
DMORE: Differentiable
Mixture-of-Reasoning-Experts with

Uncertainty-Guided Multi-Level Routing

Roman Sultimov1,2, Aleksandr Volkov3, Mariia Kovalchuk1,2, Yury Maximov3

1Lomonosov Moscow State University, 2Moscow Center for Advanced Studies, 3Interdata Astana
r.sultimov@iai.msu.ru, volkov@iccda.io, m.kovalchuk@iai.msu.ru, yury@iccda.io

Abstract

Large language models (LLMs) often face inputs of widely varying reasoning
difficulty, yet most systems allocate a fixed amount of computation per example.
We introduce DMORE (Differentiable Mixture-of-Reasoning-Experts), a unified
architecture that dynamically routes inputs to specialized reasoning experts via
uncertainty-guided, multi-level gating. Unlike prior mixture-of-experts methods
that switch among separate models, DMORE activates one, two, or all experts
within a single model based on Monte Carlo dropout–derived uncertainty estimates.
A three-stage training procedure first specializes experts on domain-specific rea-
soning tasks, then calibrates the uncertainty estimator, and finally optimizes the
full system end-to-end. Experiments on four reasoning benchmarks show that
DMORE matches or surpasses strong chain-of-thought baselines while reducing
computation by 28%.

1 Introduction

The remarkable success of large language models (LLMs) in complex reasoning tasks has been
largely attributed to techniques like chain-of-thought (CoT) prompting [28] and their variants [27, 15].
However, these approaches typically apply uniform computational resources across all reasoning
tasks, regardless of their inherent complexity or the specific type of reasoning required. This one-
size-fits-all strategy leads to inefficient resource allocation, where simple problems receive excessive
computation while complex problems may benefit from additional specialized processing.

Recent advances in mixture-of-experts (MoE) architectures [23, 6] have demonstrated the potential
for dynamic computational allocation. However, existing MoE approaches primarily focus on general
language modeling tasks and route between separate pre-trained models [2, 1], rather than leveraging
specialized reasoning capabilities within a unified architecture. Moreover, current routing mechanisms
typically employ fixed expert selection strategies that do not adapt to the uncertainty or complexity of
individual instances.

We propose DMORE (Differentiable Mixture-of-Reasoning-Experts), a novel architecture that ad-
dresses these limitations through uncertainty-guided multi-level routing within a unified reasoning
framework. Our key insight is that different reasoning tasks—mathematical, logical, commonsense,
and causal—benefit from specialized architectural components, and the computational allocation
should adapt dynamically based on the model’s confidence in its reasoning process.

Our DMORE approach introduces three main innovations: (a) reasoning-specialized experts with
domain-specific architectural priors for mathematical, logical, commonsense, and causal reasoning;
(b) Uncertainty-guided multi-level routing that adaptively selects one, two, or all experts based on
Monte Carlo dropout uncertainty estimation; (c) unified architecture design that enables end-to-end
optimization while maintaining reasoning specialization.



Our experimental evaluation on four reasoning benchmarks (GSM8K, MATH, LogiQA, Common-
senseQA) demonstrates that DMORE achieves competitive accuracy while significantly improving
computational efficiency. Using LLaMA-2-7B as the base model, DMORE attains 84.1% accuracy
on GSM8K and 42.3% on MATH, representing improvements of 1.5 and 1.7 percentage points over
chain-of-thought baselines (82.6% and 40.6% respectively), while reducing computational costs by
28% through adaptive expert selection.

Figure 1: Differentiable Mixture-of-Reasoning-Experts (DMORE) with uncertainty-guided multi-
Level routing architecture

2 Related Work

High computational demand of modern LLMs have motivated extensive research into efficient
inference techniques including model compression through pruning [10], quantization [13], and
knowledge distillation [12]. Dynamic inference methods such as early exit mechanisms [25] and
adaptive computation time [9] adjust computational allocation based on input complexity. Recent
work has explored test-time scaling approaches [18] that increase computation during inference for
improved performance on complex reasoning tasks.

Mixture of Experts (MoE) Architectures. MoE [23] enable conditional computation by routing
inputs to specialized expert networks. The Switch Transformer [6] demonstrated the effectiveness of
sparse expert activation in large-scale language modeling. Recent extensions include GLaM [5] for
efficient scaling and specialized routing mechanisms for different modalities and tasks.

Contemporary work has explored MoE approaches specifically for reasoning tasks. Symbolic-
MoE [2] routes between heterogeneous pre-trained models based on symbolic skill requirements;
CARGO [1], a confidence-aware framework for routing between different LLMs based on embedding-
based confidence estimation. Finally, Route-to-Reason [21] jointly selects both language models and
reasoning strategies. Unfortunately, these approaches primarily route between separate pre-trained
models rather than learning specialized components within a unified architecture.

Reasoning in LLMs. Chain-of-thought prompting [28] has emerged as a fundamental technique
for eliciting reasoning capabilities in LLMs. Extensions include zero-shot CoT [15], self-consistency
decoding [27], and tree-of-thoughts [29]. Recent work has explored more structured reasoning
approaches, including tool-augmented reasoning [22] and program-aided language models [8].
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The diversity of reasoning types (mathematical, logical, commonsense, and causal) suggests that
specialized approaches may be beneficial. Mathematical reasoning often requires precise symbolic
manipulation [3], while commonsense reasoning relies on world knowledge and contextual under-
standing [24]. This motivates our approach of developing reasoning-specialized experts within a
unified architecture.

Uncertainty Estimation in Neural Networks. Uncertainty estimation in deep learning has been
extensively studied, with approaches including Bayesian neural networks [20], deep ensembles [16],
and Monte Carlo Dropout [7]. For language models, uncertainty estimation has been applied to
calibration [4] and selective prediction [14]. Recent work has explored uncertainty-aware routing in
neural networks, though primarily for computer vision tasks.

Our work builds upon Monte Carlo Dropout for uncertainty estimation, extending it to reasoning task
routing within a mixture-of-experts framework. Unlike previous approaches that use uncertainty for
calibration or selective prediction, we leverage uncertainty to guide dynamic expert allocation.

3 Methodology and Evaluation

Problem Setup. Let D = {(xi, yi)}Ni=1 be a dataset of reasoning tasks, where xi represents the
input problem and yi the target solution. We assume that reasoning tasks can be categorized into K
types: T = {t1, t2, . . . , tK}, where each type tk corresponds to a specific reasoning domain (e.g.,
mathematical, logical, commonsense, causal).

Our goal is to learn a function fθ : X → Y that can efficiently solve reasoning tasks by dynamically
allocating computational resources based on task complexity and type. We formulate this as an
optimization problem:

min
θ

E(x,y)∼D [L(fθ(x), y) + λ · C(x, θ)] (1)

where L is the loss functio, C(x, θ) represents the computational cost for input x, and λ > 0 controls
the efficiency-accuracy trade-off. We modeled computational cost as an expected time or number of
tokens proxy learned over training data for each of the experts. We assume linearity of the cost, if
multiple experts are involved.

3.1 DMORE Architecture

Reasoning-Specialized Experts. DMORE consists of four specialized experts, each designed for a
specific reasoning type.

Mathematical Expert, Emath, incorporates numerical attention mechanisms and symbolic processing
components with feed forward network (FFN):

Emath(x) = FFNmath(NumAttn(x) + SymProc(x)) (2)

where NumAttn(x) = Attention(x,Wnum) applies attention with numerical-focused weight matrices,
and SymProc(x) processes symbolic mathematical expressions through specialized embedding layers.

Logical Expert , Elogic, employs structured attention patterns and rule-based reasoning components,
implementing hierarchical attention patterns optimized for logical structure parsing, and incorporating
learned representations of logical rules.

Commonsense Expert , Ecommon, integrates world knowledge and contextual reasoning attending to
knowledge-relevant tokens and capturing contextual relationships.

Causal Expert , Ecausal, focuses on temporal and causal relationship modeling temporal dependen-
cies and causal relationships.

Uncertainty-Guided Multi-Level Routing. The core innovation of DMORE is its uncertainty-
guided routing mechanism that adaptively determines the number of experts to activate. We employ
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Monte Carlo Dropout [7] to estimate epistemic uncertainty u(x) = 1
T

∑T
t=1 Var[pt(y|x)], where

pt(y|x) represents the predictive distribution from the t-th Monte Carlo sample with dropout enabled.

Based on the uncertainty estimate, we define three routing tiers:

Tier Condition Uncertainty Estimate
Tier 1 (High Confidence) u(x) < τ1 ftier1(x) = maxk Router(x)k · Ek(x)
Tier 2 (Medium Confidence) τ1 ≤ u(x) < τ2 ftier2(x) =

∑
k∈top-2 Router(x)k · Ek(x)

Tier 3 (Low Confidence) u(x) ≥ τ2 ftier3(x) =
∑4

k=1 Router(x)k · Ek(x)

The router network Router(x) is implemented as:

Router(x) = Softmax(MLP([CLS(x);u(x)])) (3)

where CLS(x) is the classification token representation and u(x) is the uncertainty estimate, and
MLP stands for multi-layer perceptron.

Adaptive Gumbel-Softmax for Differentiable Routing. To enable end-to-end training, we employ
an adaptive Gumbel-Softmax mechanism for differentiable expert selection:

GumbelSoftmax(Router(x), τtemp) =
exp((log(Router(x)k) + gk)/τtemp)∑nexp

j=1 exp((log(Router(x)j) + gj)/τtemp)
(4)

where gk ∼ Gumbel(0, 1) and τtemp is the temperature parameter that adapts based on training.

3.2 Training

DMORE employs a three-stage training procedure designed to optimize both specialization and
routing efficiency:

Stage 1 - Expert Specialization: each expert is independently fine-tuned on domain-specific datasets:

L(k)
spec = E(x,y)∼Dk

[CrossEntropy(Ek(x), y)]

where Dk contains examples of reasoning type k.

Stage 2 - Uncertainty Calibration: the router and uncertainty estimation components are trained to
predict task difficulty:

Lcalib = E(x,y)[MSE(u(x), difficulty(x, y))]

where difficulty(x, y) is computed based on expert disagreement and solution complexity.

Stage 3 - End-to-End Optimization: the entire system is jointly optimized with a multi-objective loss:

Ltotal = Ltask + λ1Lefficiency + λ2Lbalance, with Ltask = E(x,y)[CrossEntropy(fθ(x), y)]

and Lefficiency = Ex[NumExperts(x)], Lbalance = Var[Ex[Router(x)k]]4k=1.

3.3 Experimental Setup

Table 1 contains the datasets which we used for numerical evaluation of the methods.

Dataset Description
GSM8K [3] Grade school math word problems requiring multi-step arithmetic

reasoning. Contains 7,473 training and 1,319 test problems
MATH [11] Competition-level mathematics problems spanning algebra, geometry,

number theory, and other areas. Includes 7,500 training and 5,000 test
problems

LogiQA [19] Logical reasoning questions requiring deductive and inductive reason-
ing. Contains 8,678 training and 651 test examples

CommonsenseQA [24] Multiple-choice questions requiring commonsense reasoning about
everyday situations. Includes 9,741 training and 1,221 test examples.

Table 1: Reasoning benchmarks covering different reasoning types and used for DMORE evaluation

Implementation Details. We use LLaMA-2-7B [26] as our foundation model, chosen for its strong
reasoning capabilities and computational efficiency. In utilized expert architecture: each expert
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consists of 4 transformer layers with specialized attention mechanisms and feed-forward networks.
The hidden dimension is 4096, and attention heads are 32. We train for 3 epochs in each stage with
a learning rate of 2e-5, batch size of 16, and gradient accumulation steps of 4. The uncertainty
thresholds are set to τ1 = 0.3 and τ2 = 0.7 based on validation performance. We report accuracy on
all benchmarks and measure computational efficiency through FLOPs reduction and average number
of activated experts.

We compare DMORE against several strong baselines including: (a) LLaMA-2-7B + CoT [17]:
Chain-of-thought prompting with the base model, achieving 82.6% on GSM8K and 40.6% on MATH;
(b) LLaMA-2-7B (Zero-shot): Direct answer generation without reasoning steps; (c) Static MoE: A
traditional mixture-of-experts with fixed routing, using the same expert architectures as DMORE; (d)
Random Routing: random selection between experts to isolate the effect of uncertainty-guided routing;
(e) Single Expert: each specialized expert used independently to assess specialization benefits.

3.4 Results and Analysis

Main Results. Table 2 presents the main experimental results across all benchmarks. DMORE
achieves competitive accuracy while significantly improving computational efficiency.

Method GSM8K MATH LogiQA CommonsenseQA Efficiency
LLaMA-2-7B (Zero-shot) 18.2 7.8 24.1 45.3 100%
LLaMA-2-7B + CoT 82.6 40.6 67.4 78.9 0%
Static MoE 81.3 39.2 66.8 77.5 15%
Random Routing 79.7 37.9 65.2 76.1 22%

DMORE 84.1 42.3 69.1 80.2 28%
Improvement over CoT +1.5 +1.7 +1.7 +1.3 +28%

Table 2: Experimental results on reasoning benchmarks. Effi-
ciency is measured as FLOPs reduction compared to CoT baseline

DMORE consistently outper-
forms the CoT baseline across all
benchmarks while achieving sub-
stantial efficiency gains. The im-
provements are particularly no-
table on MATH and LogiQA,
suggesting that specialized ex-
perts are especially beneficial for
complex mathematical and logi-
cal reasoning tasks.

Ablation Studies. Table 3 shows the performance of individual experts on different reasoning types,
confirming the effectiveness of specialization. The results clearly demonstrate that experts perform
best on their specialized domains, with the mathematical expert excelling on GSM8K and MATH, the
logical expert on LogiQA, and the commonsense expert on CommonsenseQA. Table 3 illustrates the
distribution of routing decisions across different uncertainty levels and their impact on performance.

Confidence Level Avg. Experts Accuracy Efficiency
High (u < 0.3) 1.0 87.3% 66%
Medium (0.3 ≤ u < 0.7) 2.0 82.1% 33%
Low (u ≥ 0.7) 4.0 78.9% 0%

Overall 1.8 84.1% 28%

Expert GSM8K MATH LogiQA CommonsenseQA
Mathematical 83.2 41.8 58.3 65.7
Logical 71.4 32.1 68.9 72.3
Commonsense 69.8 28.7 61.2 79.8
Causal 67.2 30.4 63.5 74.1

Table 3: Left: routing strategy analysis showing expert activation patterns. Right: performance of
individual experts on different reasoning types.

The uncertainty-guided routing effectively balances accuracy and efficiency, with high-confidence
predictions requiring only a single expert while maintaining high accuracy.

Computational Efficiency Analysis. DMORE achieves substantial computational savings through
adaptive expert activation. On average, only 1.8 out of 4 experts are activated per instance, resulting
in a 28% reduction in FLOPs compared to the CoT baseline. The efficiency gains are particularly
pronounced for simpler problems, where high confidence allows single-expert routing.

Error Analysis and Interpretability. We analyze the types of errors made by DMORE and the
interpretability of routing decisions. The uncertainty-guided routing shows strong correlation with
problem difficulty, with complex multi-step problems typically routed to multiple experts while
straightforward problems are handled by single experts.

Common error patterns include: mathematical errors in complex algebraic manipulations (12% of
errors); logical fallacies in multi-premise reasoning (18% of errors); commonsense knowledge gaps
(15% of errors); routing errors where uncertainty estimation fails (8% of errors).

Table 3.4 presents representative examples of DMORE’s routing decisions and reasoning processes.
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Problem Uncertainty Routing Reasoning
"What is 15 × 8?" 0.12 Math Ex-

pert
Direct calculation

"If all birds can fly, and penguins
are birds, can penguins fly?"

0.45 Logic +
Common

Logical contradiction with world knowledge

"A train travels 60 mph for 2
hours, then 80 mph for 3 hours.
What’s the average speed?"

0.73 All Experts Complex multi-step calculation requiring ver-
ification

Table 4: Qualitative examples of DMORE routing decisions.

4 Discussion and Conclusion

Implications for Efficient Reasoning. DMORE demonstrates that uncertainty-guided routing can
effectively balance accuracy and computational efficiency in reasoning tasks. The key insight is that
not all reasoning problems require the same computational resources, and adaptive allocation based
on confidence can yield significant efficiency gains without sacrificing performance.

The success of specialized experts suggests that different reasoning types benefit from distinct
architectural components. This finding has implications for future LLM design, suggesting that
reasoning-aware architectures may be more effective than general-purpose models for complex
reasoning tasks.

Limitations and Future Directions. Our approach has several key limitations, including

Expert Design: The current expert architectures are manually designed based on reasoning type
intuitions. Future work could explore automated expert discovery and specialization.

Uncertainty Calibration: While Monte Carlo Dropout provides reasonable uncertainty estimates,
more sophisticated uncertainty quantification methods could improve routing decisions.

Scalability: Our experiments focus on a 7B parameter model. Scaling to larger models and more
experts presents both opportunities and challenges.

Training Complexity: The three-stage training procedure adds complexity compared to standard
fine-tuning. Investigating end-to-end training approaches could simplify the process.

Impact. DMORE efficiency improvements have positive impact on computational requirements
for reasoning tasks. The interpretable routing decisions also enhance model transparency, which is
valuable for high-stakes applications requiring explainable AI. Although the specialized nature of
experts could potentially amplify biases present in domain-specific training data. Careful attention to
fairness and bias mitigation will be important in future developments.

Outcome and Future Directions. We introduced DMORE, a novel mixture-of-reasoning-experts
architecture that achieves competitive accuracy while significantly improving computational effi-
ciency through uncertainty-guided multi-level routing. Our key contributions include: (1) reasoning-
specialized experts with domain-specific architectural priors, (2) uncertainty-guided adaptive expert
selection, and (3) a unified architecture enabling end-to-end optimization.

Experimental results demonstrate that DMORE outperforms chain-of-thought baselines across four
reasoning benchmarks while reducing computational costs by 28%. The success of uncertainty-
guided routing suggests promising directions for future research in efficient reasoning and conditional
computation.

Our work opens several avenues for future investigation, including scaling to larger models, automated
expert discovery, and applications to other reasoning domains. We believe that DMORE represents a
significant step toward more efficient and specialized reasoning architectures for LLMs.
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