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Preliminary

• Latent CoT methods perform reasoning through continuous 
representations and hidden states within the model’s computational 
graph



Activation-based Methods

• Loop / Universal Transformer Recurrence
• universal transformer
• seed: Ouro

• Activation with Explicit Hidden-State Feedback
• coconut, cocomix
• cotformer

• Training-induced Recurrence

• Training Strategies for Recurrent Reasoning
• MIDAS



Looped / Universal Transformer

• Loop-based architectures represent the foundational approach to 
activation-based latent CoT reasoning

• implementing continuous activation propagation across Transformer 
layers through explicit architectural modifications

• enabling iterative refinement of hidden states within a single forward 
pass through layer-wise recurrence



Universal Transformers
•  

Mostafa Dehghani, Stephan Gouws, Oriol Vinyals, Jakob Uszkoreit, and Łukasz Kaiser. 
Universal transformers. arXiv preprint arXiv:1807.03819, 2018.



Universal Transformers
• at the beginning of each loop, add positional and “depth” embedding

Mostafa Dehghani, Stephan Gouws, Oriol Vinyals, Jakob Uszkoreit, and Łukasz Kaiser. 
Universal transformers. arXiv preprint arXiv:1807.03819, 2018.



CoTFormer
•  

Amirkeivan Mohtashami, Matteo Pagliardini, and Martin Jaggi. Cotformer: A chain-of-thought driven architecture with 
budget-adaptive computation cost at inference. arXiv preprint arXiv:2310.10845, 2023. (ICLR 2025)



CoTFormer
•  

Amirkeivan Mohtashami, Matteo Pagliardini, and Martin Jaggi. Cotformer: A chain-of-thought driven architecture with 
budget-adaptive computation cost at inference. arXiv preprint arXiv:2310.10845, 2023. (ICLR 2025)

in two token settings, seem to be equivalent 
regarding expressivity, but have not proved 
this

what about in multiple token settings?

what about considering layer norm, residual 
and more layers?



CoTFormer
• What is the connection between constructing deeper Transformers and employing 

CoT?
• this paper says: there is a distinction between CoT and conventional weight tying. 
• More particularly, when applying CoT, the attention mechanism can access previous 

intermediary tokens whereas in the weight tying such access is not granted.

• CoTFormer interleaves old and new representations in between each block
• context length grows linearly with #repeats



CoTFormer
• Experiment Results

• lower PPL than universal Transformer
• better performance-computation trade-off

Amirkeivan Mohtashami, Matteo Pagliardini, and Martin Jaggi. Cotformer: A chain-of-thought 
driven architecture with budget-adaptive computation cost at inference. arXiv preprint 
arXiv:2310.10845, 2023. (ICLR 2025)



Since Universal Transformers…

1. The Rise of Pre/Loop/Coda Structure
• input encoding (Prelude); iterative reasoning (Loop blocks); output decoding (Coda)

2. Pre-iteration Input and Hidden State Management

3. The Decline of Depth Embeddings

4. Pre-iteration Input and Hidden State Management

5. Simplifications of Dynamic Stopping Mechanisms



Since Universal Transformers…

•  



What about Scaling up?



Recurrent Depth: the first attempt to scaling up

• The challenge of scaling up: 
• too many recurrent steps

Scaling up test-time compute with latent reasoning: A recurrent depth 
approach. arXiv preprint arXiv:2502.05171, 2025.

 



Recurrent Depth: the first attempt to scaling up

• The challenge of scaling up: 
• performance gap

Scaling up test-time compute with latent reasoning: A recurrent depth 
approach. arXiv preprint arXiv:2502.05171, 2025.



Scaling Looped Language Models
• pre-train looped language models (LoopLM), scaling to 7.7T tokens, 1.4B / 2.6B

• yield comparable performance to 4B / 12B LLMs

Rui-Jie Zhu, et al. Scaling Latent Reasoning via Looped Language Models. arXiv preprint arXiv: 2510.25741, 2025.



Scaling Looped Language Models: Architecture
• pretraining with loop, training with full depth

Rui-Jie Zhu, et al. Scaling Latent Reasoning via Looped Language Models. arXiv preprint arXiv: 2510.25741, 2025.

• training with full depth, calculate CE loss of each loop

• this design is questionable (as also acknowledged by the author)

• objective: do you want to use more depth or not?, currently 

all loops are fitting the same distribution

• mixture of recursion demonstrates the feasibility

• adding an entropy regularization as prior for “load balance”

• uniform prior for all loops --- experiments show uniform is 

the best



Scaling Looped Language Models: Architecture
• pretraining with loop, training with full depth

• inference with early exit: based on cumulative probability

Rui-Jie Zhu, et al. Scaling Latent Reasoning via Looped Language Models. arXiv preprint arXiv: 2510.25741, 2025.



Scaling Looped Language Models: Training

• Stage 1a: Pre-training Phase I (Exploration)

• initialize pretraining with 8 recurrent steps

• Stage 1b: Pre-training Phase II with Stability-Driven Upcycling (due to unstability)

• 1.4B Ouro: uses the original 24 pre-trained layers with 4 recurrent steps

• 2.6B Ouro: upcycles 24 layers to 48 via layer duplication with 4 recurrent steps

• Stage 2: Continue Training (CT) Annealing

• Stage 3: LongCT

• Stage 4: Mid-training

Rui-Jie Zhu, et al. Scaling Latent Reasoning via Looped Language Models. arXiv preprint arXiv: 2510.25741, 2025.



Scaling Looped Language Models: Layer norm
• depth problem: sandwich norm

Rui-Jie Zhu, et al. Scaling Latent Reasoning via Looped Language Models. arXiv preprint arXiv: 2510.25741, 2025.



Scaling Looped Language Models: Performance
• performance of base models

• show better performance in multi-hop reasoning problems

Rui-Jie Zhu, et al. Scaling Latent Reasoning via Looped Language Models. arXiv preprint arXiv: 2510.25741, 2025.



Scaling Looped Language Models: Performance
• performance of reasoning models: did not do RL

Rui-Jie Zhu, et al. Scaling Latent Reasoning via Looped Language Models. arXiv preprint arXiv: 2510.25741, 2025.



Why does LoopLM work?

• Two hypothesis:

• increased knowledge capacity? – LoopLM might be able to memorize more 

facts even with the same number of parameters

• better knowledge extraction / composition? – LoopLM might not store more 

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

repeated reasoning.



Q1: Does looping increase knowledge capacity?

• Settings: 

• Dataset: synthetic biographies (following Phys of LLMs)

• Each biography contains name + 5 attributes: gender, birthdate, university, major, employer

• The names and the attributes are randomly selected from a pre-defined set and combined into 

natural language via templates

• Knowledge capacity metric: sum of CE loss per attribute token  convert to bits

• Based on random generation, we have an information-theoretic lower bound for the model in 

the minimum bits required to encode all the names and attributes (refer to Phys of LLMs)



Q1: Does looping increase knowledge capacity?

• Results: 

• looping does not increase knowledge 

capacity nor improve capacity scaling

• the number of parameters itself can be 

seen as a direct indicator of knowledge 

capacity, and merely increasing looping 

does not help enhance knowledge 

capacity.



Q2: Does looping enhance knowledge manipulation?

•  



Q2: Does looping enhance knowledge manipulation?
• Multi-hop QA

• models with more loops require fewer samples to learn the 3-hop QA task

• models with more loops learn faster and achieve better performance compared to models 
without loops



Takeaways for Loop Transformers

• Universal Transformer

• CoTFormer

• Scaling up looped transformer

• Recurrent Depth

• Ouro



Outline

• Preliminary: Latent CoT

• Latent Reasoning

• Activation-based Recurrent Methods

• Loop/Universal Transformer Recurrence: Universal Transformer, CoTFormer, Recursive Transformer

• Activation with Explicit Hidden-State Feedback: Coconut, CODI, [xxx]-Tokens

• Training Strategies for Recurrent Reasoning: MIDAS, 

• Temporal Hidden-state Methods

• Linear-State Recurrence

• Gradient-State Recurrence

• Training-induced Hidden-state Conversion

• Mechanical Interpretability



Activation with Explicit Hidden-State Feedback

• loop-based architectures: rerunning the same set of layers

• a distinct family of models feeds hidden states back into the input stream between iterations

Shibo Hao, Sainbayar Sukhbaatar, DiJia Su, Xian Li, Zhiting Hu, Jason Weston, and Yuandong Tian. Training large language 
models to reason in a continuous latent space. arXiv preprint arXiv:2412.06769, 2024.



Activation with Explicit Hidden-State Feedback

• The core principle unifying these methods is the creation 

of implicit loops, by:

• continuous recurrence: feeding activations back into the 

model

• compressed states: compressing multi-step reasoning 

into iteratively-processed representations

• expanded iterations: extending the effective computation 

depth through strategic token insertion



Coconut: Training Large Language Models to Reason in a 
Continuous Latent Space

• Motivation

• Language space may not always be optimal for reasoning

• Human language is optimized for communication rather than reasoning: 

Neuroimaging studies have consistently shown that the language network – a set of brain 

regions responsible for language comprehension and production – remains largely 

inactive during various reasoning tasks

• For LLMs, “the amount of reasoning” required for each particular reasoning token 

varies greatly, yet current LLM architectures allocate nearly the same computing budget 

for predicting every token

Shibo Hao, Sainbayar Sukhbaatar, DiJia Su, Xian Li, Zhiting Hu, Jason Weston, and Yuandong Tian. Training large language 
models to reason in a continuous latent space. arXiv preprint arXiv:2412.06769, 2024.



Coconut: Architecture

• the LLM switches between the “language mode” and “latent mode”

• special tokens are employed to mark the beginning and end of the latent thought mode, 

respectively

Shibo Hao, Sainbayar Sukhbaatar, DiJia Su, Xian Li, Zhiting Hu, Jason Weston, and Yuandong Tian. Training large language 
models to reason in a continuous latent space. arXiv preprint arXiv:2412.06769, 2024.



Coconut: Training

•  

Shibo Hao, Sainbayar Sukhbaatar, DiJia Su, Xian Li, Zhiting Hu, Jason Weston, and Yuandong Tian. Training large language 
models to reason in a continuous latent space. arXiv preprint arXiv:2412.06769, 2024.



Coconut: Inference

• do not change much from standard LM

• the challenging part is when to switch back 

to the discrete token

• train a binary classifier on latent thoughts

• always pad the latent thoughts to a constant 

length

Shibo Hao, Sainbayar Sukhbaatar, DiJia Su, Xian Li, Zhiting Hu, Jason Weston, and Yuandong Tian. Training large language 
models to reason in a continuous latent space. arXiv preprint arXiv:2412.06769, 2024.



Coconut: Results

• Math: 2 latent tokens for each reasoning step, go through 3 stages besides the initial stage

• Logical: 1 latent token for each reasoning, go through 6 stages besides the initial stage

• use pretrained GPT-2 as the base model

Shibo Hao, Sainbayar Sukhbaatar, DiJia Su, Xian Li, Zhiting Hu, Jason Weston, and Yuandong Tian. Training large language 
models to reason in a continuous latent space. arXiv preprint arXiv:2412.06769, 2024.

iCoT: remove certain percentage of tokens of CoT graduallyPause Token: add pause token before CoT



Coconut: Results

• Latent reasoning outperforms language reasoning in planning-intensive tasks 

• The LLM still needs guidance to learn latent reasoning: curriculum learning is necessary

Shibo Hao, Sainbayar Sukhbaatar, DiJia Su, Xian Li, Zhiting Hu, Jason Weston, and Yuandong Tian. Training large language 
models to reason in a continuous latent space. arXiv preprint arXiv:2412.06769, 2024.

• Continuous thoughts are efficient representations of reasoning.



Are the 

last-layer hidden-states of the previous token 

the optimal choice for representing continuous tokens?





CoCoMix: LLM Pretraining with Continuous Concepts

• Motivation

• a forward pass can store richer information than merely predicting the next token, like MTP

• LLMs inherently encode high-level concepts and reasoning processes in latent representations

• Can we utilize these information better?

• Overview

• a pretraining framework which combines discrete next token prediction with continuous concepts

• CoCoMix predicts “continuous concepts” learned from a pretrained sparse autoencoder (SAE) 

and mixes them into the model’s hidden state by interleaving with token hidden representations.

Jihoon Tack, Jack Lanchantin, Jane Yu, Andrew Cohen, Ilia Kulikov, Janice Lan, Shibo Hao, Yuandong Tian, Jason 
Weston, Xian Li. LLM Pretraining with Continuous Concepts. arXiv preprint arXiv: 2502.08524, 2025.



CoCoMix: Architecture

•  

Jihoon Tack, Jack Lanchantin, Jane Yu, Andrew Cohen, Ilia Kulikov, Janice Lan, Shibo Hao, Yuandong Tian, Jason 
Weston, Xian Li. LLM Pretraining with Continuous Concepts. arXiv preprint arXiv: 2502.08524, 2025.



CoCoMix: Architecture

•  



CoCoMix: Architecture

•  



CoCoMix: Architecture

•  



CoCoMix: Architecture

4. Training objective

The final training objective combines the standard NTP loss and the concept prediction term



CoCoMix: Experiments

Q1: Can CoCoMix improve the performance of next token prediction in LLM pretraining?

• NTP can be improved with CoCoMix

• high sample efficiency

Jihoon Tack, Jack Lanchantin, Jane Yu, Andrew Cohen, Ilia Kulikov, Janice Lan, Shibo Hao, Yuandong Tian, Jason 
Weston, Xian Li. LLM Pretraining with Continuous Concepts. arXiv preprint arXiv: 2502.08524, 2025.



CoCoMix: Experiments

Q2: Does CoCoMix show improvement in weak-to-strong supervision setup compared to 

other knowledge distillation methods?

• KD baseline: 124M teacher model

• CoCoMix: concept extracted from SAE trained on 124M model

Jihoon Tack, Jack Lanchantin, Jane Yu, Andrew Cohen, Ilia Kulikov, Janice Lan, Shibo Hao, Yuandong Tian, Jason 
Weston, Xian Li. LLM Pretraining with Continuous Concepts. arXiv preprint arXiv: 2502.08524, 2025.



CoCoMix: Interpretability & Steerability

•  



CODI: Compressing Chain-of-Thought into Continuous Space via 
Self-Distillation

• compress discrete tokens into less continuous tokens

Zhenyi Shen, Hanqi Yan, Linhai Zhang, Zhanghao Hu, Yali Du, and Yulan He. Codi: Compressing chain-of-thought into 
continuous space via self-distillation. arXiv preprint arXiv:2502.21074, 2025.
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• Preliminary

• Latent Reasoning

• Loop/Universal Transformer Recurrence: Universal Transformer, CoTFormer, 

Scaling Up Looped Transformers

• Activation with Explicit Hidden-State Feedback: Coconut, CoCoMix

• A Brief Introduction of Mechanistic Interpretability



Questions

In the previous work, we have acknowledged that depth is important, so we have:

• looped transformers to stack layers to get better performance

• continuous token approaches to increase the effective depth

But we haven’t answered that:

1. Do layer stacks reflect latent CoT?

2. How do layers function as a latent CoT?



Do layer stacks reflect latent CoT?

•  



How do layers function as a latent CoT?

• Theory of layer specialization: a natural assumption is that different layers play distinct roles in 

reasoning tasks. A series of interpretability studies are focusing on uncovering how these layers 

work together to build and convey the underlying CoT processes.

• Shallow layers: basic representational processor, primarily process local information, syntactic 

structures, and surface patterns, perform initial data transformations, and form early circuit 

primitives

• Intermediate layers: core of latent CoT

• Intermediate layers form specialized sub-circuits dedicated to reasoning functions,

• Intermediate layers exhibit superior representational capabilities,

• Activations in intermediate layers have a decisive impact on reasoning outcomes



How do layers function as a latent CoT?

• Shallow layers: basic representational processor, primarily process local information, syntactic 

structures, and surface patterns, perform initial data transformations, and form early circuit 

primitives

• Intermediate layers: core of latent CoT

• Intermediate layers form specialized sub-circuits dedicated to reasoning functions,

• Intermediate layers exhibit superior representational capabilities & knowledge storage capabilities,

• Activations in intermediate layers have a decisive impact on reasoning outcomes

• Deep layers: output refinement and decision-making of latent CoT

• layer pruning & effective depth studies indicate deeper layer has limited functionality

• some attribute this to layer normalization

• some attribute this to representation collapse



Takeaways

• Looped Transformers

• Continuous Tokens

• Mechanistic Understandings
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