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The Scaling
Challenge
Why do we need more efficient architectures?



The Scaling Challenge

The Transformer Scaling Dilemma

The Promise

Scaling LLMs to hundreds of billions of parameters unlocks impressive few-
shot generalization and reasoning abilities

The Problem

Accompanying computational and memory demands make both training and 
deployment expensive and challenging outside hyperscale data centers

Figure 1: Transformer Architecture
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The Scaling Challenge

Two Axes of Efficiency

Parameter Efficiency

Goal: Reduce or share model weights to decrease memory footprint

Layer tying: Reuse shared weights across multiple layers

Weight sharing: Same parameters for different computations

Adaptive Computation

Goal: Spend more compute only when it's actually needed

Early-exiting: Exit earlier for simpler tokens/sequences

Dynamic allocation: Vary compute based on input complexity
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Existing
Approaches
What has been tried before?



Existing Approaches

Recursive Transformers: A Promising Foundation

Core Concept

Recursive Transformers repeatedly apply the same set of shared layers 
multiple times instead of using unique layers at each depth

Key Benefit: Built-in weight sharing provides parameter efficiency

How It Works

1 Partition model into Nᵣ recursion blocks

2 Each block uses shared parameter pool Φ'

3 Apply recursively for more computation without more parameters

Figure 2: Transformer Architecture & Decoding Costs Figure 3: Recursive vs. Vanilla Transformer Architectures 6



Existing Approaches

Early exiting—stop processing when no more work is needed.

Figure 5: LayerSkip Architecture Overview
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Existing Approaches

Token-level adaptive computation
• Early exiting: stop processing when confidence is high
• Token routing (Mixture-of-Depths style): only some tokens compute at deeper depth
• Hard parts: 
• (1) train–inference causality mismatch 
• (2) missing KV entries

Figure 4: Mixture-of-Depths Routing Mechanism
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Existing Approaches

The gap MoR targets

• We want: parameter sharing + token-level adaptive depth
• Prior work often needs post-hoc routing or special inference engineering
• MoR trains routing end-to-end and defines caching to match dynamic depth
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Mixture-of-
Recursions
A unified framework for efficient language modeling



Mixture-of-Recursions

The Core Idea

• Left: Recursion Block (fixed stack + router).

• Middle: dynamic path per token (early exit / continue).

• Right: heatmap of computation (darker = more recursion).

Figure 6: Mixture-of-Recursions (MoR) Core Framework 
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Mixture-of-Recursions

MoR Architecture Overview

1 Parameter Sharing

Reuse a shared stack of layers across recursion 
steps

2 Dynamic Routing

Lightweight routers decide per-token recursion 
depth

3 Efficient KV Caching

Selective caching strategies reduce memory traffic
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Mixture-of-Recursions

Parameter Sharing Strategies

Cycle Strategy

Layers are reused cyclically across recursion steps

[(0,1,2), (0,1,2), (0,1,2)]

Sequence Strategy

Each recursion reuses the same layer consecutively

[(0,0,0), (1,1,1), (2,2,2)]

Table 1: Parameter Sharing Strategies 
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Mixture-of-Recursions

The Core Mechanism: Routing

Goal: assign token-specific recursion depth.

Why?

• “Easy” tokens (e.g., “the”, “a”) need less compute.

• “Hard” tokens need deeper reasoning.

Two strategies:

• Expert-choice routing

• Token-choice routing

Figure 7: Expert-Choice vs. Token-Choice Routing
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Mixture-of-Recursions

Routing Strategy 1: Expert-Choice

Advantages
Perfect load balancing with static top-k selection. Guaranteed compute budget 
simplifies resource management

Challenge
Causality violation: Top-k selection requires future token information, causing 
information leakage

• Mechanism:

Each recursion depth acts as an “expert”.

Selects Top-k tokens to process at each 

step.

• Pros: perfect load balancing (k is fixed).

• Cons: potential information leakage (needs 

future info for top-k).

• Fix: auxiliary loss to predict top-k without 

leakage.

Figure 7: Expert-Choice vs. Token-Choice Routing
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Mixture-of-Recursions

Routing Strategy 2: Token-Choice

Advantages
No information leakage - preserves causality. Natural autoregressive behavior 
without auxiliary components

Challenge
Load imbalance: Requires balancing loss or loss-free algorithms to distribute 
tokens evenly

• Mechanism:

Router decides the entire path at 

the start.

Token t is assigned to depth i via 

softmax / top-1.

• Pros: independent per token, no 

leakage.

• Cons: load imbalance (some steps 

empty/overloaded).

• Fix: balancing loss is crucial. Figure 7: Expert-Choice vs. Token-Choice Routing
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Mixture-of-Recursions

Comparing Routing Strategies

Aspect Expert-Choice Token-Choice

Compute Budget Static - fixed top-k Dynamic - per-token

Load Balancing Perfect Requires balancing

Causality Violation (leakage) No leakage

Solution Auxiliary loss or router Balancing loss / loss-free

When to Use Expert-Choice

Need guaranteed compute budget

Want perfect load balancing

Can handle auxiliary components

When to Use Token-Choice

Must preserve strict causality

Want simpler architecture

Can accept slight performance drop

Table 2: Comparison of Routing Strategies
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Mixture-of-Recursions

The KV Cache Bottleneck

• Challenge in dynamic depth:

• If Token A exits at Step 1, and Token B goes to Step 3...

• Token B still needs to attend to Token A.

• Where are Token A’s Keys/Values for Step 2 and 3?

• Standard solutions: recompute or parallel decode 

(slow/complex).

• MoR: specialized caching strategies designed for 

recursion.
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Mixture-of-Recursions

Solution A: Recursion-wise Caching

• Method:

• Cache KV pairs only for tokens active at that 

step.

• Attention is restricted to locally cached tokens.

• Benefits:

• Significantly reduces KV memory footprint.

• Faster attention ops (shorter effective 

sequence k < N_ctx).

Figure 8: KV Caching Mechanisms
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Mixture-of-Recursions

Solution B: Recursive KV Sharing

• Method:

• Compute KV once (at Step 1).

• Reuse KV for all subsequent recursion steps.

• Benefits:

• Maximum memory savings.

• No “missing keys” for deeper recursions.

• Trade-off: potential distribution mismatch (quality 

drop).

Figure 8: KV Caching Mechanisms
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Mixture-of-Recursions

Look Back

• Left: Recursion Block (fixed stack + router).

• Middle: dynamic path per token (early exit / continue).

• Right: heatmap of computation (darker = more recursion).

Figure 6: Mixture-of-Recursions (MoR) Core Framework 
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Experiment & 
Results
Does MoR deliver on its promises?



Experimental Validation

Experimental Setup

Architecture

Llama-based Transformer architecture following SmolLM open-source model 
configurations

Dataset

FineWeb-Edu dataset (220B tokens from educational materials) in SmolLM-
Corpus

Evaluation

Validation: Negative log-likelihood (NLL)

Few-shot: 6 benchmarks (LD, HS, PQ, WG, ARC, MMLU)

Model Scales

135M
parameters

360M
parameters

730M
parameters

1.7B
parameters

Training Settings

Compute Budgets 2e18, 5e18, 16.5e18 FLOPs

Fixed Tokens 20B tokens

Recursion Depths Nᵣ = 2, 3, 4
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Experimental Validation

Results: Performance

Higher accuracy—equal compute and token budgets

Table 3: Main Performance Results
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Experimental Validation

Results: Scaling Analysis

Scaling—lower loss with the same compute but much smaller models.

MOR:

• Matches or exceeds vanilla at larger scales (≥360M).

• Consistent improvement across compute budgets.

Figure 9: Scaling Analysis: Loss vs. Compute 
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Experimental Validation

Results: Inference Throughput Gains

Throughput (tokens/sec):

• MoR leverages continuous depth-wise batching.

• Early-exiting tokens are immediately replaced.

Result:

• 1.60×–2.06× speedup vs. vanilla (depending on 

max recursion).

• Speedup increases with max recursion depth.

Figure 10: Inference Throughput vs. Performance 
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Experimental Validation

Ablation: Design Choices

Expert-Choice Router

Auxiliary loss + sigmoid + linear works best

Token-Choice Router

Balancing loss + softmax + MLP preferred

Table 4: Ablation Study: Router Design Choices 
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Experimental Validation

Why Middle-Cycle?

Figure 11 b: Sharing Strategy
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Empirical evidence:
• Consistently lowest validation loss (NLL).

• Better few-shot accuracy vs. pure 

Cycle/Sequence.

Intuition:
• First layer processes raw embeddings.

• Last layer prepares for vocabulary 

projection.

• Middle layers perform the heavy 

“reasoning” loops.



Experimental Validation

Ablation: KV Caching

Performance vs. efficiency:

• Recursion-wise caching: best quality 

(independent contexts).

• KV sharing: slight degradation for expert-

choice, but can help token-choice.

Recommendation:

• Use recursion-wise caching for quality.

• Use KV sharing for extreme memory 

constraints.

Figure 11 c: KV Caching Efficiency Analysis 
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Experimental Validation

Analysis: What does MoR learn?

• Qualitative pattern (Table 17):

• Shallow (1 step): function words, easy 

suffixes.

• Deep (3 steps): opening complex 

phrases / content-heavy words.

• Insight: model allocates “thinking time” 

based on predictability.

Figure 12: Qualitative Analysis of Routing Decisions 
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Experimental Validation

Analysis: What does MoR learn?

• Can we “think longer” at test time?

• Increasing max recursion depth at inference 

improves log-likelihood.

• Implication: adjustable quality/cost trade-off 

after training.

Figure 13: Test-Time Scaling Effects
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Experimental Validation

Comparison Summary

Feature Vanilla Transformer Recursive Transformer MoR

Weights Unique (L) Shared Shared

Compute Fixed Fixed
Adaptive (token-
level)

Memory High (KV per layer) High (KV per depth)
Low (efficient cache 
/ sharing)

Throughput Baseline Similar / modest ~1.6×–2.1× faster

Table 5: Summary of Architectural Comparisons 
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Conclusion &
Discussion



Conclusion & Discussion 

Conclusion

Unified Efficiency Framework
MoR is first architecture to unify three efficiency paradigms in single framework: 

parameter sharing, token-level adaptive thinking depth, and memory-efficient KV 

caching.

Weight tying → cuts parameters

Token routing → cuts redundant FLOPs

Recursion-wise caching → cuts memory traffic
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Conclusion & Discussion 

Limitations & Future Work

Current Limitations
Scale Constraints
Experiments limited to 1.7B parameters. Need validation at larger scales (3B+ parameters).

Adaptive Capacity Control
Challenging to adjust top-k values post-training with auxiliary loss due to perfect separation.

Reasoning Evaluation
Limited exploration on actual reasoning datasets with chain-of-thought.

Future Research Directions
Larger Scale Training
Train MoR models at 3B+ parameters on larger corpora. Explore continued pre-training from 

existing checkpoints.

Enhanced Architecture
Depth-specific LoRA, mixture-of-experts principles, expert parallelism for improved quality.

Sparse Integration
Integrate structured sparsity, pruning, quantization for additional efficiency gains.

Multimodal Extension
Extend to vision, speech, unified multimodal architectures. Apply to long-context video/audio.
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