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Abstract

This thesis examines how large language models (LLMs) can be improved in their reasoning abil-
ities by comparing two paradigms: explicit reasoning through Chain-of-Thought (CoT) and latent
reasoning. CoT enables interpretability by making intermediate steps explicit, but it is computa-
tionally costly and limited to reasoning that can be verbalized. Latent reasoning, in contrast, oper-
ates entirely within hidden states, offering greater efficiency and flexibility but less transparency.
A particular focus is placed on the recurrent depth approach, which introduces recurrence into
transformer architectures. This method allows iterative refinement of internal representations and
shows promising results in domains such as mathematics and coding, achieving competitive per-
formance with fewer parameters. The findings suggest that CoT and latent reasoning should be
viewed as complementary rather than competing strategies, and that future research may benefit
from integrating the interpretability of explicit reasoning with the efficiency of latent computation.
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1 Introduction

This thesis explores a novel model architecture for large language models (LLMs)that incorporates
recurrence to enable latent reasoning, based on the framework introduced by Geiping et al. (2025).
It begins with a concise overview of large reasoning models (LRMs), and continues by introducing
verbose reasoning strategies and then the recurrent depth approach to latent reasoning.

The thesis is organized in the following way: Section 1 presents briefly the overall motivation
and background for reasoning in LLMs. Section 2 introduces the principles and mechanisms of
CoT prompting and CoT in general. Section 3 presents the concept of latent reasoning and sum-
marizes the methodology proposed by Geiping et al. (2025). Finally, Section 4 offers concluding
remarks and reflections.

1.1 Reasoning

Reasoning is the process by which one draws conclusions from information. At its core, it is
about moving from what we know (or think we know) to new knowledge, beliefs, or actions. In
cognitive science, reasoning is studied as a fundamental aspect of human thought. In AI, the focus
is on formalizing this process and replicating it in computational systems.

Early AI systems approached reasoning through symbolic methods, in which explicit rules
and logical inference engines were used to derive conclusions. While these methods offered trans-
parency and formal guarantees, they struggled to scale to complex real-world data. In contrast,
neural models like LLMs do not rely on explicit symbolic rules. Instead, they learn reasoning
patterns from vast amounts of data. Research suggests that certain forms of reasoning can emerge
as a byproduct of scaling model size and training data (Wei et al., 2022b). However, since further
scaling is becoming increasingly infeasible due to energy and resource costs, there is a need to
develop smaller, specialized models, which are tailored specifically for reasoning.

1.2 Explicit vs. Latent Reasoning

One broad scope of this thesis is to compare two paradigms of creating large reasoning models:
explicit and latent.

Explicit reasoning refers to the way that LLMs explain their intermediate steps in natural lan-
guage by generating reasoning text. This means that models are encouraged to produce tokens
explaining how they arrive at their final answer. A method of doing this is by letting the model
produce a chain of thought. It is worth noting that in this thesis, we see reasoning as explicit, even
if the generated reasoning tokens are hidden from the user.

Latent reasoning refers to the way LLMs do reasoning in a latent space, which is not directly
shown in the output. Latent reasoning in LLMs can be achieved through adjustments to the archi-
tecture, or by targeted fine-tuning or distillation. Zhu et al. (2025) divide latent reasoning into two
types: activation-based and hidden state-based methods.

Activation-based methods (vertical recurrent) follow the principle of iteratively refining repre-
sentations by creating a recurrent computational flow. A foundational approach to this is a loop-
based architecture, to which the recurrent depth approach (Geiping et al., 2025) can be assigned.

Hidden state-based methods (horizontal recurrent), on the other hand, operate along the tempo-
ral dimension. In contrast to activation-based methods, which expand the amount of computation
(the layer depth) for each time step, hidden-state methods try to compress previous information
into a single vector or matrix. This is done natively by the standard transformer via the KV-cache,
which stores all previous input token. However, it faces the bottleneck of growing linearly with
sequence length, leading to very high memory consumption for long sequences.
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1.3 Test-Time Compute

An important concept for this thesis is test-time compute. It refers to the amount of computation
a model performs when generating an answer to a specific input, as opposed to the computation
that is needed to train the model. In the context of reasoning, this concept is important because
allocating more compute can improve performance on complex, multi-step tasks without changing
the model’s parameters. In other words, increasing the amount of compute at inference time,
also called test-time scaling (TTS), leads the model to “think” for a longer time or reason more
thoroughly before producing an answer.

As stated earlier, TTS can be employed in an explicit, verbose way, or an implicit, latent
way. In the former, TTS is done by increasing the number of tokens processed and generated
during inference, either by encouraging models to explain their thought process or even just by
letting the model repeat a simple thinking token like ‘<T>’ several times (Herel and Mikolov,
2024). In the latter, TTS can be achieved by increasing the amount of calculations done internally,
without outputting tokens.

1.4 Motivation

LLMs have shown remarkable improvements in reasoning ability, yet how we might make that
reasoning more effective remains an open question. While explicit approaches like CoT provide
transparency, they are computationally expensive and limited to reasoning that can be verbalized.
At the same time, emerging methods like latent reasoning suggest that powerful internal compu-
tation can occur without ever producing intermediate text, potentially enabling more efficient and
flexible forms of reasoning.
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2 Chain-of-Thought

Chain-of-thought (CoT) refers to the general idea of large language models producing explicit
reasoning steps before arriving at a final answer. In practice, this means the model generates
additional tokens to allocate more computation at test time and to decompose complex problems
into intermediate steps.

Although the term was originally introduced in the context of chain-of-thought prompting, in
current usage, CoT is often used more broadly to describe this explicit reasoning process, regard-
less of how it is triggered.

2.1 Chain-of-Thought Prompting

In contrast to CoT, chain-of-thought prompting has a more specific meaning: it provides the model
with examples (shots) of reasoning steps in the prompt to encourage similar behavior. It was
originally proposed by Wei et al. (2023). Here, the authors propose a few-shot prompting method
consisting of triplets of the form ⟨input, chain of thought, output⟩. In each triple, the chain-of-
thought is a series of intermediate steps that lead to the desired output.

This combines the strengths of two ideas that have been previously studied in the context of
reasoning: 1. in-context few-shot learning via prompting, which showed poor improvements on
reasoning tasks (Brown et al., 2020; Rae et al., 2022) (this also holds for a zero-shot setup on
instrctuion tuned models (Wei et al., 2022a)) and 2. training models from scratch (Ling et al.,
2017) or finetuning pretrained models (Cobbe et al., 2021) to give them the ability to generate
natural language intermediate steps benefiting reaoning capabilities. For the latter, it is very costly
to create large, curated datasets because they need to contain complex rationales instead of simple
input-output pairs. Wei et al. (2023) propose to show the model only a few high-quality ratio-
nale examples at inference time, avoiding the need for a large fine-tuning dataset and potentially
enabling the model to use natural language rationales to arrive at an answer.

This method has several properties that are advantageous for reasoning. First, it allows models
to break down multi-step problems into smaller, intermediate steps. This means that the model can
devote more computational resources at test time. Second, CoT offers a more interpretable view
of how the model is “thinking”. By examining the reasoning steps, we can get a sense of how it
arrived at its answer and even identify where it might have gone wrong. Third, this technique is
applicable for a variety of tasks, such as solving math problems, applying commonsense reasoning,
and performing symbolic manipulations. Finally, CoT reasoning can often be triggered in large
pre-trained language models simply by including example reasoning sequences in the few-shot
prompts provided to the model.

2.2 Chain-of-Thought Reasoning Models

While CoT prompting can encourage language models to reason more effectively, it relies on the
assumption that the prompt includes high-quality CoT examples. In real-world settings, how-
ever, users typically provide only a short question or instruction, without any examples containing
reasoning steps. One way to address this is to fine-tune models so they learn to produce use-
ful reasoning steps even without being explicitly prompted with examples. This is often done
by instruction-tuning a model using reinforcement learning (RL) with human preferences. By
optimizing for reasoning quality directly, these CoT-trained models can achieve better results on
complex tasks in a more realistic, example-free setting. Three examples of such models are pre-
sented in the following paragraphs.

OpenAI o1 (OpenAI, 2024), for example, is such a CoT LRM. For this model, OpenAI chose
to hide the CoT, justifying their decision by stating that it improves user experience and gives the
model a competitive advantage. In addition, they want to monitor the model’s CoT and understand
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its thought process in an unaltered form, which is why they have not trained the CoT itself on user
preferences.

DeepSeek-R1 (DeepSeek-AI et al., 2025) would be another example. Here, the authors apply
RL directly to a base model, without relying on supervised fine-tuning (SFT) as a preliminary
step, to develop DeepSeek-R1-Zero. Trained purely via RL, the authors claim it allows the model
to explore CoT for solving complex problems. Building on this, they introduce a pipeline for
DeepSeek-R1 that includes two RL stages and two SFT stages. Outputs from R1-Zero are used to
generate preference data, which is then used to align R1 with human preferences.

Gemini-2.5 Thinking (Comanici et al., 2025) is trained using RL to increase inference-time
compute during a “thinking” stage in which the model can perform tens of thousands of forward
passes before responding to a query. The model determines the duration of this hidden CoT
process itself. The authors also introduced a “thinking budged”, which constrains the model to
a set number of thinking tokens and allows the user to trade off performance for cost.

2.3 Limitations

While LRMs fine-tuned on CoT data show promising results, this reasoning paradigm has notable
limitations. First, effective CoT reasoning requires a model to be trained on very long domain-
specific demonstrations. This requires the model to work on extremely long context windows,
which results in high memory and energy costs. Second, CoT has the constraint that the reasoning
must always be projected down to a single verbalized next token. This has the drawback that it can
only model human thinking, potentially overlooking aspects of human thought that are less easily
verbalized.
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3 Latent Reasoning: A Recurrent Depth Approach

Latent reasoning poses an alternative to the explicit step-by-step approach used in CoT. Rather
than verbalizing internal reasoning steps, models are trained to natively “think” directly within
their continuous latent space. This allows them to capture facets of human cognition that defy
verbalization, such as physical intuition, spatial thinking, or long-term planning.

In this section, we summarize the work of Geiping et al. (2025) as an example of how latent
reasoning can be implemented. Their approach includes modifying the transformer architecture by
introducing a recurrent unit, which iteratively updates the model’s internal state, and creates a high-
dimensional vector space enabling the deep exploration of multiple directions simultaneously,
leading to a system capable of exhibiting novel and complex reasoning behavior.

3.1 Related Work

The architecture designed by Geiping et al. (2025) falls into the category of an activation-based,
architectural latent reasoning model (Zhu et al., 2025). As later shown in Section 3.2 it follows a
Pre/Loop/Coda structure, which seperates input encoding, iterative reasoning, and output decod-
ing, and enables a modular and more interpretable computation flow. The following paragraphs
will introduce three related architectures.

Universal Transformer (UT) (Dehghani et al., 2019) builds on the standard encoder–decoder
transformer architecture but modifies it by introducing recurrence over depth. Instead of stacking a
fixed number of distinct layers as in the vanilla transformer, the UT applies the same self-attention
and transition block repeatedly across steps. In this way, each position in the input or output
sequence is iteratively refined, giving the model both the parallelism of Transformers and the
iterative processing bias of RNNs.

Relaxed Recursive Transformer (RRT) (Bae et al., 2025) extends the idea of parameter shar-
ing in transformers by introducing a recursive architecture with layer-wise low-rank adaptations
(LoRA). Instead of having each layer maintain its own full set of parameters, the RRT recursively
reuses a shared core set of transformer parameters across layers, while allowing lightweight, train-
able LoRA modules to adapt each layer’s behavior. Conceptually, the recursion lets the network
apply the same computation multiple times over the representations, similar in spirit to the UT,
but more ‘relaxed’ because each step can still adapt via LoRA, making the model both lightweight
and flexible.

AlgoFormer (Gao et al., 2025) introduces a structured transformer design based on three mod-
ules: TFpre, TFloop, and TFpost. An input sequence X is first processed by TFpre, then iteratively
refined by repeatedly applying the shared-weight TFloop block, and finally passed through TFpost

to produce the output. This Pre/Loop/Coda structure (which is also used by Geiping et al. (2025))
is flexible because of its modular design.

3.2 Model Architecture

The model is structured around decoder-only transformer blocks, which are structured into three
functional groups: the prelude P, the recurrent block R, and the Coda C. This setup is shown in
Figure 1. P is meant to embed the input data into the latent space. The core R block then iterates
over the hidden state and gives the final output to C, which un-embeds the hidden state from the
latent space and contains the prediction head of the model.
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Figure 1: A visualization of the Architecture. (Geiping et al., 2025)

The Transformer Decoder T is part of every functional block, each containing multiple layers
of T. It follows standard transformer design.

Each layer contains masked self-attention using Rotary Positional Embeddings (RoPE) (Su
et al., 2023). RoPE encodes token positions by rotating query and key vectors in the attention
mechanism rather than by adding learned or sinusoidal position vectors to token embeddings.
Each pair of dimensions in Q/K is interpreted as a 2D vector and multiplied by a rotation matrix
whose angle depends on the token’s absolute position.

For the normalization function, they used Root Mean Square Layer Normalization (RM-
SNorm) (Zhang and Sennrich, 2019). RMSNorm normalizes activations using only the root mean
square of the input ( 1√

mean(x2)+ϵ
) and a learned per-channel scaling vector, but unlike Layer-

Norm does not subtract the mean. Removing the mean subtraction slightly reduces computation
and can improve stability with large batch sizes or deep networks while preserving the benefits of
scale-invariance.

And for the fully connected layer they used a gated SiLU Multi Layer Perceptron (MLP)
(Shazeer, 2020). SiLU (also called swish) is a smooth, non-monotonic activation defined as
x · sigmoid(x). It yields better gradient flow and empirical performance than ReLU in many
transformer MLPs because of its smoother curvature and nonlinearity.

Putting this all together, this results in a transformer decoder block, which can be written as

x̂l =n2 (xl−1 + Attn(n1(xl−1))) (1)

xl =n4 (x̂l + MLP(n3(x̂l))) . (2)

where xl−1 and xl denote the input and output hidden states of layer l, n1. . . n4 are the afore-
mentioned layer normalization operators , Attn(·) is the masked multi-head self-attention, and
MLP(·) aforementioned SiLU MLP.

Both attention and MLP sublayers operate on normalized inputs (pre-norm), and their outputs
are added to the layer input via residual connections before a final normalization is applied.

The following sections will explain each functional block of the architecture in a bit more
detail. Each is accompanied by a self-created figure, visualizing the process of that block. Each
figure contains a T-block which represents the decoder block described here.
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Prelude

The Prelude P serves the purpose of encoding the inputs x into the latent
space. It first encodes x as γEx, with E being the embedding matrix and γ
being the embedding scale. Then the decoder block T is applied ℓP times.
This results in the latent input e.

Recurrent Block

The recurrent Block R serves the purpose of refining the latent state. To
create the new latent state si+1, it starts by concatenating the latent input
e with the last latent state si which are mapped back into the hidden di-
mension h using an adapter matrix A : R2h → Rh. The authors also tried
different methods combining e and si but found that concatenation works
best at scale. After the adapter matrix T is again applied ℓR times.

The initial state s0 is obtained by sampling randomly from a normal
distribution, i.e., s0 ∼ N (0, σ2In·h).

It is important to note, that in this architecture the latent input e from
P is injected at each recurrent step. This is the main point that sets
this architecture apart from the Algoformer (mentioned in Section 3.1).
The authors argue that by doing this and by randomly initializing s0 the
recurrence is stabilized and achieves path independence (it leads to the
same result independent of initialization). Also, with this the setup is less
prone to the vanishing gradient problem compared to traditional recurrent
networks. At backpropagation, P receives gradient signals at every recurrent step, since the latent
input is injected every time.

Coda

The Coda C gets the last latent state sR from the recurrent unit. Then it
first applies ℓC decoder layers T, after which it normalizes again. Then
it projects into the vocabulary by using tied embeddings ET . The out-
put probabilities for the next token can then be calculated by applying a
softmax to these logits.
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The size of a model can now be defined by (ℓP , ℓR, ℓC) and by the number of recurrences r,
which may vary at each forward pass, i.e., at each generated token.

3.3 Training

During training, the number of recurrences for each step is sampled from a log-normal Poisson
distribution Λ. This stochastic scheduling prevents the model from overfitting to a fixed recurrence
depth and encourages it to generalize across different amounts of computation at test time. The
training objective is optimizing the expectation of the loss function L:

L(θ) = Ex∈XEr∼ΛL
(
mθ(x, r),x

′) , (3)

where mθ(x, r) is the model output given input sequence x and recurrence depth r, and x′ repre-
sents that same sequence shifted one step to the left, i.e., the next token prediction target. In other
words, the model is trained to perform well regardless of how many recurrent steps it is allowed
to take, making it more flexible at inference time.

To keep the computational cost low during training, the authors employed truncated back-
propagation. Instead of backpropagating through the entire unrolled sequence of recurrent steps,
which would be very expensive, they only propagate gradients through the last 8 steps of the re-
current unit. This strikes a balance between efficiency and learning stability, allowing the model
to capture long-range dependencies without exploding memory requirements. With this method,
training was typically run with a randomly chosen recurrence depth r averaging around 33, mean-
ing that during inference the recurrent block effectively stacks up to dozens of transformer layers.

For their pretraining data Geiping et al. (2025) selected a dataset mixture that maximized
the potential for emergent reasoning behaviors. Consequently, their dataset was heavily skewed
towards code and mathematical reasoning data.

For their experiments, the authors first validated the approach with a smaller prototype model
(ℓP = 1, ℓR = 4, ℓC = 1) and h = 1024 , confirming that recurrence-based depth scaling
behaved as expected. They then scaled up to a larger configuration (ℓP = 2, ℓR = 4, ℓC = 2)
and h = 5280. This may look small compared to many big modern transformers, but when the
recurrent block is unrolled, e.g., 33 times, the model ends up with 2 + 4 · 33 + 2 = 136 layers.
This large model results in 3.5B parameters and is used to evaluate their method.

3.4 Results

For comparability, the authors compared their model against other open-source models trained on
fully public datasets of similar size. Namely, they compared against Amber (Liu et al., 2023),
Pythia (Biderman et al., 2023) and some OLMo 1&2 variants (Groeneveld et al., 2024).

On standard lm-eval-harness (Biderman et al., 2024) benchmarks, the recurrent-depth model
surpasses the older Pythia series and performs at a level broadly comparable to the first OLMo-7B
model, despite being much smaller in parameter count. However, it falls short of the stronger
results achieved by later OLMo models. The authors suggest that this could be the case because
they benefited from larger, more carefully curated training datasets. Given its smaller size, novel
architecture, and relatively modest training budget, these results are promising, suggesting that
latent recurrence can yield competitive general-purpose reasoning performance without scaling
parameter count alone.

In mathematical reasoning tasks such as GSM8k (Cobbe et al., 2021) and MATH (Hendrycks
et al., 2021), it outperforms all tested models except OLMo-2, showing particular gains in complex
reasoning setups.

In coding benchmarks like MBPP (Austin et al., 2021) and HumanEval (Chen et al., 2021),
it beats all other general-purpose open-source models but does not match the performance of
specialized code-focused models such as StarCoder2, which have been trained on far more targeted
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code data. These results highlight that while the recurrent-depth approach is not yet the best in
absolute terms, it offers strong math and coding capabilities relative to its size and training scale.

3.5 Discussion

When analyzing their model Geiping et al. (2025) found two interesting aspects, which are briefly
mentioned in the following.

3.5.1 Advanced LLM capabilities

Interestingly, the model demonstrates several advanced LLM capabilities, each achievable in a
zero-shot manner:

• Adaptive Compute at Test-Time - The model can decide, without special training, how
much recurrent computation to spend on each token. It uses a simple early exit rule: if
the Kullback–Leibler (KL) divergence between two successive recurrent steps drops below
a fixed threshold, the model stops iterating and outputs the token. This allows it to save
compute on easy predictions while allocating more iterations to harder reasoning cases.

• Continuous Chain-of-Thought - Instead of reinitializing the latent state s0 at each new
token, the model can warm-start it with the final latent state sR from the previous token.
This creates a continuous stream of latent reasoning across tokens, allowing the model to
carry internal computations forward and converge more quickly on later steps.

• KV-Cache Sharing - By keeping only the last 16 recurrent steps in the KV-cache and over-
writing older ones in a rolling fashion, the model reduces memory use without significantly
harming performance.

• Self-Speculative Decoding - Traditional speculative decoding uses a smaller draft model to
propose tokens quickly, which are then verified by a larger model. Here, the same recurrent
model can act as both: running fewer recurrent iterations to propose tokens rapidly, then
verifying them with more iterations.

3.5.2 Trajectories in the Latent Space

The authors analyzed the trajectories in the latent space, meaning the evolution of a model’s
hidden state s as it iterates through its high-dimensional latent representations. To make these dy-
namics interpretable, they projected the trajectories into a lower-dimensional space using Princi-
pal Component Analysis (PCA). This visualization revealed several distinct dynamical patterns:

Fixed Points where the trajectory converges to a single point and stabilizes. Within the con-
text of reasoning, fixed points may reflect situations where the model has reached a confident,
internally consistent solution that no longer changes with further computation.

Orbits which are cyclical trajectories where the state revisits similar regions repeatedly. These
may represent iterative refinement loops, in which the model revisits and re-evaluates intermediate
hypotheses before stabilizing. Such behavior could be analogous to (human) cognitive processes,
where various possible interpretations could be cycled through possible interpretations until a
resolution emerges.

Directional drifts which are trajectories that steadily move across the latent space without set-
tling into a cycle or a fixed point. These can be interpreted as progressive reasoning chains, where
each iteration builds upon the previous state. This suggests that the model could use this to imple-
ment a mechanism to count.
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The presence of these geometric structures indicates that latent reasoning might not just be
an opaque black box, but rather exhibits identifiable dynamical behaviors. This suggests that
latent reasoning in this case could be described as a structured process, opening pathways for both
analysis and control of reasoning dynamics.

3.6 Other Directions in Latent Reasoning

In this section the survey paper by Zhu et al. (2025) is referenced. As mentioned in Section 1.2,
they divide latent reasoning into activation-based and hidden state–based methods. The recurrent-
depth approach belongs to the former and falls under the subcategory of loop-based recurrence
methods. Below, some alternative categories are presented.

3.6.1 Activation with Explicit Hidden-State Feedback

Unlike loop-based recurrence, which repeatedly refines token embeddings within the same layers,
this family of models explicitly feeds hidden states back into the input sequence. Here, internal
activations are reintroduced as new tokens, allowing the model to attend to its own intermediate
computations.

Two examples are Coconut (Hao et al., 2024), which inserts a continuous thought vector
from the previous decoding step as an extra input position, and CoTFormer (Mohtashami et al.,
2024), which interleaves preliminary embeddings back into the sequence before rerunning the
shared block stack. Both approaches share these key properties, that distinguish them from pure
activation-based methods: they recycle the same parameters rather than expanding the architec-
ture, and they treat hidden states as sequence elements bridging recurrence and memory.

3.6.2 Linear-State Recurrence

Linear-state recurrence represents one of the main directions in hidden state–based reasoning
methods. These models maintain a compact matrix-valued hidden state St, which is updated
step by step along the temporal dimension. At each time step, the state is globally decayed and
then updated with new information from the current token. A prominent example of this approach
is Mamba-2 (Dao and Gu, 2024). The hidden state is updated through recurrence:

St = St−1 + ktv
⊤
t , (4)

with (·) being the and the associative operator (e.g., Hadamard product, matrix multiplication)
and defining how updates are combined. The symbols vt, kt, qt are functions of the current input
xt. The predicted output token at time t can be obtained using

ot = Stqt. (5)

Although current linear-state models have not yet demonstrated clear gains in reasoning ability,
their theoretical properties make them a promising direction. By efficiently compressing temporal
information into a recurrent state and updating it, these approaches hint at a unifying principle:
latent reasoning may emerge not only by stacking depth but also by treating hidden states as
continuously optimized representations.

3.6.3 Gradient-State Recurrence

While linear-state recurrence relies on fixed update–decay rules, gradient-state methods reinterpret
the hidden state as a set of fast weights that are explicitly optimized at each step. In this view,
every token update is treated as a lightweight gradient descent step on a local objective, steering
the hidden state toward the current key–value target. This means the choice of optimizer (SGD,
Adam-like updates, etc.) directly affects how the memory behaves over time.
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Several models have been built around this idea, but they converge conceptually under a gen-
eral update rule: the hidden state is updated step by step using gradients, rather than fixed formulas:

St = αtSt−1 − ηt∇Sℓ(St−1;kt,vt) (6)

The downside is that this process is hard to parallelize. Unlike linear-state models that support
efficient scan-based parallelization, the gradient ∇ℓ requires the previous state St−1 for its update,
limiting hardware efficiency. To mitigate this, researchers use chunk-wise parallelization. Inside
each chunk, updates can be done in parallel, but between chunks the model still passes the final
state forward.

By treating the hidden state as an online-optimized memory, these models provide a framework
for self-iteration and adaptation, potentially enabling reasoning dynamics even in the absence of
explicit input tokens.

11



4 Conclusion

This thesis explored how LLMs can be pushed toward more effective reasoning. Two different
paradigms have been at the center of this discussion: explicit reasoning, namely Chain-of-Thought
(CoT), where a model makes its reasoning by spelling out intermediate steps, and latent reason-
ing, where the reasoning happens entirely inside the model’s hidden states without ever being
verbalized.

CoT has shown that giving models space to ‘think out loud’ often leads to better results on
complex tasks. It offers interpretability and transparency, but at the cost of efficiency: it requires
generating long strings of reasoning tokens, which is slow and resource-heavy. Furthermore, it
can only capture thought processes that are easily expressed in language. Latent reasoning, on the
other hand, aims to achieve the same or even better outcomes without producing explicit reasoning
text. Instead, it leverages the model’s internal dynamics, opening up the possibility of faster, more
flexible, and less constrained forms of reasoning.

This thesis focused mainly on one concrete method for enabling latent reasoning: the recurrent-
depth approach. This architecture introduces recurrence into the transformer itself, allowing the
model to refine its internal representations step by step before producing an output.

The key takeaway is that latent reasoning is both a promising hypothesis and an open chal-
lenge. On one hand, it offers an appealing way to create a novel, efficient RM. On the other hand,
results are still not on par with CoT-trained LRM and latent reasoning also lacks the interpretability
provided by CoT.

4.1 Future Directions

In my opinion, both ways of doing reasoning in LLMs are promising, but as we have seen, each
one has its advantages and disadvantages. However, I believe these two approaches should not
be seen necessarily as rivals but could complement each other in the future. New systems may
combine the clarity of explicit reasoning with the efficiency and depth of latent computation to
achieve more adaptive and capable AI.

Latent reasoning offers several promising directions for improving reasoning capabilities, such
as loop-based, linear-state, and gradient-state recurrence methods. While all of these directions
are worth exploring, the loop-based technique is in my opinion the most interesting. I believe the
best way to create specialized RMs is by altering the architecture; in particular, refining a state at
each time step, i.e., increasing depth, has the greatest potential.
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