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ABSTRACT

Latent reasoning via continuous chain-of-thoughts (Latent CoT) has emerged as a
promising alternative to discrete CoT reasoning. Operating in continuous space in-
creases expressivity and has been hypothesized to enable superposition: the ability
to maintain multiple candidate solutions simultaneously within a single represen-
tation. Despite theoretical arguments, it remains unclear whether language models
actually leverage superposition when given continuous reasoning tokens. We in-
vestigate this question across two prominent latent CoT methods: Soft Thinking, a
training-free approach that constructs reasoning embeddings as convex combina-
tions of token embeddings, and Coconut, which fine-tunes models to reason with
continuous latent thoughts. Using Logit Lens and entity-level probing to analyze
internal representations, we find consistent evidence against superposition in both
settings. For Soft Thinking, off-the-shelf models collapse superposed inputs to
a single interpretation within the first few layers. For Coconut, the model learns
to extract answers directly from the question embedding, achieving 96.6% accu-
racy without any latent tokens. Together, our results suggest that current latent
CoT methods do not leverage superposition for reasoning both in training free and
fine-tuned approaches.

1 INTRODUCTION

Chain-of-thought (CoT) reasoning has become the standard approach for tackling complex problems
with large language models (LLMs), enabling them to break down problems by reasoning “step-
by-step” (Wei et al., [2022). Various works have tried to further improve LLM reasoning through
methods like self-consistency (Wang et al., 2022), tree-of-thoughts (Yao et al., 2023)), and stream-
of-search (Gandhi et al.l 2024), and post-training LLMs on CoT data is now a crucial part of the
LLM training pipeline (OpenAl, 2025} |Guo et al.| 2025). Exploring an alternative approach to
reasoning, recent work proposed to have LLMs reason directly in latent space (Hao et al.,|2024; Butt
et al.,2025), which has been shown theoretically to be more expressive than discrete CoT |Zhu et al.
(2025). A compelling hypothesis for latent CoT’s advantage is superposition: models could maintain
multiple candidate solutions simultaneously, exploring several reasoning paths before committing
to an answer (Zhu et al., 2025). This would represent a fundamental advantage over discrete CoT,
which must commit to a single token at each step. However, there is little empirical evidence that
LLMs leverage this capability, motivating the following research question:

Does superposition actually occur in latent CoT models?

We investigate this question across two complementary settings. First, we analyze Soft Think-
ing (Zhang et al.| 2023)), a training-free latent CoT method that creates superposition by computing
linear combinations of input embeddings. Using Logit Lens (nostalgebraist,|2020) to probe internal
representations, we find that off-the-shelf LLMs collapse superposed inputs to a single interpreta-
tion within the first few layers: entropy profiles are nearly identical to discrete CoT, KL divergences
approach zero, and cosine similarities exceed 0.99. Second, we examine Coconut (Hao et al.||2024),
a method that fine-tunes models to reason with continuous latent thoughts. Through entity-level
probing, we show that the Coconut model learns to extract answers directly from the question rep-
resentations, achieving 96.6% accuracy without any latent tokens and our belief evolution analysis
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reveals no evidence of step-by-step reasoning during latent computation. Together, these results
provide strong evidence that current latent CoT methods, whether training-free or fine-tuned, do not
leverage superposition for reasoning.

2 RELATED WORK

Latent Reasoning. Many works investigate the use of continuous tokens and latent representations
in LLMs. |Hao et al.|(2024) show that finetuning LL.Ms to output a reasoning trace of continuous to-
kens provided considerable gains on logical reasoning tasks that require search during planning. |[Zhu
et al.| (2025)) popularized the notion of “superposition” by showing theoretically that superposition in
the latent state allows Transformer models to solve graph reachability tasks more efficiently. Follow-
up work by |Butt et al.| (2025) proposes a novel method to train continuous CoTs via reinforcement
learning which achieves comparable performance to discrete CoT on known math reasoning bench-
marks. We base our analysis on the “Soft Thinking” approach by|Zhang et al.|(2025); a training-free
method to generate latent CoTs based on convex combinations of embedding vectors. They report
that their method offers a slight improvement on math benchmarks compared to discrete CoT base-
lines. Also close to our work, Deng et al.| (2025)) claim to have devised a training scheme which
enables superposition in LLMs.

Alternative continuous thinking schemes have also been explored. Many works investigate the use
of “filler” or “thinking” tokens; blank tokens which can be used to store intermediary computations
(Pfau et al., 2024;|Goyal et al., 2023 [Herel & Mikolov,2024). Moreover, there is a growing interest
in “looped layers”, a method which trains Transformers with recurrent attention layers |Yang et al.
(2023)); McLeish et al.| (2025). These methods also show promise in increasing reasoning abilities
through additional latent computation.

Interpretability of Reasoning Models. Understanding the internal representations of NLP mod-
els has been a central research topic, even prior to LLMs (Adi et al., [2016; [Linzen et al.| 2016
Gulordava et al., 2018}; Belinkovl, 2022} inter alia). Recently, several works investigated how CoT
reasoning changes internal model computations |Yang et al.| (2024); Dutta et al.[ (2024); |Cywinski
et al.|(2025)). However, to the best of our knowledge, no other works have attempted to understand
the inner workings of latent CoT models from an interpretability perspective.

3 METHOD

Let M be a transformer language model with L layers and vocabulary V. We denote the embedding
matrix by F € RIVI*4 which maps discrete tokens to d-dimensional vectors, and the unembedding
matrix by U € RIVI*? which projects hidden states back to the vocabulary space. For a token
k €V, we write ¢, = E[k] for its embedding. Given an input sequence x = (1, ..., ,), at each

position ¢, M computes a hidden representation /1,1@) € R% ateach layer £ € {1,..., L}.

CoT Generation. We consider a setting where, given an input query, a model generates a CoT
followed by a final answer. A full sequence consists of input tokens x = (x1, . .., x,), reasoning to-
kenst = (r1,...,rr), and answer tokens y = (y1,. .., ym). Generation proceeds autoregressively:
at each step t, the model computes p(r; | x,71,...,7:—1) and selects a token according to some de-
coding strategy (we focus on greedy decoding). In discrete CoT, each r; € V is a vocabulary token
with embedding ¢,, fed as input to the next step. The key difference with latent CoT is which point
in embedding space is used: discrete CoT is constrained to the vocabulary manifold {¢y : k € V},
while latent CoT can use any point in embedding space.

Soft Thinking. Soft Thinking (Zhang et al., |2025) constructs reasoning embeddings as convex
combinations of token embeddings. At each step ¢, instead of selecting a discrete token, the method
computes a distribution p, € AlIYI=1 over the vocabulary and forms the embedding

e = Zpt,k €k, (D
kev
which lies in the convex hull of vocabulary embeddings. According to [Zhang et al.| (2025)), this
method “naturally preserves a ‘superposition’ which retains the entire information in each step”.
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Figure 1: Superposition collapses early in the forward pass of QwQ-32B. (a) Shannon entropy
shows identical patterns for Soft Thinking (orange) and discrete CoT (blue), both converging to
near-zero entropy at the same rate. (b) KL divergence drops to ~ 10~ in middle layers, showing
soft thinking tokens become functionally identical to discrete tokens within the first few layers. The
uncertainty in soft thinking token embeddings does not propagate through the network.

Coconut. Coconut (Hao et al.l 2024) takes a different approach: instead of constructing soft em-
beddings from vocabulary distributions, it feeds the model’s own last hidden representation back as
the next input embedding, enabling recurrent “reasoning in continuous latent space.” The model is
trained via a staged curriculum that progressively replaces discrete CoT tokens with these continu-
ous latent thoughts. On ProsQA, a synthetic graph-traversal QA task, the authors report that latent
tokens encode a breadth-first search (BFS) over the graph, citing logit-lens probing that reveals in-
termediate entities at latent positions. In Section Section[5] we revisit these claims and conduct an
interpretability analysis on trained Coconut models.

Logit Lens. To understand how soft thinking tokens are processed, we employ Logit Lens (nos-
talgebraist, 2020)), a technique for interpreting intermediate LLM computations. Normally, only the
2 ® (). Logi
Lens applies this projection to intermediate representations, yielding pZ(-Z) = softmax (U ]de)) at any
layer /, revealing how predictions evolve across layers.

final layer representation /1, is projected to vocabulary space via p; "’ = softmax(U h

4 DO OFF-THE-SHELF MODELS REASON IN SUPERPOSITION?

If LLMs indeed leverage superposition, their internal representations when processing soft thinking
tokens should differ meaningfully from discrete tokens, maintaining uncertainty and showing higher
entropy at intermediate layers.

We test this hypothesis with two experiments: (1) a side-by-side comparison examining entropy pro-
files across layers when using latent CoT vs. discrete CoT, and (2) an embedding-level intervention
measuring how changing a single token from soft thinking to discrete affects representations.

We use QwQ-32B (reasoning model) and Qwen2-1.5B (base; results in Appendix E]) (Bai et al.|
2023) and perform our analysis on 5 representative math problems of varying difficulty: 1
from GSMS8K (Cobbe et al) 2021), 2 from MATHS00 (Lightman et al. 2023), and 2 from
AIME2024 (AMC, 2025 applying Logit Lens at 5 strategic layers (see Appendix for the
problem statements).

Benchmark results on the full datasets are reported in Appendix
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4.1 COMPARING ENTROPY PROFILES IN LATENT VS. DISCRETE COT

We prompt both models with each problem, have them generate their respective CoTs, and at every
50 decoding steps apply Logit Lens to compute the Shannon entropy of the distribution over V' at
selected layers. If Soft Thinking reasons in superposition, we expect substantially higher entropy in
its logit distributions compared to the discrete baseline.

Figure [Ia] shows entropy averaged over all CoT steps and problems. The entropy across layers is
nearly identical for both approaches, with the same pattern: high entropy in early-to-middle layers
collapsing to near-zero at the final layer. This is inconsistent with superposition. If the model truly
maintained multiple solutions in parallel, Soft Thinking should exhibit higher entropy throughout;
the indistinguishable profiles instead suggest that soft thinking tokens are processed like discrete
CoT tokens, collapsing to a single interpretation early in the forward pass.

4.2 INTERVENING WITH DISCRETE TOKENS DURING SOFT THINKING

We perform an intervention experiment to test more directly whether internal representations differ
when processing soft vs. discrete tokens. Atevery 50 steps of a Soft Thinking generation, we run two
independent forward passes: one using the usual soft thinking token ¢;, and one replacing it with
the discrete argmax embedding ¢argmax p,- For both, we apply Logit Lens at selected layers and
compute KL divergence and cosine similarity between the resulting hidden representations. Only
the intervened token changes; previous tokens in the KV cache remain soft thinking tokens.

Figure [Ib] shows KL divergence averaged over all thinking steps and problems. The divergence is
strikingly small, dropping to approximately 10~ in middle layers. Slightly larger divergence at the
first layer reflects the initial embedding difference, while the small increase at the final layer corre-
sponds to minor output logit differences. The near-zero divergence in middle layers indicates that
soft thinking tokens and their discrete counterparts become functionally equivalent by the core com-
putational layers; superposition encoded in the input is eliminated within the first few layers. Cosine
similarity corroborates this: the average across all layers, steps, and problems is 0.9980 % 0.0133.
Moreover, Figure [2] shows that top predicted tokens are virtually identical for both approaches.

This finding is robust to the entropy of the soft distribution. Filtering to thinking steps where the soft
distribution entropy exceeds the 75th percentile yields KL ~ 0.022 for QwQ-32B (still negligibly
small in absolute terms) and KL ~ 5 x 10~* for Qwen2-1.5B. Even on the most ambiguous steps,
the model collapses superposition just as rapidly.

Together, these results demonstrate that soft thinking tokens are not leveraged meaningfully. Su-
perposition collapses almost immediately, and computation proceeds as if a discrete token were
provided, constituting strong evidence against superposition in off-the-shelf LLM:s.

5 Do FINE-TUNED MODELS REASON IN SUPERPOSITION?

The previous section showed that off-the-shelf LLMs do not leverage superposition when given su-
perposed inputs. A natural follow-up question is whether models trained for latent reasoning behave
differently. We investigate this using Coconut (Hao et al., [2024) (see Section [3|for background).

5.1 EXPERIMENTAL SETUP

We evaluate GPT-2 (124M) on ProsQA Hao et al.| (2024), a synthetic graph-traversal QA task re-
quiring multi-hop logical inference over defined relationships (e.g., "Every dax is a wug. Every wug
is a blicket. Rex is a dax. Is Rex a blicket or a gorple? Blicket.”). The CoT baseline is trained with
standard chain-of-thought supervised fine-tuning. The Coconut model is trained with the staged cur-
riculum of Hao et al.|(2024), which progressively replaces CoT steps with continuous latent tokens.
We probe by projecting hidden states at each reasoning position through the LM head. In order to
avoid confounds stemming from contextualization, we probe latent tokens at their respective think-
ing steps, rather than at the end.

"We observe very consistent trends across examples and benchmarks, and hence, chose to focus on a small
representative set of problems for our analysis.
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Figure 2: Top 3 tokens at the output layer for time steps with largest (top) and smallest (bottom) KL
divergence. Each column represents a problem instance.

5.2 PROBING REVEALS NO STEP-BY-STEP REASONING

We first examine belief about the target entity immediately after processing the question, before any
reasoning tokens are produced. Here, contrary to the original paper’s analysis, we take the normal-
ized distribution over all legal entities. The original paper only looks at valid next neighbor entities.
In order to better understand how belief evolves through the CoT, we track how the normalized en-
tity distribution evolves across reasoning steps. At each step, graph entities are categorized into four
groups: correct next (the right answer for the given step), wrong neighbors, target, and other.

As can be seen in Figure 3] the target entity dominates the entity distribution throughout the entire
reasoning process. For CoT, the correct-next entity dominates early steps and the target takes over
only at the final step, the expected signature of step-by-step multi-hop reasoning. Note that for CoT,
the probing is done with teacher forcing whereas for Coconut, the latents are probed directly. This
behavior suggests that the model learned a shortcut solution: it first obtains the correct answer in a
single forward pass, then copies it over through the latent tokens.
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Figure 3: Step-aware entity belief (normalized among all entities). Coconut (left column): target
entity dominates from step 0 onward with no progression. CoT (right column): correct-next entity
dominates early steps, target takes over at the final step, the expected pattern for genuine multi-hop
reasoning. Pattern holds across 4-step (top) and 5-step (bottom) examples.
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5.3 LATENT TOKENS ARE UNNECESSARY TO PERFORMANCE

Finally, we evaluate the trained Coconut model by feeding only the question (no latent tokens, no
multi-pass recurrence) and greedily decoding the answer. As can be seen in Table |1} the model
achieves 96.6 % accuracy under this regime; this suggests that the latent thinking only accounts for
a 3% contribution in the performance of the Coconut model. We hypothesize that this increase in
performance is due to an echo chamber phenomenon. For cases where P(target) is lower at step 0,
it is possible the “latent thinking” procedure increases the probability.

Table 1: ProsQA accuracy under different reasoning conditions.

Condition Accuracy

CoT (discrete, 5-hop) 85.3%
Coconut (6 latent tokens) 99.0%
Coconut (no latent tokens) 96.6%

6 DISCUSSION AND CONCLUSION

In conclusion, our experiments provide consistent evidence against reasoning in superposition across
two complementary settings. For Soft Thinking, off-the-shelf LLMs process superposed inputs
nearly identically to discrete tokens: entropy profiles match, KL divergences approach zero, and co-
sine similarities exceed 0.99. For Coconut, a fine-tuned model achieves 96.6% accuracy without any
latent tokens, and entity-level probing reveals no step-by-step reasoning during latent computation.

Why does superposition collapse in pretrained models? As we argue above, this is not merely
an inductive bias but a consequence of the pretraining objective: autoregressive training optimizes
for discrete next-token prediction, creating representations that separate token identities. When
presented with a superposed input, the model projects it onto the nearest discrete interpretation,
precisely what the training objective rewards. Moreover, the Soft Thinking distribution p; is itself
very peaky across steps (see Figure [2]and the entropy heatmaps in Appendix [A), meaning the input
is already near-discrete and there is little superposition to exploit in the first place.

Is token-level superposition desirable? Beyond finding that models do not reason in superposi-
tion, we question whether token-level superposition is a desirable property in the first place. Many
soft thinking tokens combine semantically unrelated items (see Figure [2): formatting characters,
punctuation, or tokens with similar logits but unrelated meanings. A superposition of “(”’ and “{”
represents syntactic uncertainty, not exploration of alternative reasoning paths. Meaningful paral-
lel exploration likely requires superposition at a higher level of abstraction (over entire reasoning
strategies, not individual tokens), which we consider an interesting avenue for future work.

Latent reasoning as flexibility. Despite our negative findings for current methods, latent reason-
ing remains a promising direction. The advantage of continuous embeddings may not be superposi-
tion but flexibility: the ability to express intermediate computations that do not correspond to natural
language tokens, avoiding the discretization bottleneck. Future work should investigate whether
latent reasoning provides benefits through other mechanisms, such as smoother optimization land-
scapes or more expressive intermediate representations.

Future work. It would be valuable to run similar experiments on other latent reasoning ap-
proaches, such as the RL-trained continuous CoTs of Butt et al. (2025). Moreover, our Coconut
analysis is limited to ProsQA; testing on more complex tasks would clarify whether question-to-
answer shortcuts are specific to this synthetic setting or a more general phenomenon.
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A SOFT THINKING: EXPERIMENTAL DETAILS

A.1 MODELS

We use two models from the Qwen family (Bai et al., [2023):

* QwQ-32B: A 32.5B-parameter reasoning model based on the Qwen2.5 architecture with
64 transformer layers and a hidden dimension of 5120. We use this as our primary model
since it was trained for chain-of-thought reasoning.

* Qwen2-1.5B: A 1.5B-parameter base language model with 28 transformer layers and a hid-
den dimension of 1536. We use this smaller model to test whether our findings generalize
across model scales.

Both models use the same tokenizer with a vocabulary of 151,643 tokens. All experiments use the
models in bf1oat 16 precision.
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Table 2: Soft Thinking decoding hyperparameters.

Parameter Symbol  Value
Temperature T 0.6
Top-k (sampling) k 30
Soft top-k (embedding mix) ksoft 15
Weighting scheme Softmax
Max new tokens Trnax 2048

A.2 SOFT THINKING CONFIGURATION

We use the following decoding hyperparameters for all Logit Lens experiments, consistent across
both models:

At each reasoning step ¢, the model computes logits over the vocabulary and selects the top-ksost

tokens. Their logits are normalized via softmax to obtain the mixing weights p; € AFset=1 and
the soft thinking embedding is formed as ¢; = Zf:’l“ Dt,i €v; Where vy, ..., g, are the top-ksof

tokens by logit value.

soft

For the benchmark evaluation runs (Tables [4] and [5)), we additionally vary the cold stop threshold
¢ € {0.0,0.01,0.1,0.2}, which terminates soft thinking when the top token probability exceeds
1—c

A.3 LoGIT LENS SETUP

We apply Logit Lens at 5 evenly spaced probe layers: {0, |L/4], |L/2],|3L/4]|,L — 1}, where L
is the number of transformer layers. This corresponds to layers {0, 7, 14,21, 27} for Qwen2-1.5B
and {0, 16, 32,48, 63} for QwQ-32B.

Entropy profile comparison (Section [4.1). For each problem, we run two independent genera-
tions: one using Soft Thinking and one using standard discrete decoding (greedy argmax). Every
50 decoding steps, we apply Logit Lens at each probe layer and record the Shannon entropy of
the resulting distribution over V. We also store the top-10 predicted tokens at each checkpoint for
qualitative comparison.

Token-level intervention (Section[d.2). During Soft Thinking generation, we intervene every 50
steps by performing two fresh forward passes over the full sequence: one using the soft thinking
embedding and one replacing it with the argmax embedding. Crucially, only the current token’s
embedding differs; the KV cache from previous (soft) tokens is shared. At each probe layer, we
compute:

* KL divergence: DKL(pg?ft I p.((ﬁ)gmax) between the Logit Lens distributions.

* Cosine similarity: cos(/ g?&v h g‘%max) between hidden representations.

* Entropy difference: H (péﬁ)ft) -H (]);(ﬁzgmax)'

* Top-k token overlap: |SS(£%t N Sk max] /& for k = 10.

A.4 EVALUATION PROBLEMS

We select 5 problems of varying difficulty from three standard math reasoning benchmarks. The
same problems are used across all experiments and both models to enable direct comparison.
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GSMS8K, Problem 42 (Easy)

Grandma Jones baked 5 apple pies for the fireman’s luncheon. She cut each pie into 8 pieces and set
the five pies out on the buffet table for the guests to serve themselves. At the end of the evening, after
the guests had taken and eaten their pieces of pie, there were 14 pieces of pie remaining. How many
pieces were taken by the guests?

Answer: 26

MATHS00, Problem 10 (Medium)

What is the least positive integer multiple of 30 that can be written with only the digits 0 and 2?
Answer: 2220

MATHS500, Problem 55 (Medium)

Suppose that f is a polynomial such that (z — 1) - f(z) = 3z* 4+ 2 — 2522 4+ 38z — 17. What is the
degree of f?

Answer: 3

Let z, y and z be positive real numbers that satisfy the following system of equations:

45 1 Y 1 z 1
1 — ) == 1 (—) = -, 1 — | = .
€2 (yz) 2 %82\ 22 3 082 <wy> 4

Then the value of ’logQ(x4y3z2)‘ is 7+ where m and n are relatively prime positive integers. Find

m + n.

Answer: 33

Alice chooses a set A of positive integers. Then Bob lists all finite nonempty sets B of positive integers
with the property that the maximum element of B belongs to A. Bob’s list has 2024 sets. Find the sum
of the elements of A.

Answer: 55

A.5 COMPUTE

All experiments were run on a SLURM cluster using NVIDIA L40S GPUs (48 GB each). Table El
summarizes the resource allocation for each experiment.

Table 3: Compute resources per experiment.

Experiment Model GPUs RAM  Wall Time

Comparative (Logit Lens) Qwen2-1.5B 1x L40S 32GB <1h
Comparative (Logit Lens) QwQ-32B 4x L40S 128 GB < 2h
Convergence Qwen2-1.5B  1x L40S 32GB <1h
Convergence QwQ-32B 4x L40S 128 GB < 3h
Benchmark (MATHS500) QwQ-32B 4x L40S 128 GB varies
Benchmark (AIME2024) QwQ-32B 4x L40S 128 GB varies
Coconut (ProsQA) GPT-2 4x L40S 128GB ~3h
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For QwQ-32B, we distribute the model across 4 GPUs using HuggingFace Accelerate’s
device map="balanced" strategy with a per-GPU memory cap of 75% to avoid out-of-
memory errors from uneven shard allocation.

B SOFT THINKING: ADDITIONAL RESULTS
B.1 AGGREGATE LOGIT LENS RESULTS (QWEN2-1.5B)

Logit Lens Entropy: Soft Thinking vs Baseline KL Divergence: Soft vs Argmax by Layer
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Figure 4: Logit Lens analysis for Qwen2-1.5B. (a) Shannon entropy shows identical patterns for
Soft Thinking (orange) and discrete CoT (blue), both converging to near-zero entropy at the same
rate. (b) KL divergence between soft and argmax token representations drops to ~ 10~# in middle
layers. Results mirror those of QwQ-32B (Figure|[T), indicating superposition collapse is consistent
across model scales.
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Figure 5: Top 3 predicted tokens at the output layer for time steps with largest (top) and smallest
(bottom) KL divergence between soft and argmax representations in Qwen2-1.5B. Each column
represents a problem instance.

B.2 PER-PROBLEM VISUALIZATIONS
B.2.1 TOKEN INTERVENTION

At every 50 decoding steps during Soft Thinking generation, we replace the current soft token em-
bedding with the discrete argmax embedding and compare hidden-state representations through lay-
ers. Figures [] and [7] show per-problem KL divergence heatmaps, Figures [§] and [9] show cosine
similarity, and Figures[T0|and [TT]show absolute entropy difference.
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KL Divergence by Layer and Token Position (1.5B)
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Figure 6: KL divergence Dk, (pi?ft I pégmax) by layer and token position for each problem (Qwen2-
1.5B). Middle layers consistently show near-zero KL, confirming rapid superposition collapse.

KL Divergence by Layer and Token Position (32B)
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Figure 7: KL divergence by layer and token position for each problem (QwQ-32B). Same pattern
as the 1.5B model: near-zero divergence in middle layers.
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Figure 8: Cosine similarity between soft and argmax hidden states by layer and token position
(Qwen2-1.5B). Values are near 1.0 across all layers and problems.
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Figure 9: Cosine similarity between soft and argmax hidden states (QwQ-32B).
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Absolute Entropy Difference (1.5B)
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Figure 10: Absolute entropy difference |H (pg?ft) - H (p;‘;)gmaxn by layer and token position

(Qwen2-1.5B).
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Figure 11: Absolute entropy difference by layer and token position (QwQ-32B).

B.2.2 ENTROPY PROFILES

We compare full reasoning traces generated independently with Soft Thinking and discrete decod-
ing. Figures [12] and [I3] show entropy at each probe layer over the course of generation. In both
models, entropy profiles are virtually indistinguishable between the two modes.

Entropy Profiles: Soft Thinking vs Discrete (1.5B)
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Figure 12: Per-problem entropy heatmaps for Qwen2-1.5B. Top row: Soft Thinking; bottom row:
discrete decoding. Shared colorbar. Entropy patterns are nearly identical across both modes.

B.3 BENCHMARK RESULTS
C CoCONUT: EXPERIMENTAL DETAILS

C.1 PROSQA TASK

ProsQA (Hao et al., 2024) is a synthetic graph-traversal QA task designed to evaluate multi-hop
reasoning. Each example consists of a randomly generated directed graph over named entities, a

starting node, and a target node reachable via a sequence of directed edges. The question provides
the graph structure (as a list of edges) and asks for the entity reachable from a given starting node

13
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Entropy Profiles: Soft Thinking vs Discrete (32B)
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Figure 13: Per-problem entropy heatmaps for QwQ-32B. Top row: Soft Thinking; bottom row:
discrete decoding.

Table 4: MATHS00 results with QwQ-32B (N=500). Discrete decoding uses standard
greedy/sampling; Softmax and Uniform refer to the weighting scheme used to construct soft think-
ing embeddings.

Run Decoding max_topk Cold Stop Accuracy (%) Avg Tokens

1 Discrete - 0.0 (none) 97.08 4,326
2 Discrete - 0.1 97.08 4,326
3 Discrete - 0.2 97.19 4,307
4 Softmax 10 0.0 (none) 96.47 4,222
5 Softmax 10 0.1 96.84 4,056
6 Softmax 15 0.01 96.84 4,044
7 Softmax 15 0.1 96.80 4,003
8 Uniform 3 0.1 93.97 5,388

Table 5: AIME2024 results with QwQ-32B (N=30).

Run Decoding max_topk Cold Stop Accuracy (%) Avg Tokens

1 Discrete - 0.0 (none) 77.29 13,445
2 Discrete — 0.1 77.29 13,445
3 Discrete — 0.2 77.29 13,445
4 Softmax 15 0.01 75.83 12,445
5 Softmax 15 0.1 76.25 11,818
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after a specified number of hops. The ground-truth chain-of-thought consists of the sequence of
intermediate entities visited during the traversal.

We use the ProsQA dataset provided with the original Coconut codebase, which contains 17,886
training examples and 300 validation examples. Graph depths range from 3 to 6 hops, with the
distribution concentrated at 4 and 5 hops.

C.2 TRAINING SETUP

We train GPT-2 (124M parameters, 12 layers, hidden dimension 768) on ProsQA using the Coconut
training procedure of [Hao et al.| (2024). Table [6| summarizes the key hyperparameters.

Table 6: Coconut training hyperparameters on ProsQA.

Parameter CoT baseline Coconut
Base model GPT-2 (124M) GPT-2 (124M)
Learning rate 10~* 10~*
Optimizer AdamW AdamW
Weight decay 0.01 0.01
Batch size (per device) 16 16
Gradient accumulation steps 2 2
Total epochs 50 50
Epochs per stage - 5
Latent tokens per step (Cthought) - 1
Max latent stage - 6
Precision FP32 FP32

Training follows a staged curriculum. At stage k (epochs 5k through 5(k + 1) — 1), the first & chain-
of-thought steps are replaced by k continuous latent tokens; the remaining steps are kept as discrete
text. The model is trained to predict only the remaining CoT steps and the final answer (labels for
question and latent positions are masked with —100). By stage 6 (epochs 30-34), all reasoning steps
have been replaced by latent tokens, and the model must produce the answer using only continuous
latent computation. The optimizer is reset at the start of each epoch (reset_optimizer=True).

Three special tokens are added to the vocabulary: <|start-latent|>, <|latent|>, and
<|end-latent | >, all initialized from the embedding of the << token. During the forward pass,
each <|latent | > token’s embedding is replaced by the last hidden state from the preceding for-
ward pass, implementing the continuous thought recurrence. A custom collator left-pads batches to
align latent token positions across examples, enabling KV cache reuse in the multi-pass forward.

We use torchrun with 4 GPUs; FSDP wraps the model but does not shard GPT-2’s layers (effec-
tively acting as DDP at this model scale). The best CoT checkpoint is at epoch 49 (85.3% validation
accuracy); the best Coconut checkpoint is at epoch 50 (99% validation accuracy).

C.3 PROBING METHODOLOGY

Entity-level probing. At each reasoning position k (CoT step or latent token), we extract the
hidden state at the final transformer layer and project it through the LM head to obtain a distribution
over the full vocabulary. We then restrict this distribution to the set of graph entity tokens and
renormalize, yielding a distribution over entities. Entities are grouped into four categories: correct
next (the entity the model should traverse to at step k), target (the final answer), wrong neighbors
(adjacent but incorrect entities), and other.

per_pass vs. final state probing. As noted in Section [5.1] the original Coconut paper
probes latent positions using the hidden states obtained after all forward passes are complete
(final_state). At position k, this hidden state has been influenced by all subsequent latent
passes via the accumulated KV cache; it is analogous to probing CoT step 1 after the model has al-
ready processed steps 2 through 5. We instead use per_pass probing: at latent step k, we probe the
hidden state immediately after the k-th forward pass, before any subsequent passes occur. This gives
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a fair comparison with CoT, where each step’s representation reflects only the reasoning completed
up to that point.

No-latent evaluation. In order to test whether latent tokens are necessary for the model’s perfor-
mance, we feed only the question tokens to the trained Coconut model (with no latent tokens and no
multi-pass recurrence) and greedily decode the answer.

D CoCONUT: ADDITIONAL RESULTS

D.1 ENTITY DISTRIBUTIONS

Question-Only Belief: Entity Distribution Before Reasoning
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Figure 14: Entity distribution before any reasoning. Coconut (left) already assigns ~82% normal-
ized probability to the target. CoT (right) has near-zero target probability, with mass spread across
non-target entities.
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Figure 15: Per-step entity distribution for a 4-hop example. Coconut (left) locks onto the final target
immediately. CoT (right) traverses intermediate entities step by step.
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D.2 CoCONUT LOGIT LENS ANALYSIS

As a complementary analysis, we apply Logit Lens (nostalgebraist, 2020) to both the Coconut and
CoT models from Section[5} At each thinking position (latent tokens for Coconut, step-end tokens
for CoT), we extract the hidden state at every transformer layer ¢ € {0, ..., 11}, project it through
the final layer norm and LM head, and compute the Shannon entropy of the resulting vocabulary
distribution.

Each point in Figure[T6]shows the average entropy at layer ¢, where the average is taken first across
all thinking positions within an example, then across all examples (n = 300). Shaded regions show
=41 standard deviation across examples.

For the CoT model, entropy is high in early and middle layers (~4 nats at layers 1-6), dropping
sharply to near zero by layers 8-9. This indicates gradual refinement: early layers maintain broad
uncertainty over the vocabulary, and the model progressively commits to specific tokens in later
layers. The late-layer spike in CoT entropy (layers 10—11) likely reflects the model broadening over
surface-form variations of the committed entity (e.g., capitalization, spacing).

For the Coconut model, entropy is uniformly low across all layers (<1.5 nats), indicating that the
model’s hidden states at latent positions are already near-deterministic even at early layers. The
representations carry little information content that would suggest active computation. This is con-
sistent with the entity-level probing results in Section[5.2} the model has already committed to the
target entity before any latent reasoning begins.

Logit Lens Entropy: Coconut vs CoT
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Figure 16: Logit Lens entropy across transformer layers at thinking positions (ProsQA, GPT-2).
Each point: mean entropy at layer ¢, averaged first over positions within each example, then over
all examples (£1 std). CoT shows high early-layer entropy that resolves by layers 8-9. Coconut
maintains uniformly low entropy, consistent with latent positions carrying minimal information.
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