GSMSK. This confirms CAR’s architectural gen-
eralizability and its robust ability to dynamically
adapt compute to varying task difficulties.

6 Conclusion

In this paper, we presented CAR, a dynamic
mechanism designed to address the inefficien-
cies of static resource allocation in MoE mod-
els. By grounding routing decisions in a dual-
signal objective—comprising Shannon Surprisal
and Predictive Entropy—CAR enables the model
to explicitly perceive token complexity and adap-
tively allocate computational budget. Our de-
coupled architecture, which separates the Com-
plexity Perception (CP) module (utilizing Recur-
rent Complexity Memory) from the Dynamic Ex-
pert Allocator (DEA), ensures training stability
and avoids the collapse issues often observed in
heuristic-based dynamic routing. Experimental re-
sults demonstrate that CAR consistently outper-
forms standard Top-k and existing dynamic base-
lines, particularly on reasoning-intensive bench-
marks.
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Limitations

While CAR effectively mitigates computational
redundancy through objective complexity signals,
its empirical scope presents minor constraints for
future exploration. First, due to resource limits,
our validation focuses on MoE models up to 30B
parameters aligned using a restricted corpus of
roughly 12K samples. However, consistently out-
performing strong baselines under such a sparse
data regime strongly underscores the extreme data
efficiency and rapid convergence of our decoupled
strategy. Second, our framework currently oper-
ates as a post-training alignment phase rather than
full-parameter pre-training from scratch. Never-
theless, as evidenced by our end-to-end joint train-
ing ablations, this decoupled design is a deliberate
architectural choice rather than a compromise; it
effectively prevents the structural collapse inher-
ent to joint routing optimization, making CAR a
highly stable and practical solution for existing
massive models.
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A Standard Sparse MoE Routing
Mechanism

The standard Sparse MoE layer consists of N ex-
pert networks {E;}~ , and a gating network G.
For an input token representation z € R?, the gat-
ing network computes the routing weights:

G(z) = Softmax(Top-k(W, - z))  (12)

where W, € RN*d is a trainable weight matrix.
The Top-k operation retains the k largest values
and sets the rest to —oo. The final output y is the
linearly weighted combination of the selected ex-
perts’ outputs:

y=3Cla); Eilx)

€T

(13)

where 7 is the set of indices corresponding to the
top-k experts. This mechanism ensures that only
a small subset of experts is active for any given
token, maintaining computational efficiency.

B Appendix Experiments
B.1 More Details About Training Overhead

Table 9 details the architectural specifications of
the backbone models employed in our experi-
ments. As shown in Table 10, the training
overhead for our approach is relatively efficient.
Specifically, the trainable parameters amount to
approximately 160M, which is negligible com-
pared to the total 30.6B parameters of the back-
bone model. This constitutes a mere 0.52% train-
able ratio, ensuring that the alignment phase im-
poses minimal computational cost while effec-
tively adapting the routing mechanism. The train-
ing time is less than 3.0 hours on a standard com-
pute node.

B.2 Load Balancing is Maintained

To evaluate the stability of our routing mechanism,
we visualize the expert activation frequency distri-
bution on the validation set. Figure 5 compares the
expert load distribution of our CAR method (or-
ange bars) against the pre-trained baseline without
fine-tuning (blue bars). The horizontal line repre-
sents the ideal uniform distribution. We can ob-
serve that CAR maintains a healthy and balanced
expert utilization profile that closely mirrors the in-
trinsic distribution of the base model. While there
are fluctuations due to the inherent specialization
of experts as certain experts naturally handle more

Config Qwen3-30B-A3B DeepSeek-MoE-16B
Top-k 8 6

Routed Experts 128 64

MoE Layers 48 27
Activated Params 3B 2.8B

Total Params 30.6B 16.4B

Table 9: Architectural configuration and parameter
statistics of the models used in this study. The Qwen3-
30B-A3B serves as the primary backbone for our ex-
periments.

Baseline Model Total  Trainable Training
Params  Params Hours

Qwen3-30B-A3B 30.6B 158.7M 3.0h

DeepSeek-MoE-16B | 16.4B 83.7M 1.17h

Table 10: Training cost comparison on 12K samples.

frequent linguistic patterns, there are no signs of
routing collapse. Most experts remain actively en-
gaged, with activation ratios fluctuating within a
reasonable range. This confirms that our frame-
work achieves dynamic compute allocation with-
out sacrificing the load-balancing properties essen-
tial for the efficient parallelization and overall ca-
pacity of the MoE model.

B.3 Hyperparameter Sensitivity Analysis

The effect of robust bounds S/°P'st and SIoPust,
Table 11 compares different clipping thresholds
for our robust normalization strategy. We observe
that applying a tighter range (S € [0.05,0.95])
yields superior performance (86.41 on MMLU)
compared to the looser S € [0.01,0.99] baseline.

This indicates that filtering out the top and bot-
tom 5% of outlier surprisal scores helps the pre-
dictor focus on the informative variance of token
complexity.

The effect of v. The allocation exponent vy
controls the aggressiveness of expert allocation.
As illustrated in Figure 3, setting v < 1 (e.g.,
v = 0.5) results in a more generous allocation
of experts, prioritizing model performance. Con-
versely, increasing «y imposes a stricter sparsity
constraint. While v = 1.0 achieves an optimal
balance, pushing v to 1.2 further reduces the aver-
age activated experts (k) to 4.49, offering an ultra-
efficient mode. However, this comes at the cost
of a noticeable degradation in accuracy (89.65 —
89.30). Consequently, we adopt v = 1 as the de-
fault setting to strike the best trade-off, while re-
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Methods

CAR (S € [0.01,0.99))
CAR (S € [0.05,0.95])

| MMLU ARC-C ARC-E Wino | N,

86.15 91.75 94.10  68.60 | 2.71B
86.41 91.89 94.14  68.97 | 2.68B

Table 11: Comparison of different robust normalization
ranges. S € [a, b] denotes the clipping bounds for sur-
prisal scores.
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Figure 3: Accuracy and activated k£ curves on ARC-
Challenge at different v value settings. (kyi, = 4)

serving v = 0.5 as a performance-oriented alter-
native.

The effect of k,;,. The parameter ki, sets
the minimum computational budget for any token.
Figure 4 illustrates that model performance im-
proves significantly as ki, increases from 1 to 6,
saturating at kpi, = 7. This suggests that while
dynamic routing is beneficial, a certain baseline
capacity is required to maintain robust reasoning
capabilities.

B.4 Impact of Training Data Size

Figure 6 investigates the scalability of the predic-
tor training. We observe a logarithmic growth
pattern: performance improves rapidly as data in-
creases from 100 to 10,000 samples. Beyond
10k samples, the accuracy gains plateau (91.89 to
91.92 on ARC-C), suggesting that the complex-
ity patterns of language can be effectively learned
with a relatively small, high-quality corpus like
RedPajama.

B.5 Analysis of Predictor Size and more
Complex Structures

We explored the impact of the Complexity Percep-
tion (CP) predictor’s capacity. Table 12 shows that
increasing the hidden size from 256 to 1024 con-
sistently improves performance across reasoning
tasks, with the 1024-dimension predictor achiev-
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Figure 4: Accuracy and activated k curves on ARC-
Challenge at different k,,;,, value settings. (v = 1)

ing the highest MMLU score (86.41).

Furthermore, Table 13 compares our standard
2-layer MLP against a Complex MLP variant
equipped with RMSNorm, SiLU activation, and
Dropout (detailed in Table 14). Surprisingly, the
simpler Standard MLP outperforms the complex
variant. We hypothesize that the complexity sig-
nal is relatively smooth, and the added regulariza-
tion in the complex variant may hinder the model’s
ability to fit the surprisal distribution accurately
given the limited training data.

B.6 Ablation on Complexity Signal Source

We analyzed whether to extract the complexity sig-
nals (Surprisal and Predictive Entropy) from the
teacher’s final output layer or from all intermedi-
ate layers. As shown in Table 15 and Figure 7,
extracting signals from the last layer results in sig-
nificantly lower training loss (1.425 vs 1.532) and
higher downstream MMLU performance (86.41
vs 83.26). Layer-wise signals introduce noise be-
cause intermediate layers typically capture local-
ized syntactic features rather than the global se-
mantic difficulty and overall predictive uncertainty
reflected at the final output stage.

B.7 Layer-Wise Uncertainty Dynamics

The activation curves in Figure 2 reflect the
evolving complexity of tokens as they propagate
through the network. Bottom Layers: We observe
uniformly high activation in the initial layers (Lay-
ers 0-5), indicating that a broad expert capacity is
universally required to encode raw token embed-
dings into rich latent representations. Middle Lay-
ers: Activation stabilizes in the intermediate lay-
ers, where the divergence between tasks and POS
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Figure 5: Distribution curves of expert workloads before and after CAR fine-tuning. The gray horizontal line

represents the uniform distribution.

Hidden Size | 2"Y®  MMLU ARC-C ARC-E Wino Truth CSQA AVG
Params

256 262B 8562 9149 9384 6824 7471 81.54 82.57

512 265B 8586  91.69 9434 68.65 7442 8193 82.82

1024 268B 8641 91.89 9414 6897 7471 8232 83.07

Table 12: Impact of predictor hidden size on model performance. The highest score on each benchmark is high-

lighted in bold.
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Figure 6: Accuracy score and activated k curves on
ARC-Challenge against different sizes of training data.

tags is most pronounced. This confirms that the
router adapts to the specific semantic difficulty of
the token during the core processing stage. Top
Layers: A sharp drop in expert activation is ob-
served in the final layers (Layers 45-48). This
aligns with the reduction of predictive uncertainty:
as the hidden states converge towards the final
logit prediction, the need for diverse expert con-
sultation diminishes, allowing CAR to save signif-
icant inference costs.

C Detailed Implementation of Baselines

To ensure a rigorous evaluation, we implemented
all baselines within the same Qwen3-30B-A3B
model to eliminate implementation-level discrep-
ancies. The specific configurations are as follows:

—e— Last Layer Signals (Stable)
Layer-wise Signals (Noisy)

- g N N
% =) [ ) ES

Predictor Training Loss (MSE)
>

\\._,_

R S —

'S
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Training Steps

Figure 7: Training loss comparison between using last-
layer complexity signals and layer-wise signals. The
last-layer extraction demonstrates more stable conver-
gence.

Static Top-k This is the standard routing mech-
anism native to the Qwen3-MOoE architecture. We
evaluated two settings:

* Top-8: The standard configuration of the
Qwen3-MoE model, which activates eight ex-
perts per token to fully utilize the model’s pre-
trained capacity.

* Top-7 (Efficiency): We manually reduced k
to 7 during inference to establish a slightly
more computationally efficient static baseline
for comparison.

DA-MOE (Aghdam et al., 2024) DA-MOoE (Dy-
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. ) Active
Predictor Architecture

MMLU ARC-C ARC-E Wino

Truth CSQA AVG

Params
Complex MLP 2.67B 85.62 91.40 94.04 68.55 73.81 8292 82.72
Standard MLP 2.68B 86.41 91.89 94.14 68.97 74.71 8232 83.07

Table 13: Performance comparison between predictor architectures. Standard MLP consistently outperforms the
Complex MLP variant across most benchmarks, demonstrating that a minimal design is sufficient for effective

complexity perception.

Component | Standard MLP | Complex MLP
Input Normalization None RMSNorm
Projection Layer Linear (Bias=False) | Linear (Bias=False)
Activation Function ReLU SiLU (Swish)
Regularization None Dropout (p = 0.1)
Output Projection Linear (Bias=False) | Linear (Bias=False)
Output Range Sigmoid (0, 1) Sigmoid (0, 1)

Table 14: Detailed architectural specifications of the
complexity predictors. The Complex MLP introduces
normalization and regularization mechanisms to theo-
retically enhance stability, yet empirical results favor
the simpler Standard MLP.

Methods | MMLU  Final Loss
Baseline 85.53 -
Layer-wise Signals 83.26 1.532
Last-Layer Signals (Ours) | 86.41 1.425

Table 15: Comparison of MMLU performance and
final training loss. Using the last-layer dual signals
yields lower convergence loss and significantly higher
downstream accuracy than the noisy layer-wise signals.

namically Allocated MoE) leverages the Trans-
former’s self-attention mechanism to quantify to-
ken importance and dynamically adjust the compu-
tational budget. Unlike heuristic thresholding, DA-
MoE computes a specific importance score S(t)
for each token by averaging the maximum atten-
tion weights across all attention heads. This score
is then mapped to the number of active experts k;
via a ceiling function:
ke = [S(t) x B (14)
where F is the total number of available experts.
We implemented this dynamic allocation strategy
to strictly follow the original proposal, allowing
the model to activate a variable number of experts
proportional to the token’s semantic prominence.
MOoE-D (Huang et al., 2024) MoE-D employs a
confidence-based heuristic. Instead of a fixed k, it
selects the smallest set of experts whose cumula-

tive softmax probability exceeds a threshold p.

Z G(z)i>p

€T

(15)

We evaluated two settings reported in the original
paper: p = 0.35 (efficiency-oriented) and p = 0.5
(performance-oriented). To ensure a fair compari-
son, these thresholds were specifically selected to
align the average number of activated parameters
with our proposed method. This method requires
no training and relies entirely on the pre-trained
router’s probability distribution.

AdaMoE (Zeng et al., 2024) AdaMoE mod-
ifies the routing space by introducing “null ex-
perts” (experts that perform no computation). In
our implementation, we configured 16 null experts.
Since the original Qwen3 router does not have null
experts, we followed the standard adaptation pro-
tocol: we fine-tuned the router parameters while
keeping the experts frozen. We trained the router
on the same 12K mixed samples used for CAR to
learn the bias for null expert activation. This en-
sures a fair comparison where both AdaMoE and
CAR are allowed a brief adaptation phase.

Ada-K (Zhao et al., 2025) Ada-K formulates
dynamic expert allocation as a reinforcement
learning problem, employing a routing policy that
dynamically determines k to maximize a reward
function balancing performance and efficiency. In
our adaptation, to maintain strict fairness, we
trained the Ada-K policy using Proximal Policy
Optimization (PPO) on the identical 12K mixed
alignment corpus. The reward signal was con-
structed from the target prediction likelihood mi-
nus a sparsity penalty. The penalty weight was
carefully tuned to yield an average active parame-
ter count of 2.67B, strictly matching the efficiency
level of our method. Throughout the training
process, all MoE backbone parameters were kept
frozen. Different from Ada-K’s reward-driven pol-
icy learning, CAR aligns a lightweight complexity
predictor using teacher-derived token-complexity
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signals. This makes the routing signal less tied to
a particular downstream reward design and sepa-
rates complexity estimation from task-specific pol-
icy optimization.

C.1 Fairness of Comparison and Training
Efficiency

A potential concern in comparing CAR with
heuristic baselines (e.g., MoE-D, DA-MoE) is the
introduction of a trainable predictor. We argue that
this comparison is fair and valid for three key rea-
sons:

Negligible Parameter Overhead.  Unlike
methods that require continued pre-training of the
MoE experts, CAR adheres to a strict Parameter
Isolation strategy. We freeze 99.48% of the model
parameters (the entire MoE backbone) and only
update the lightweight CP predictor and shared
memory (approx. 160M parameters). As shown in
Table 10, this results in a training cost of approxi-
mately 3.0 GPU hours. This overhead is virtually
negligible compared to the inference lifecycle of
an LLM, making CAR practically as deployable
as training-free heuristics.

Frozen Knowledge Base. Crucially, because
the backbone is frozen, CAR cannot learn new fac-
tual knowledge or reasoning patterns during the
alignment phase. The predictor only learns meta-
cognitionestimating how difficult the next token is.
Therefore, the performance gains observed in Ta-
ble 1 stem solely from the superior allocation of
existing capabilities, not from the injection of new
data. This ensures an equitable comparison regard-
ing the model’s knowledge capacity.

Necessity of Learned Signals. The compari-
son with AdaMoE and Ada-K (which also involve
router training) and MoE-D (heuristic-based) re-
veals a fundamental finding: static heuristics de-
rived from internal confidence or heavy RL opti-
mizations are often suboptimal or unstable proxies
for difficulty. The substantial performance gap be-
tween CAR and these baselines demonstrates that
a small investment in learning a ground-truth com-
plexity signal (Surprisal and Predictive Entropy)
yields significantly higher returns than relying on
zero-shot heuristics or task-specific reward engi-
neering. Thus, the cost of training the predictor is
the necessary price for bridging the gap between
internal uncertainty and true linguistic complexity.
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