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The origin of the Looped Transformer: Universal Transformers (2018)
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The origin of the Looped Transformer: Universal Transformers (2018)

Adding Recurrent Inductive 
Bias into Transformers

Making Transformer 
Turing-Complete

Improving Generalization
of Transformers



Adaptive Computing in Universal Transformer

Adding Recurrent Inductive 
Bias into Transformers

Making Transformer 
Turing-Complete

Adaptive Depth
Inference



The origin of the Looped Transformer: Deep Equilibrium Models (2019)
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Tied-Weight Across Layers
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Attempts in Language Modeling

Showing advantage in reasoning-heavy tasks

But… Most of them are academia explorations
Common Question: How about scale it up?



The Challenge of Scaling up: Too many recurrent steps

Recurrent 32 times ≈ 100+B Params



The Challenge of Scaling up: Too many recurrent steps

Recurrent 32 times ≈ 100+B Params

In our model, we set the maximum recurrent step to 4



The Challenge of Scaling up: Performance gap



The Challenge of Scaling up

There is a noticeable performance gap between Loop (Huginn) and leading LLMs



The Challenge of Scaling up: Depth Problem

Sandwich Norm replace Pre-Norm



Solving Unstable Training: Early Exit Problem
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Pre-training with Loop, Inference with Early Exit

• Training with full depth
• First compute the expectation loss of 

each early-exit step



Pre-training with Loop, Inference with Early Exit

• Training with full depth
• First compute the expectation loss of 

each early-exit step
• Adding a entropy regularization as 

prior!



The Prior of Depth
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How do we train such a model: Training recipe
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How do we train such a model: Data

Code 7.5%

Web 88.4%

Math 4.1%

Web 66.5%

Code 7.7%

Math 19.6%

SFT 6.2%

Pre-training Annealing
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Why Nemotron-CC?

Trade off between Size and Quality



How do we train such a model: training stage

① Warmup: Initial model warmup phase

② Stable Training Phase 1: 3T tokens
on standard pre-training data

③ Model Branching: Creating 1.4B and
2.6B variants (via upcycling)

④ Stable Training Phase 2: Additional

3T tokens for both model sizes

⑤ CT Annealing: 1.4T tokens with chain-of-thought annealing

⑥ LongCT: 20B tokens of long-context chain-of-thought training
⑦ Mid-Training: 300B tokens of targeted mid-training

⑧ Reasoning SFT: Supervised fine-tuning for reasoning-focused

models (Ouro-Thinking variants)



Final Performance: Base Models
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Final Performance: Reasoning Models



Wait, but why LoopLM can achieve this?



Understanding LoopLMs Superiority 
from a Parametric Knowledge Viewpoint

Two hypotheses:

① Increased knowledge capacity: LoopLMs might be able to memorize more facts 

even with the same number of parameters.

② Better knowledge extraction/composition: LoopLMs might not store more facts 

but might use the knowledge in the parameters more effectively through repeated 

reasoning.

Physics of LoopLMs



Question 1: Does looping increase knowledge capacity?

Capo Task



Question 1: Does looping increase knowledge capacity ?

Dataset: Synthetic biographies bioS(N) [Zeyuan et al., 2025], 

l Each biography contains name + 5 attributes: gender, birth date, university, major, employer

l Names and attributes randomly sampled from predefined sets, combined into natural 

language via templates

Knowledge capacity metric: Sum of cross-entropy loss per attribute token → converted to 

bits

Models: GPT-2 style + LoopLM

l Loop steps: 1 (non-loop baseline) vs 4 (looped model)

l Parameter sizes: 1M – 40M, varying depth and hidden dimensions

Training: Each data sample seen 1000 times

Capo Task

https://ssrn.com/abstract=5240330


Question 1: Does looping increase knowledge capacity ?

Knowledge capacity: 
Same as non-loop model



Question 2: Does looping improve knowledge manipulation?
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Task 1: Multi-hop QA Task

Dataset:

l |E| entities, each with a unique name, and N relation types.

l 500 entity names (e.g., Jennifer) and 20 relation names (e.g., instructor), from [Yao et al., 2025].

l Multi-hop questions generated via a K=5 hierarchical structure: 100 entities per layer, each 

connecting to |R| random entities in the next layer.

l Produces |E|/5 × |R|^k k-hop questions; we focus on 3-hop (~8×10^5 questions).

Training & Evaluation:

l Train on a subset of 3-hop QA pairs; test on 3,000 held-out questions.

l Answers decoded greedily (e.g., “Who is the instructor of the teacher of Bob?”).

l Metric: exact match accuracy.

https://arxiv.org/pdf/2505.17923?


Task 1: Multi-hop QA Task

l Models with more loops require fewer 
samples to learn the 3-hop QA task.

l Models with more loops learn faster and 
achieve better performance compared to 
models without loops.

Increasing the number of iterative steps significantly improves performance on reasoning-
intensive tasks, but yields limited gains on knowledge-intensive tasks.



Task 2: Mano Task



Understanding Why LoopLM Enhances Knowledge Manipulation:

Why LoopLM helps knowledge manipulation:

l Limited parameter capacity → looping allows more efficient use of knowledge:

l Reuse knowledge in each looped block

l Retrieve new factual information

l Apply structured procedures for final prediction

Searching on the parametric knowledge graph:

l Pre-trained LMs store large amounts of factual knowledge but often perform shallow reasoning.

l Complex tasks require combining multiple pieces of knowledge → deep search on the knowledge 

graph with directional dependencies.

l LoopLM’s recurrent structure allows efficient reuse of knowledge and procedures: even if some 

knowledge isn’t used earlier, it can be revisited in subsequent loops.



Safety Emerges from Recurrent Computation

Thinking Improves Safety: Harmfulness 
scores and rates decline significantly as 
recurrent steps increase, leading to safer 
model responses.

Robust Extrapolation: Safety alignment 
continues to improve even when reasoning 
extends beyond the training configuration 
(extrapolating from 4 to 8 steps).

Latent Separation: PCA visualization 
(Figure b) confirms that iterative 
computation helps the model better 
distinguish between benign and harmful 
prompts in the latent space.



The failure of the Reinforcement Learning

Rollout Update

Ideally, Rollout and Update should be identical…



The failure of the Reinforcement Learning

• Data: Only use DAPO-17K
• Training-Inference Divergence



The failure of the Reinforcement Learning

Rollout Update

Transformers: ✅
vLLM: ❌

Only need Transformers: ✅



To make the rollout and update identical…

Rollout Update

Fixed depth rollout and update with the same depth



Attempts: self-distillation？

Rollout Update



Takeaways:

The Big Idea: Latent Reasoning
• Instead of outputting text immediately, the model loops over its own hidden states to reason internally.
• By reusing the same parameters multiple times (looping), we get better reasoning capabilities without 

exploding the model size.

Making it Work 
• Reducing the recurrent steps from 10+ to 4.
• Stabilizing training with Sandwich Norm and providing a prior to the early exit.

Meet Ouro: Small but Mighty
• We built the Ouro models (1.4B & 2.6B) using a specialized recipe: Upcycling old models -> Stable 

Training -> Long-Context Reasoning.
• Our 2.6B model isn't just good for its size; it’s beating 8B and 12B models (like Qwen and Gemma) on 

hard math and code tasks.

The Physics of Why it Works
• We found something fascinating: Looping doesn't help the model memorize more facts (Knowledge 

Capacity).
• Instead, it drastically improves Knowledge Manipulation. It gives the model the "mental space" to 

connect the dots and manipulate the facts it already knows.



Thanks & QA


