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Before we start: What's wrong with CoT reasoning?

Chain-of-Thought (CoT): A model generates a sequence
of intermediate reasoning steps (in tokens) that connect the
input to the final answer. However, CoT has limitations in:

e Faithfulness issues: Models don't always say what they
think in reasoning chains [1].

e Scalability limits: Long token chains introduce latency,
computational overhead, and diminishing returns [2].

o Reversal curse: Forward-only causal generation limited
by the next-token prediction paradigm, and cannot
refine previously generated tokens [3].

In this paper trip, we will briefly visit:

@ Allocation strategies of compute budget from skipping
layers /tokens to refine tokens/features iteratively.

@ Using hidden states as inputs and scaling up the
reasoning depth in the latent space.

© Improving stability with feature-token interpolation.

@ The diffusion paradigm in language modelling and how
advanced unmasking/remasking strategies are designed.
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Scable Reasoning Depth in LLMs:, From Layer Skipping to Token Refinement

1. Scable Reasoning Depth in LLMs:

From Layer Skipping to Token Refinement

In the human thinking process, simple questions can be answered
quickly and complex questions require more time for reasoning.

@ Can LLMs use less parameters on some inputs?

@ There exists dozens of studies on Dynamic Depth (e.g., Early Exit,
Skip Layer) and Dynamic Width (e.g., Pruning CNN channels or
Attention Heads, MoE). Let's review one of them:

Not All Layers of LLMs are Necessary during Inference [2024.3]
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Figure: Adalnfer processes input with inference stopping at different
decoding layers [4]. The solid line represents accuracies on sentiment
analysis and dashed line on MMLU with the LLaMA-2-7B model.

@ Adalnfer compromises a binary Classifier that predicts whether to
stop the inference at each decoding layer.
@ Feature selection is performed on hidden states:
o Confidence Gap: P(top token) - P(second token).
o Top Probability: P(top token).
o Cosine Similarities: between current and previous block'’s
attn/mlp/block outputs.
@ Adalnfer exhibits an average 17.8% pruning ratio during inference
with < 1% degradation on performance.

@ Feature analysis suggests that Gap and Top Prob can serve as
universal features for the inference-stopping signal.
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Scable Reasoning Depth in LLMs:, From Layer Skipping to Token Refinement

Mixture-of-Depths: Dynamically Allocating Compute

[arXiv 2024.4]

How can we dynamically allocate the compute budget at token-level?
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Figure: Mixture-of-Depths (MoD) Transformer. A block-wise router chooses
tokens between a standard block’s computation or a residual connection [5].

The Mixture-of-Depths Strategy:

@ Limit the number of tokens in a sequence that can participate in a
block’s computation.

@ Use a per-block router to emit a scalar weight for each token;
Identify the top-k weights to select tokens.

@ Since some tokens are routed around the block, the total FLOP
footprint is reduced compared to vanilla/MOE transformers.

@ A 220M MoD model slightly outperforms the isoFLOP optimal
220M baseline but steps 66% faster [5].

@ Expert or Top-k token routing schemes chooses over- or
under-process some tokens or load-imbalance.
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Scable Reasoning Depth in LLMs:, From Layer Skipping to Token Refinement

Mixture-of-Recursions: Dynamic Recursive Depths for

Adaptive Token-Level Computation [NIPS 2025]

What if some tokens are routed recursively around parameter blocks?
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Figure: Mixture-of-Recursions (MoR) Transformer. A router decides whether
each token should pass a fixed stack of layers or exit, where right-below
shows the number of recursion steps in different colors [6].

The Mixture-of-Recursions Strategy:

@ Assign token-specific recursion steps to adaptively concentrate
computation on more challenging tokens.

@ Expert- or Token-choice routing chooses reasoning depth at each
recursion step or at the outset for each token.

e Unify efficiency paradigms: parameter sharing, token-level adaptive
thinking depth, and memmory KV caching.
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Figure: MoR consistently outperforms recursive baselines on validation loss,
and matches vanilla transformers at larger scales with ~ 1/3 parameters [6].
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Scable Reasoning Depth in LLMs:, From Layer Skipping to Token Refinement

Think-at-Hard: Selective Latent lterations [arXiv 2025.11]

Over 85% of next-tokens are correctly predicted at the first iteration.
= Deeper iterations should only refine these ‘Hard’ tokens.

(a) user query: How many numbers from 1-100 contain the digit “7"? (b) direct reply 1 direct reply 3
always think-twice  think-at-hard oracle both v
direct reply: I'll reason v We can list

both
overthink at think at 12/ 7% x
simple tokens hard tokens 33/ 85% <] O v-x
think-twice reply: I'll directly X We can split O x->v

Figure: (a) Uniform latent iteration can fix wrong predictions but also correct
ones (b) Next-token prediction accuracy on fine-tuned Qwen3-1.7B [7].

Think-at-Hard (TaH) Strategy:

@ Backbone Model Design: LoRA adapter only for iterations d > 1,

and MLP iteration decider for routing each token.
think-thrice: 3

. |terzembed
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Figure: Think-at-Hard (TaH) uses LoRA at deeper iterations to shift
from next-token prediction to hard-token refinement [7].

@ Duo-causal Attention: Extend attention to two dimensions:
previous positions and shallower iteration depths.

@ Oracle lteration Policy: A token is classified as easy if the
reference (base) model correctly predicts it in one forward pass.

@ Prune one model layer to match the baseline parameter count.

@ Two-stage Training: Backbone supervision 4+ Decider imitation
under frozen backbone.

With continuation threshold 0.9 and ~ 6% tokens iterated twice, TaH
delivers 4.0 — 5.4% accuracy gains on math benchmarks.
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Latent Reasoning: Looping & Continuity

Latent Reasoning: Looping & Continuity

Chain-of-Thought, but in latent space, than vocabulary space.

Training LLMs to Reason in a Continuous Latent Space
[2024.12] [COLM 2025]

Chain-of-Thought (CoT) Chain of Thought (Coconur)

Last hidden states are used

output token X | Xip1 Xigo Xiyj  [Answer] as input embeddings [Answer]
(sampling)

last hidden state

input embedding

input token [Question] = Xi | Xiy1 | X2 Xigj [Question] <bot> <eot>

Figure: Chain of Continuous Thought (Coconut) regards the last hidden
state as a representation of the reasoning state and directly uses it as the
next input embedding [8].

@ Include special tokens <bot> and <eot> to mark the beginning
and end of latent thoughts.

@ SFT on regular CoT data in the initial stage; Then at the k-th
stage, replace the first k reasoning steps with k x ¢ continuous
thoughts for hyperparameter c.

e Compute normal negative log-likelihood loss on answers (mask on
questions and latent thoughts).
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Figure: Coconut searches the latent space with higher reasoning steps [8].
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Latent Reasoning: Looping & Continuity

Reasoning with Latent Thoughts:

On the Power of Looped Transformers [ICLR 2025]

Universally use hidden states as inputs? We have a Looped Model!

Looped Models: Multi-layer model with weight sharing.

@ In comparison of 24-layer 1B model (GPT-2-style) to k-layer model
looped 24 /k times, looped models are much better for reasoning
primitives with fewer parameters.

@ Looped models have an inductive bias towards good reasoning
despite having worse perplexity and memorization to an iso-flop
non-looped model.

@ Accuracies for all task groups increases with more loops/depths,
though also have diminishing returns.

@ Looping-inspired regularization can leverage this inductive bias
towards better reasoning.
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Figure: Comparison of a 12-layer baseline model and a looped model [9].

Looped Model plays scaling in reasoning: Compute more, Answer more.
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Latent Reasoning: Looping & Continuity

Scaling up Test-Time Compute with Latent Reasoning:

A Recurrent Depth Approach [NIPS 2025]

“Hello” —> | P "=l mr e /.—> “World”
2
s

Recurrent --+ Input Injection
Prelude . Block . Coda — Residual Stream

Figure: The recurrent depth architecture, where each block consists of a
number of sub-layers [10]. For the same log probability, looped models tend
to perform better on reasoning-intensive tasks.

Recurrent Unrolling:

@ Layers are organized as recurrent blocks which accept a latent
vector (initialized with a random state) as input. .

@ Inject the data in every recurrence step with the latent vector to
increase token correlation and stability.

@ Randomly sample iteration counts during training, and
backpropagate only the last k iterations of the recurrent blocks.
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Figure: A 3.5B recurrent depth model can iteratre longer to use more
compute and improve its performance in latent space at test time [10].

@ Pro: Do not require specialized CoT data.
e Con: Pretraining is required (800B Tokens).
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Latent Reasoning: Looping & Continuity

Hybrid Latent Reasoning via Reinforcement Learning

[INIPS 2025 Spotlight]

Let's unify latents and tokens, and always try RL in reasoning tasks!
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Figure: Hybrid latent reasoning with gating (left) and hybrid reasoning policy
optimization (right) [11].

Gated Hybrid Reasoning:
@ Project final hidden states back into the embedding space.
@ Use normalized and weighted output probabilities as latent features.

@ Gated sigmoid function to control the interpolated embeddings’
blending, to balance between semantic continuity and noise level.

@ The final answer is still generated via standard decoding.

Hybrid Reasoning Policy Optimization (HRPO):
@ Use hybrid rollouts per input query and compute advantages by
standardizing rewards within the group.
@ Hybrid trajectories with higher rewards have higher advantages.

@ During training, the hidden ratio of latents increases steadily, and
completion lengths decreases.

Pros and Cons: Outperforming prior latent reasoning and distilled

CoT methods in both knowledge- and reasoning- tasks, but introduces
additional computation overhead.
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Diffusion Language Models: Implicit Recursion

Diffusion Language Models: Implicit Recursion

Does the Recurrent Unrolling method remind you of diffusion model?

@ Auto-regressive modeling or the next-token prediction paradigm are
not implicitly / perfectly designed for nonlinear reasoning or
learning bi-directional causal relationships.

@ Diffusion transformers have achieved success on complex visual
tasks already with bi-directional dependencies.

So we introduce next ...

LLaDA: Large Language Diffusion Models [NIPS 2025 Oral]

(a)  Mask all tokens independently (b) Prompt Response (c) Prompt Response
_— _ s 5
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Figure: Overview of the (a) Pretraining, (b) SFT, and (c) Sampling
paradigm of LLaDA, a transformer-based mask predictor that predicts all
masked tokens simultaneously [12].

@ Pretraining: Mask each token independently with the same
probability ¢t € [0, 1] and sample them with a forward process;
Compute cross-entropy loss only on the masked tokens.

@ Supervised Fine-Tuning: Leave the prompt unchanged and only
mask the tokens in the response; Perform sampling-training.

@ Inference/Sampling: At each step from time t € (0,1] to s € [0, t),
predict all masked tokens and remask 2 tokens with lowest
confidence tokens; Timesteps are uniformly distributed.

Another impactful Diffusion Large Language Model is Dream [13]!
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Diffusion Language Models: Implicit Recursion

LLaDOU: Reinforcing the Diffusion Chain of Lateral

Thought with DLMs [NIPS 2025]

Given LLaDA's flexible token prediction paradigm, how can the response
generation strategy be further strengthened, or perform implicit CoT?

Vertical Thinking
Let 's break it down step by step Ama 1 . Chemny 's age = 1 0 yers .. Answer : Ame is 8  years old
a) Chain of Thought (CoT)
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=
g8
=
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2
= Chenny is 1 0 years. old M] Alyana is 1 0 - 4 M] 6 years old IM] IM] M] 6 M] 2 IM] 8 M] M]
Chenny is 1 0 yews od . Awa s 1 0 - 4 = 6 yers od . Ame i 6 + 2 = 8 yers old

b) Diffusion Chain of Lateral Thought (DCoLT)

Figure: DCoLT (Diffusion Chain of Lateral Thought) generates tokens at
chosen positions non-linearly, not following the auto-regressive order [14].

LLaDOU (Ordered Unmasking) / DCoLT Training:
@ Define unmasking policy that selects top-K tokens at each step.

@ Train unmasking + token prediction policy to optimize final reward.

Xn | The answer is | LS
]
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R, hi.  h3.  hb, h%,, The unmask set 4+
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. Ti"}f, —P[ Adaptive LayerNorm :
(n) — ( Transformer Block J Token Generation |
—P{ Adaptive LayerNorm ] Head
,,,,,,,,,,,,,,,,,,,,,,,, 4 I T
e r
: LLaDA Blocks
" S— — ——— e — T
X1 The is

Figure: The LLaDOU architecture, which first predicts the token set to
unmask, then samples those tokens by LLaDA [14].

A recent study [15] by Apple introduced another intriguing approach!
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Diffusion Language Models: Implicit Recursion

Remasking Discrete Diffusion Models with Inference-Time

Scaling [NIPS 2025]

For modern MDMSs, when a token is generated, it cannot be updated
again, even when it introduces an error. = Why not remask it?

t=0

? she || sells 'ST:ﬁ;ce'ﬂme - AR s 0556
! [ she |[[Mask]][ sea |[shells| Improved ;"'-
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t »
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Figure: Remasking Diffusion Model (ReMDM) Sampler allow for more
flexible generation of already decoded tokens [16].

Define a discrete diffusion model with posterior constructed as:

s—(1— 1y —
Cat(zg; = La‘:t)atx—l- Tooetm),  z = m.

Cat(zs; (1 — oy)x+oym), z;#m
qo'(zs | Zt:X) =

e Parameter o; controls the remasking flexibility; Increasing o,
moves away from z;, while o, = 0 recovers the MDLM posterior.

@ Confidence-based Schedule: Define confidence score for
unmasked tokens w.r.t. decoding probability at its last unmasking.

@ Masked tokens are decoded using the approximate posterior from
MDLM, and the unmasked tokens are remasked negatively
proportional to their confidence.

@ Turning on/off ReMDM: Use a Switch or a three-stage Loop
from vanilla sampling, mixture, to pure posterior prediction.

ReMDM propose a training-free and alternative forward-backward
processes that Facilitates diffusion guidance while enabling flexibility.
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Diffusion Language Models: Implicit Recursion

Soft-Masked Diffusion Language Models [arXiv 2025.10]

What's left, after unmasking and remasking strategies? Lets blend!

(a) Decoding with binary masking (b) This work: Decoding with soft-masking
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Figure: Soft-masking enriches the feedback for the next decoding step by
superposing prior prediction information [17].

Soft-Masking (SM):
@ Blend the mask token embedding with the top-k predicted token
embeddings from the previous step (convex combination).

@ Confidence-based token weighting by negative probability entropy
and scaled sigmoid.
@ Two-pass Training Scheme:
@ Approximate the probability distribution of the previous denoising
step by passing the corrupted data.
@ Compute the soft-mask representation and passed through the
backbone a second time to compute the loss.

m-@@--

Denoising - Soft-masking (SM)
Transformer fp Sampling/argmax top-k &

! normalization
P Pi1 1= mAYm-vi
[ Embedding tab|e+softmax ] Confidence-based| \
weighting
T
><N[ Attention (bldlrectlonal) ] l
T x{_ ) x{_
E.@E}\& ()
I Embeddlng table I Continuous feedback
c! cf xL1 - xf‘
(de)add (o) (o )]0 (N (re) (o) (e Jond ()
Context Answer

Figure: The soft-masking architecture predict via iterative denoising of an
initially fully masked response [17]. Does it remind you latent reasoning?
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Conclusion & References

Summary: Insights! (are they correct?)

@ Adaptive (valid) computing strategy can always improve
efficiency and performance:

o Model Level: Compute more on important layers.
o Token Level: Compute less on confident predictions.
o Data Level: Compute less on easy inputs.

@ Conditional Generation > Uncon (in Reasoning)?

@ The Reasoning Scaling Law:

o Knowledge by Model: Parameters = Intelligence.

o Depth by Prediction: Think-about-Think.
o Width by Sampling: Let's ensemble! [18]

What scaling law is played by latent reasoning?

o Both vertical (iterative computation) and parallel
scaling (more latent directions)!

Thank you for your attention!
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