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ABSTRACT

Latent reasoning models (LRMs) have recently attracted significant research in-
terest due to their lower inference cost compared to explicit chain-of-thought ap-
proaches. However, this efficiency comes at the cost of reduced interpretability:
LRMs are more difficult for humans to monitor because they do not reason in natu-
ral language. This paper presents an initial investigation into LRM interpretability
by examining two key questions on the Coconut and CODI models. First, we
test the assumption made in prior work that latent reasoning tokens are necessary
for model performance. We find that latent reasoning tokens are often unneces-
sary for LRMs’ predictions; on logical reasoning datasets, LRMs can produce the
same final answers without using latent reasoning tokens at all. This underuti-
lization of reasoning tokens may partially explain why LRMs do not consistently
outperform explicit reasoning methods, and raises doubts about the role of these
tokens proposed in prior work. Second, when latent reasoning tokens are nec-
essary, we investigate whether we can easily decode gold reasoning traces from
them as a form of natural language explanation. Using a proposed backtracking
method, we decode gold reasoning traces from latent reasoning tokens 71-93%
of the time for correctly predicted instances when operands from the question are
included, but only 24-36% of the time for incorrect predictions. This suggests that
for correct predictions, LRMs are implementing the expected solution rather than
an uninterpretable reasoning process. We find preliminary evidence that incorrect
predictions can also be interpreted in this manner, though more robust methods
are needed to reliably decode reasoning traces when models do not implement the
gold reasoning trace.

1 INTRODUCTION

Reasoning methods such as chain-of-thought (CoT) (Wei et al., 2022)) and tree-of-thought (Yao
et al., 2023) have been shown to improve a Language Model (LM)’s performance in a range of
tasks by having the LM solve problems in a step-by-step manner. This paradigm of additional
inference-time token roll-out to improve performance is now ubiquitous, with most state-of-the-
art model releases today being reasoning models (Ng| 2025). One can consider the generation
of intermediate reasoning tokens as increasing the “width” of the network at inference-time, in a
manner complementary to increasing its depth or dimensionality (i.e., LLM “scaling laws”’; |Kaplan
et al| (2020)). Theoretical work has demonstrated that reasoning token generation increases the
“effective depth” of the network by lengthening its longest pathways [Feng et al.| (2023); L1 et al.
(2023), and allows models to solve harder classes of problems (Merrill & Sabharwall, 2024} |[Nowak
et al., 2024} Saunshi et al.| [2025). Reasoning token generation has the added benefit of providing
users with some insight into models’ computational processes in natural language, which serve as
a form of explanation. While the explicit reasoning chain is not always faithful to the model’s true
reasoning process (Wiegreffe et al., 2021; Turpin et al.,|2023}; |Chen et al.,2025b), it has nonetheless
been an important signal for users to calibrate their trust in a model’s output (Baker et al.|[2025).

However, the production of reasoning tokens at inference-time is fairly computationally intensive
and not easily parallelizable, and many state-of-the art reasoning models (RMs) produce thousands
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Finding 1: Latent Reasoning Models don't fully utilize latent tokens
Overview of Latent Reasoning Models
Question: Baldur gets water from a well. He gets 5 pails of water every morning and 6 pails of water
every afternoon. If each pail contains 5 liters of water, how many liters of water does he get every day?

Correct and final answer: 55
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Latent Reasoning Model Finding 2: Latent Reasoning Models often encode gold reasoning traces in its latent tokens
Question: It takes Carmen 10 minutes to finish a crossword puzzle and 5 minutes to finish a sudoku
puzzle. Over the weekend she solved 3 crossword puzzles and 8 sudoku puzzles. How much time did
she spend playing these games?
Input . _ _ _
Embeddings Gold Reasoning Trace: «10 x 3 = 30», «5 x 8 = 40», «30 + 40 = 70»
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Figure 1: An overview of latent reasoning models (LRMs) and our main contributions. Left: LRM
overview. Latent reasoning begins at the <bot> token. During this phase, the final layer hidden
states are passed as the next input in the sequence. Standard autoregressive generation resumes
after the <eot> token, and the model proceeds to answer the prompt. Upper right: LRMs tend
to commit to a final answer well before exhausting its budget, indicating that they don’t effectively
use all available latent reasoning tokens. Lower right: Vocabulary projections of the latent tokens
often encode gold reasoning traces, suggesting that the model follows an interpretable reasoning
trace rather than an opaque one.

of tokens per query (Chen et al 20254} [Yeo et all, [2025). An array of recent work has focused
on improving RMs’ inference-time efficiency (Qu et al., 2025} [Zhu & Li|, 2025}, [Liu et al.| 2025}
Sui et al 20235 [Feng et all, 2025} [Alomrani et al., [2025), with proposed methods ranging from
prompting- or decoding-based tricks (Wang et al., 2025)), to fine-tuning models to encourage less
reasoning token use (Luo et al, 2023), to dynamically allocating queries based on the necessity of
reasoning (Singh et al.,[2025). An approach that has shown promising recent results is that of latent
reasoning models (LRMs; Figure [I), which proposes to make reasoning more efficient by forgo-

ing the text decoding process altogether. Methods such as (2024a)); Hao et al.|(2025));
Deng et al| (2025); [Cheng & Durmel (2024); [Geiping et al.| (2025) train models to autoregressively

or recurrently generate additional intermediate latent “reasoning” states as needed. Latent reasoning
architectures can also be motivated by the intuition that, in the purely computational view of Trans-
former architectures, the added constraint of decoding intermediate reasoning hidden states into text
is an unneeded bottleneck on information flow; by not requiring reasoning states to be decoded into

text, LRMs remove this bottleneck (Zhu et al., [2025b)).

Unfortunately, unlike explicit reasoning models (ERMs), LRMs are less interpretable because they
do not produce human-inspectable natural language reasoning tokens. This has led to increasing
safety concerns about LRMs and calls to preserve explicit reasoning or “chain-of-thought monitora-
bility” (Korbak et al, [2025). But do we have cause for concern with current LRMs? There is no
current research on the extent to which LRMs emulate explicit reasoners. Prior work
2023}, [Tan et al.} [2025) has offered only limited case studies in support of claims of interpretability,
with lack of standardized comparison across architectures or datasets. We set out to provide the first
comprehensive study of latent reasoning interpretability. We answer two main research questions:

1. Are latent reasoning tokens necessary for model performance?

2. Are gold reasoning traces easily recoverable from latent reasoning tokens?

We first investigate whether latent reasoning tokens in current state-of-the-art LRMs are necessary
to replicate models’ performance, a prerequisite for meaningful interpretation. Somewhat counter-
intuitively (and at odds with the hypotheses put forth in prior work) we find that they are not: LRMs’
predictions on logical reasoning datasets are often the same regardless of how many latent reasoning
tokens the model is provided access to at inference time. This indicates either that current tasks are
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too easy to truly test the benefits of latent reasoning tokens, or that the performance gains reported
in prior work are from the model’s training regimen and not additional test-time computation.

When models do require latent reasoning tokens, we next investigate whether we can find gold rea-
soning traces encoded in the latent reasoning tokens. We find that it is indeed possible to decode the
gold reasoning traces using simple heuristics when models are correct, but less readily when models
are incorrect. This suggests that, when making correct predictions, state-of-the-art LRMs follow
the expected gold reasoning traces rather than implement some uninterpretable reasoning process.
However, we are not always able to find the gold reasoning trace for some correctly predicted in-
stances nor are we able to make sense of all incorrect traces, indicating the need for more robust
interpretability methods that are also not reliant on an expected reasoning trace.

2 RELATED WORK

2.1 LATENT REASONING MODELS

Latent reasoning models perform intermediate calculations in a continuous hidden state before an-
swering. This is similar to explicit reasoning models (ERMs) that use chain-of-thought, except the
intermediate states are not in natural language and thus aren’t readily understandable by humans.
The main paradigms of LRMs are activation-based methods, which iteratively process representa-
tions in a loop, and temporal hidden state-based methods, which allow models to integrate informa-
tion over long sequences (Zhu et al.,2025b). In this paper, we study the width-based LRMs Coconut
(Hao et al., [2025) and CODI (Shen et al., [2025). Width-based LRMs are a type of activation-based
method where models pass hidden states (i.e., latent tokens) as the next token input (see
left). We study these models both because they are increasingly common in the literature and be-
cause they are architecturally similar to ERMs. Coconut and CODI are two state-of-the-art models
of this type that also have publicly-available source code.

During training, both the Coconut and CODI models learn to reason from ERMs. The Coconut
model is instantiated as an ERM, and then, at each stage of a training curriculum, an explicit reason-
ing step is replaced with latent reasoning tokens until there are no explicit reasoning steps remaining.
The CODI model trains an ERM alongside the LRM, and distills knowledge to the LRM by aligning
the hidden states of a key token between the models.

During inference, Coconut and CODI operate in almost the same way left). A special
“beginning of thought” (<bot>) token is passed in to signal the start of latent reasoning. The
model is then given a predetermined, dataset-specific number of latent reasoning tokens. Each
input latent reasoning token is the final layer hidden state from the previous position, skipping the
decoding phase of standard autoregressive language modeling. To signal the end of latent reasoning,
a special “end of thought” (<eot>) token is passed as input, after which the model returns to
standard autoregressive language modeling to produce a final answer in natural language. The only
difference between Coconut and CODI during inference is that the final layer hidden state of CODI
is additionally passed through a trained two-layer multi-layer perceptron before being input as the
next token, allowing the model to better differentiate between latent and discrete tokens.

2.2 INTERPRETING LATENT REASONING MODELS

Limited work has been done on interpreting LRMs, with no existing dedicated work on this topic.
Some works proposing latent reasoning architectures, including Hao et al.|(2025); Shen et al.[(2025)),
have included interpretability analysis, largely through case studies, but it is unclear to what extent
these fully represent model behavior. Both works project latent hidden states to the vocabulary
space using the unembedding matrix and observe whether intermediate numerical quantities for
math questions appear in the top-k vocabulary tokens. |Shen et al.| (2025), for example, find prelimi-
nary evidence that the solutions to intermediate math problems in gold reasoning traces are present
in the top-k tokens, and that the model also attends to relevant token positions in the input at those
timesteps. [Hao et al.| (2025) inspect the probabilities assigned to various possible answer entities
by latent hidden states (after vocabulary projection) to attempt to understand how answer choices
are being considered or eliminated; they draw parallels to the heights of various entities in the test
set’s search trees. They also find that probability mass concentrates on fewer tokens as latent rea-
soning progresses. (lan et al.| (2025) show for a specific instance that the embeddings of numbers
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from the ground-truth reasoning chain have high cosine similarity with the model’s latent hidden
states. However, it is unclear to what extent all of these reported findings hold more generally across
corpora, or whether they are predictive of models’ correct vs. incorrect predictions.

From a theoretical angle, recent work (Zhu et al.,[2025a; (Gozeten et al.,|2025)) has demonstrated that
LRMs with width-expansion can solve the directed graph reachability problem far more efficiently
than ERMs, due to their ability to perform parallel breadth-first search. However, most current work
on width-based latent reasoning has failed to outperform ERMs, indicating that the gap between
theory and practice remains high.

Though a substantially different architecture from the models we consider, some work has inter-
preted the hidden states of recurrent depth (as opposed to dynamic width via token rollouts) LRMs.
Geiping et al.[(2025) perform PCA on the hidden representations of their recurrent-depth architec-
ture, and demonstrate that representations’ trajectories during recursion follow distinct geometric
patterns. [Lu et al.| (2025]) adapt vocabulary projection methods to show evidence against both itera-
tive refinement and structured CoT-like reasoning in the same model, finding that projection to the
vocabulary space is less meaningful when depth is increased.

3 EXPERIMENTAL DETAILS

This section details the datasets, LRMs, and base LLMs used in our experiments in §E] and §E}
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Figure 2: The question, gold reasoning trace, and derived computation tree for sample 199 of
GSMB8k-Aug’s filtered test split.

Datasets. We perform experiments on three datasets commonly studied in prior work on LRMs:
Grade School Math 8k-Augmented (GSM8k-Aug; Deng et al., 2024b), Proof and Ontology-
Generated Question-Answering (PrOntoQA;|Saparov & Hel[2023)), and Proof with Search Question-
Answering (ProsQA;Hao et al. 2025)). Figure contains examples from each dataset, and Table E]
contains dataset statistics.

GSMB8k-Aug is a dataset of basic arithmetic word problems, each containing a gold label final an-
swer and a gold step-by-step reasoning trace (with 1-8 steps) leading to the final answer.
contains an example from this dataset. GSM8k-Aug is a superset of GSM8k |Cobbe et al.
(2021), augmented with additional training instances generated by GPT-4 OpenAl et al.| (2024);
both datasets have the same test set. We apply two filtering steps to the test split: first, we remove
samples with missing gold reasoning traces. Second, we remove samples where the result of the
last step in the gold reasoning trace does not match the correct answer|' | After filtering, the test split
contains 1,194 samples out of the original 1,319 test samples.

The math problems in GSM8k-Aug can be solved through multiple valid gold reasoning traces.
Because our proposed experiments will check similarity to the gold reasoning trace, we augment the
original gold reasoning traces with additional valid reasoning traces from the MultiChain GSM8k-
Aug dataset (Deng et al.|[2025). After augmentation, the number of gold reasoning traces per sample
ranges from 1 to 10, with a median of 5.

!"These occur when some or all of the gold reasoning trace in GSM8k is explained in natural language only
and does not have a corresponding annotated calculation.
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PrOntoQA and ProsQA are both logical reasoning datasets that require 6 and 3—6 deductive reason-
ing steps, respectively, to solve. The task scenario for each dataset is to determine whether an entity
belongs to a stated category, given a set of hierarchical “is-a” relationships. PrOntoQA frames the
question as true or false, while ProsQA asks which category an entity belongs to given two choices;
see The given relationships can be modeled as directed acyclic graphs, where there is at
least one path from the entity node to the stated category. ProsQA generally has more distractor
paths and thus requires more complex planning or search ability than PrOntoQA; it was proposed
by Hao et al.| (2025)) to resolve the shortcomings of PrOntoQA for testing search in LRMs. The test
splits of PrOntoQA and ProsQA have 800 and 500 samples, respectively.

Table 1: Performance of the explicit reasoning, non-reasoning, Coconut, and CODI models, all
instantiated with GPT-2 Small, on GSM8k-Aug, PrOntoQA, and ProsQA. Published results for
the explicit reasoning, non-reasoning, and Coconut models come from Hao et al.|(2025). Published
results for the CODI model is from|Shen et al.|(2025)). For fair comparison with prior work, GSM8k-
Aug results are computed on the full 1,319 test instances. *: this model checkpoint was released by
the authors; we did not re-train.

Method GSMS8k-Aug PrOntoQA ProsQA
Acc. (%) # Tokens Acc. (%) # Tokens Acc. (%) # Tokens

Explicit Reasoning Model (our replication) 41.6 31.0 99.3 92.7 74.2 51.6
Explicit Reasoning Model (published) 429 25.0 98.8 92.5 71.5 49.4
Non-reasoning Model (our replication) 16.8 32 87.9 3.0 76.0 9.5
Non-reasoning Model (published) 16.5 22 93.8 3.0 76.7 8.2
Coconut (our replication) 33.1 9.2 99.0 9.0 98.0 15.5
Coconut (published) 34.1 8.2 99.8 9.0 97.0 14.2
CODI (our replication) 42.2* 12.3 95.1 12.0 81.6 18.2
CODI (published) 43.7 - - - - -

Models. Following prior work, we use GPT-2 Small (Radford et al.l [2019) as our base pretrained
checkpoint and fine-tune it for each dataset using the various latent training regimens proposed in
prior work— specifically, Coconut and CODI; see §2.1] for details. We additionally fine-tune two
baselines: an ERM (i.e., a model that uses chain-of-thought reasoning in natural language), and a
non-reasoning model (i.e., a model that immediately answers without reasoning). Following prior
work, we fine-tune each of the four model types separately for each dataset (GSM8k-Aug, ProsQA,
or PrOntoQA) using the provided training code of [Hao et al.| (2025); [Shen et al.| (2025)), resulting
in twelve total modelsE] Following |Hao et al.|(2025) and [Shen et al.| (2025), we train and evaluate
our Coconut and CODI models use 6 latent reasoning tokens for all samples. Performance of our
replications is in[Table 1| The ERM outperforms Coconut on GSM8k-Aug by 8.5 percentage points,
while CODI slightly exceeds the ERM by 0.6 percentage points. Coconut outperforms both CODI
and the ERM on ProsQA, by 16.4 and 23.8 percentage points, respectively. All reasoning models
achieve greater than 95% accuracy on PrOntoQA.

4 ARE LATENT REASONING TOKENS NECESSARY FOR MODEL
PERFORMANCE?

We first investigate whether trained LRMs effectively use their additional computational power (i.e.,
latent reasoning tokens) at inference time by testing their ability to maintain their predictions under
forced early termination of reasoning. If a model consistently predicts the same final answer with
no or fewer latent reasoning tokens than the standard six, then either 1) the task is too easy to
truly test the benefits of the latent reasoning architecture, and/or 2) performance gains of the latent
reasoning architecture are coming from the training regimen and not from additional token roll-out
at inference-time.

Except for GPT2-Small CODI on GSM8k-Aug, for which we use the provided checkpoint: |https:
//huggingface.co/zen-E/CODI-gpt2l


https://huggingface.co/zen-E/CODI-gpt2
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4.1 METHOD

To determine the effective number of reasoning tokens required by a model to arrive at its final
answer, we control the number of latent reasoning tokens used by prematurely inserting the “end-
of-thought” token (see [Figure T| upper right). Doing so terminates latent reasoning and prompts the
model to produce a final answer in natural language (“forced early stopping”). If [ is the number
of reasoning tokens, we compare final answer predictions after the full [ = 6 tokens to the model’s
answer given a reduced number of reasoning tokens, [ € [0, 1,2, 3, 4, 5], using the following metrics:

1. First match: the minimum number of reasoning tokens at which the model’s answer
matches its answer given the full set of reasoning tokens. In (upper right), the
first match occurs at | = 2.

2. Stable match: the minimum number of reasoning tokens at which the model’s answer
matches its answer given the full set of reasoning tokens and remains unchanged given
additional reasoning tokens. In[Figure T|(upper right), the stable match occurs at [ = 4.

We also run this analysis on the ERMs as a baseline. Since latent reasoning tokens are trained to
replace full reasoning steps (§2.1), we evaluate the ERMs by removing complete steps.

4.2 RESULTS
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Figure 3: Early stopping experiment results. The y-axis indicates the percent of the model’s rea-
soning chain needed for the model to output the same answer given the full reasoning chain. For
the LRMs (Coconut and CODI), the reasoning chain is measured by the number of latent reasoning
tokens. For the ERMs, the reasoning chain is measured by the number of reasoning steps.

Results for all datasets are presented in[Figure 3] We make a surprising finding: unlike for GSM8k-
Aug, where all models require at least 44% of the latent reasoning tokens (or steps, in the explicit
reasoning case), Coconut and CODI models rarely need any of their latent reasoning tokens to make
stable predictions on PrOntoQA or ProsQA, and can generally converge to their final answer without
any reasoning steps at all. The explicit CoT model, by comparison, still requires 46% and 92% of
its reasoning tokens for PrOntoQA and ProsQA, respectively.

This result contradicts the analysis in [Hao et al.| (2025), which concludes that the Coconut model
uses a parallelized breadth-first search to solve problems in PrOntoQA and ProsQA. It is possible
that the Coconut model still performs some form of search when latent reasoning is not limited as
it is in our experiments, but our result demonstrates that search in latent token space at inference
time is not necessary for Coconut to achieve its strong performance. In other words, Coconut is
capable of answering ProsQA and PrOntoQA questions either by performing search during standard
inference (i.e., without explicit or implicit reasoning steps) or by not using search at all. Coconut’s
strong performance on the ProsQA dataset may instead be due to supervision on ProsQA examples
during training, as opposed to the use of latent reasoning tokens at inference time. Future studies
should first verify that latent tokens are necessary for the chosen dataset before analyzing how the
latent tokens are used.
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In contrast, on the GSM8k-Aug dataset, we observe that LRMs do use their reasoning tokens, though
still at lower rates than the explicit model. The LRMs generally converge to their final answer given
half to two-thirds of the full reasoning chain, while the ERM generally uses the full reasoning chain
before outputting its final answer. This also reveals an inefficiency of LRMs: unlike ERMs, the
number of reasoning tokens in Coconut and CODI is fixed rather than being determined dynamically
by the model per instance.

The overall underutilization of latent reasoning tokens that we observe across all three datasets may
partially explain why LRMs do not consistently surpass ERM performance (Table ). Coconut has
an 8.5% performance gap relative to the ERM on GSM8k-Aug, while CODI matches the ERM
(Table [T). The models’ tendency to converge prematurely suggests that they fail to exploit the
additional computational bandwidth of their later latent reasoning tokens. Future work could address
this from two angles: improving performance by training models to better utilize their full reasoning
budget, or improving efficiency by introducing early stopping mechanisms that terminate reasoning
once the LRM has reached a stable prediction.

5 ARE GOLD REASONING TRACES EASILY RECOVERABLE FROM LATENT
REASONING STATES?

When latent reasoning tokens are necessary for model performance, we next ask: can we easily
decode gold reasoning traces from them? While prior work has projected latent tokens back to the
vocabulary space for interpretation (§2.2), this has been done either on only a few case-studies (Hao
et al.,|2025}; Shen et al., 2025) or in search of intermediate answer quantities rather than the full trace
(Shen et al.,|2025)), and only on correct predictions.

5.1 GoOLD REASONING TRACE BACKTRACKING EXPERIMENT

We use the popular vocabulary projection technique (or “logit lens”; nostalgebraist| (2020); |Geva
et al.| (2021)) to map latent tokens back to the model’s vocabulary space. This is done by multiply-
ing the residual stream after the final layer (and final LayerNorm) with the model’s unembedding
matrix to obtain an (unnormalized) distribution over the vocabulary. We repeat this at each latent
token position, obtaining the top-10 natural language tokens (i.e., rows of the unembedding matrix)
with the highest dot product against each latent tokerﬂ; this is equivalent to how a natural language
token would be decoded should the model have been operating as an ERM. Prior work has qualita-
tively observed the presence of certain intermediate computations in the top-k tokens; we automate
this process. If the intermediate steps from the gold reasoning trace appear prominently in the vo-
cabulary projections of the latent reasoning tokens, this suggests that the model is following these
steps internally, even though it never explicitly outputs them.

We use a backtracking search to check whether a complete gold reasoning trace is present in the
top-10 vocabulary projections of the latent tokens. To facilitate this search, we first represent the
gold reasoning traces as computation trees. As shown in we set the final answer as the
root node, and the operands in the final step as its child nodes. If any of the final step operands are
an intermediate result from a previous step, then we add the operands from that previous step as
its children. We continue until all steps have been added to the computation tree. We only analyze
GSMB8k-Aug in this experiment, since §4] demonstrated that LRMs do not utilize their reasoning
tokens on PrOntoQA and ProsQA.

Next, we extract the top-10 tokens from all latent reasoning tokens using vocabulary projection.
The backtracking search then proceeds as follows: starting at the correct answer (the root node), we
check whether its operands (child nodes) appear in the top-k tokens at any previous position. For
each child node found, we recursively check whether its children appear at even earlier positions. A
child node must appear at an earlier position than its parent node. The ground truth tree is considered
“found” if all nodes in the tree are successfully located in this manner. This search is conducted both
with and without allowing question tokens to be operands. When searching for a computation tree
with question tokens, numbers given in the question may be used as operands in the computation
tree. Figure ] shows a successfully found computation tree for the Coconut model.

3The top-10 tokens capture at least 90% of the probability mass over the vocabulary for the median GSM8k-
Aug validation sample for both Coconut and CODI.
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Figure 4: Found gold label computation tree in Coconut’s vocabulary projections, from sample
199 of GSM8k-Aug’s filtered test split. The model answered this question correctly and the top

vocabulary projections represent the gold reasoning trace in

We run this analysis for correctly and incorrectly predicted samples. For correctly predicted samples,
the backtracking search starts at the top-1 token at the answer position, which is the final answer in
the gold reasoning traces. For incorrectly predicted samples, we look for the correct answer in
the top-10 vocabulary projections at the answer position. If the correct answer is present, then the
search for the gold reasoning traces proceeds normally. [Table 3| shows that 46.5% and 49.9% of
incorrectly predicted samples for Coconut and CODI, respectively, have the correct answer in the
top-10 vocabulary projection at the answer position.

To verify that the latent reasoning tokens do not represent arbitrary reasoning traces, for each sam-
ple, we randomly select n reasoning traces from other GSM8k-Aug problems with the same number
of steps. Then, we check whether any of these reasoning traces can also be found using the back-
tracking search method. If the top-k threshold used in the vocabulary projection is too high, then
these random reasoning traces should be found at rates comparable to the gold reasoning traces. We
usen = 1landn = 5.

An inherent limitation of vocabulary projection is that it can only observe single-token concepts. To
account for this, we assume that the first non-zero integer token of a multi-token number represents
the full number. E.g., we assume the decimal “0.5” is represented by “5”.

Another limitation of our backtracking method is that it requires known gold reasoning traces, and so
cannot be used to discover other reasoning traces that the model may use. We use this backtracking
method to gather evidence on whether LRMs implement expected reasoning strategies in latent
space. Access to gold traces is necessary because we are testing alignment with known solutions.

5.2 RESULTS

Figure [5] shows that the LRMs generally do encode the gold label reasoning trace for correctly
answered samples. The Coconut model encodes the original gold reasoning trace in 54% of correctly
answered samples. This increases to 65% when including additional valid reasoning traces from
the MultiChain dataset, and then to 93% when also including numbers from the question. The
CODI model encodes the gold reasoning traces at a much lower rate for correctly answered samples:
only 5% encode the original gold reasoning trace. This increases to only 8% when considering the
MultiChain dataset. This is because the CODI model generally does not encode the numbers from
the question into its latent reasoning tokens, at least not in a way that is detectable with vocabulary
projection. When we do include the numbers from the question, the CODI model’s encoding of
the original gold reasoning trace and any gold reasoning trace jumps to 61% and 71%, respectively.
Figure 9] shows an example of the CODI model encoding the intermediate results but not the values
already given in the question.
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For correctly answered problems, the gold reasoning traces for a given sample are substantially more
represented than randomly selected reasoning traces from other samples in the dataset. The best of
five random reasoning traces are represented only 7% and 2% of the time for Coconut and CODI,
respectively, even when including question tokens. This baseline result gives us confidence that the
top-10 vocabulary projections are not expressive enough to represent arbitrary reasoning traces.

Somewhat surprisingly, the LRMs sometimes represent the gold reasoning traces even for incorrectly
answered problems. The Coconut and CODI models represent at least one of the gold reasoning
traces 36% and 24% of the time, respectively, when including numbers in the question. In these
cases, the model encodes an incorrect reasoning trace more strongly than the gold reasoning trace.
Figure [TT)shows an example where the correct steps are encoded, but not as strongly as an incorrect
set of steps.

There is a drop-off in gold reasoning trace representation as the reasoning trace length increases
beyond 3 steps, as shown in Figure [f] Including question tokens, Coconut declines from 99% at
two steps to 38% at five steps. CODI declines from 85% at two steps to just 20% at five steps. This
degradation reflects a limitation in the models’ capacity to maintain longer reasoning chains.

The results of this experiment provide preliminary evidence that LRMs solve elementary math prob-
lems in the same way that ERMs do: by calculating intermediate steps and composing them to
output a final answer. The main evidence for this is that the gold label reasoning traces are consis-
tently present when the model is correct compared to when the model is incorrect, and this is not
explained simply by overly expressive vocabulary projections. We interpret this to mean that LRMs
are learning to compress but still encode gold reasoning traces, rather than abandoning them for less
understandable ways of solving elementary math problems.

Correct Samples Incorrect Samples

Coconut — excluding question tokens

100 Coconut — including question tokens
93% mmm CODI — excluding question tokens

85% CODI — including question tokens

80
71%

65%
61%
60 [
54%

40 36%
29%

Percent of Samples where
Gold Label Solution Found

24% 24%
20 19% 19%

o 8% 7% ™ 8%

1% 1% 2% 2% 2% g9, 2%
Primary Any Gold Label ~ One Random Best of Five : Primary Any Gold Label  One Random Best of Five
Solution Solution Solution Random Solutions Solution Solution Solution Random Solutions

Figure 5: Percent of gold reasoning traces found in the vocabulary projections of latent tokens
for correctly and incorrectly answered problems. The “Primary Solutions” are solutions from the
original GSM8k-Aug dataset. The “Any Gold Label Solution” category includes primary solutions
and additional solutions from the MultiChain GSM8k-Aug dataset (Deng et al., [2025]).

5.3 ERROR ANALYSIS

When the backtracking search fails to find an encoded gold reasoning trace, how is the Coconut
model solving the problem? We find evidence against the worst case scenario, where the LRM
arrives at the correct answer in a completely uninterpretable way. Instead, we find three main reasons
why the backtracking search can fail even when the model gets the correct answer: a valid reasoning
trace may be missing from the set of known reasoning traces, vocabulary projection does not encode
multi-token concepts an easily identifiable way, or most of but not the entire gold reasoning trace
may be encoded.

Figure [T3]shows an example where the model is following a valid reasoning trace that is not in the
set of known reasoning traces. Specifically, the model skips Step 2 in the gold reasoning trace, which
calculates 36 + 40 = 76. Instead of calculating and storing this intermediate result, the Coconut
model changes the last step from 76 + 46 = 122 to an equivalent 36 + 40 + 46 = 122. The Multi-
Chain GSM8k-Aug dataset did not contain this alternative reasoning trace because its augmentations
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Figure 6: Percent of any gold reasoning trace found in the vocabulary projections of latent tokens
for correctly answered problems by reasoning trace length. Reasoning traces with more than 5 steps
are not shown due to low sample counts (< 3).

preserve the number of steps used in the original reasoning trace, and this modification reduces the
step count from 4 to 3. To avoid this error, we’d need to enumerate all valid ways of solving the
problem, which is impractical and often impossible.

Figure [I3] shows an example where vocabulary projection limits our ability to identify decimals,
percentages, and multi-token numbers generally that are encoded in a latent thought. The first step
of the gold reasoning trace calculates 30% of 120. The gold reasoning trace represents the 30% as
30/100, which is equivalent, but the model does not represent the 100 in its vocabulary projection.
Instead, it’s likely that the “30” token in the top-2 of the vocabulary projection of the first latent
token represents this percentage. But since the model and the gold reasoning trace represent this
percentage differently, the backtracking search fails.

Figure|17|shows an example where Coconut’s vocabulary projections contain a partial gold reason-
ing trace. In this sample, Step 3, 6 + 15 = 21, is missing, so the intermediate result 21 is not
encoded. However, the model is still able to calculate the result of the next and final step, 84. There
are at at least two possibilities for this. It may encode the final step as (6 + 15) x 4 = 84, which
would make it more like a previously unknown valid reasoning trace. Or, it may be encoding 21 at
the final reasoning position, and vocabulary projection incorrectly extracts it as 2100 and 210, which
are shown in the table.

This error analysis suggests that our backtracking search results provide a lower bound on LRM
interpretability, with failures stemming from methodological limitations rather than fundamentally
uninterpretable model behavior. More robust reasoning trace finding techniques that handle equiv-
alent reformulations and flexible numerical encodings would likely recover a higher proportion of
encoded reasoning traces.

6 CONCLUSION

This paper investigated LRM interpretability, which is essential for deployment where monitorabil-
ity is required. Our findings reveal two key insights. First, LRMs do not fully utilize their latent
reasoning tokens. On GSM8k-Aug, LRMs generally utilize half to two-thirds of their latent rea-
soning tokens, and on logical reasoning datasets, LRMs determine their final answer without latent
reasoning at all. This suggests that either current datasets are insufficiently challenging or that per-
formance gains in prior work stem from the training regimen rather than additional inference-time
computation. Second, when reasoning tokens are used, gold reasoning traces can be recovered from
correct predictions using simple heuristics, suggesting that LRMs implement expected reasoning
traces rather than opaque reasoning processes. However, our recovery method fails more often for
incorrect predictions, and even some correctly predicted instances are missing part or all of the gold
reasoning trace. We suggest future work carefully select datasets that require latent reasoning and
develop more robust interpretability methods that do not rely on knowing expected reasoning traces.
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A APPENDIX

GSMS8k-Aug

Question: "Out of 600 employees in a company, 30% got promoted while 10% received bonus. How
many employees did not get either a promotion or a bonus?"

Steps: ["«600x30/100 = 180»", "«600 % 10/100 = 60»", "«180 4 60 = 240»", "«600 — 240 = 360»"]
Answer: "360"

PrOntoQA

Question: "Numpuses are not wooden. Vumpuses are lempuses. Rompuses are not dull. Each lorpus is a
wumpus. Every gorpus is moderate. Each vumpus is not discordant. Zumpuses are not spicy. Shumpuses
are windy. Brimpuses are grimpuses. Each grimpus is a rompus. Brimpuses are zumpuses. Each impus
is not opaque. Lorpuses are not mean. Brimpuses are large. Grimpuses are shumpuses. Numpuses are
impuses. Shumpuses are numpuses. Lempuses are hot. Numpuses are sterpuses. Shumpuses are gorpuses.
Each yumpus is wooden. Every grimpus is orange. Each vumpus is a brimpus. Max is a vumpus. Max is
a lorpus. True or false: Max is not wooden."

Steps: ["Max is a vumpus. Each vumpus is a brimpus.", "Max is a brimpus. Brimpuses are grimpuses.",
"Max is a grimpus. Grimpuses are shumpuses.", "Max is a shumpus. Shumpuses are numpuses.”, "Max
is a numpus. Numpuses are not wooden.", "Max is not wooden."]

Answer: "True"

ProsQA

Question = "Every kerpus is a yumpus. Every bompus is a boompus. Every vumpus is a felpus. Sally is a
vumpus. Every yimpus is a jompus. Every yerpus is a jelpus. Every kerpus is a terpus. Every bompus is a
wumpus. Every rempus is a terpus. Every yerpus is a yimpus. Every rempus is a kerpus. Every wumpus is
a kerpus. Every impus is a kerpus. Tom is a bompus. Every bompus is a timpus. Sally is a yerpus. Every
yumpus is a terpus. Every yumpus is a zhorpus. Every bompus is a impus. Every wumpus is a zhorpus.
Every yerpus is a jompus. Every yimpus is a vumpus. Every zumpus is a yumpus. Every zumpus is a
rempus. Every zumpus is a storpus. Every timpus is a yumpus. Every impus is a timpus. Every timpus is
arempus. Tom is a impus. Every bompus is a zumpus. Tom is a lempus. Sally is a jompus. Every jelpus
is a yimpus. Every rempus is a wumpus. Tom is a rempus. Every yerpus is a vumpus. Every jelpus is
a jompus. Every impus is a rempus. Every jelpus is a vumpus. Sally is a storpus. Is Tom a jompus or
zhorpus?"

Steps = ["Tom is a bompus.", "Every bompus is a wumpus.", "Every wumpus is a zhorpus."]

Answer = "Tom is a zhorpus."

Figure 7: Example instances from each dataset.
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QUESTION GOLD REASONING TRACE COMPUTATION TREE
Terry eats 2 yogurts a 1 SIERY
day. They are currently 2x30=60
on sale at 4 yogurts for
$5.00. How much does he STEP 2
spend on yogurt over 30 d 60+-4=15
days?
STEP3
® 5x15=75

Figure 8: The question, gold reasoning trace, and derived computation tree for sample 31 of GSM8k-
Aug’s filtered test split.

Numbers from the question:

Output | <|latent|>_0 | ~.i1zzent|> 1 | <[latent|> 2 | -jlatent]> :
. 1

60 >> 15

3 video / selection / 14 4 : Answer does " 76

4 for / Sports than 13 > 15 In offer can 77

5 61 Sport 5 16 = 16 he answer will ' 80 and

6 is - use - 1 than 1 This was o 60

7 70 Sport = = sport There question  brings answer 750 ?

8 o << 14 ? Sports ? Sports According | explanation sn 3 78

9 oga 13 < first n first It solution goes ? 72

10 65 ( Sport [/ Sport Although tap ! 70 5
I ) e ey e e e N N T

|:| Leaf Operand |:| Question Operand |:| Intermediate Result |:| Final Answer —> Stepl  ——) Step2 =P Step3

Figure 9: Found gold label computation tree in CODI’s vocabulary projections, from sample 31 of
GSMS8k-Aug’s filtered test split. The CODI model does not encode numbers from the question in
the latent tokens, at least not in a way that is detectable using vocabulary projection. The model
answered this question correctly.
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QUESTION GOLD REASONING TRACE COMPUTATION TREE

' 5x8=40
STEP 2
100 - 40 = 60 @ @
of the 8 weeks, if she
has a total of $100, how x
much money did Bailey
start with? ° °

Bailey starts with a
certain amount of money.
Then she receives a

weekly allowance of $5
for 8 weeks. At the end

Figure 10: The question, gold reasoning trace, and derived computation tree for sample 63 of
GSMB8k-Aug’s filtered test split.

m ate 0 ate ate <|latent|>_3 | <|latent|>_4 | <|latent|>_5 t# 4 ans_0 eo
HH#H 140 #HH#H #HH#H

1 ### 40 <|eos|> H##H# 140 <|eos|>
2 5 | 40 ) 100 140 <leos|> 140 140

3 8 Cdl 50 00 <|eos|> #i# B 140 100 540

4 7 400 <|bot|> 5 What 540 <|eot|> 1440

5 10 4 whereas 95 0 : 1440 60 340 00

6 80 80 50 10 144 washer 60 $

7 50 44 , <|bot|> 135 8 144 240 120

8 40 41 80 <|eot|> 60 Initially 139 140 144 ?

9 Calcul 400 <|eot|> 10000 160 Neil 160 14 160 What

because 100 139 440 64 1

10 95 20 35
m <|bot|> <|latent|>_0 | <|latent|>_1 | <|latent|>_2 | <|latent|>_3 | <|latent|>_4 | <|latent|>_5

D Leaf Operand D Intermediate Result D Final Answer =3 Stepl == Incorrect Step 2 == Correct Step 2

around

Figure 11: Found gold label computation tree in Coconut’s vocabulary projections, from sample 63
of GSM8k-Aug’s filtered test split. The Coconut model encodes the correct final step, but it encodes
an incorrect final step more strongly. The model seems to think that Bailey was losing $5 per week,
rather than receiving $5 per week.
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QUESTION

Rani has ten more crabs
than Monic, who has 4
fewer crabs than Bo. If
B0 has 40 crabs,
calculate the total
number of crabs the
three have together.

GOLD REASONING TRACE

| 1
| 2
| 3
| 4

sTEp 1

40-4=36

step2

36 +40=76

stEPa
36 +10=46

sTePa

76+ 46 =122

COMPUTATION TREE

IMPLEMENTED SOLUTION

sTeRy

40-4=36

step2

36 +10=46

/ N\ stepa
S 36+46+40=122

olo

IMPLEMENTED TREE

olo

Figure 12: The question, gold reasoning trace, and derived computation tree for sample 160 of
GSMB8k-Aug’s filtered test split.

1 #iH 36
2 s — 1/ 36
3 40 e 40
4 44 35
5 <|bot|> 361
6 <|eot|> 366
7 Four 44
8 7 156
9 Billy 16

10 0 136 50 15 44
m <|latent|>_0 | <|latent|>_1 | <|latent|>_2 | <|latent|>_3

<|eos|>

00

<|bot|>

D Leaf Operand D Intermediate Result

#H#
10 |

<|bot|>
5 56
20 26

<|eot|> 50
30 86
50 71
25 26

122

<|eot|> 106
athlon 126
Four 136
aleb 142
Together 142
Tickets 110
oby 114
Brian 132

<|latent|>_4 | <|latent|>_5 #

D Final Answer =3 Stepl =3 Step2

122 118
98 126
118 132
Tim 102
150 162

Emily 146
127 136
14

=3 Step3

34

18

14

14

130 22
-

Figure 13: Coconut’s vocabulary projections, from sample 160 of GSM8k-Aug’s filtered test split.
The Coconut model encodes a valid reasoning trace not contained in the set of known gold reasoning

traces.
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QUESTION GOLD REASONING TRACE COMPUTATION TREE
A watermelon farm 1 STER
produced 120 baby 30 +100 x 120 = 36
watermelons. Ashlyn went
to the farm after two STEP 2
months and found out 2 120 - 36 =84
that 30% of the
watermelons were ready TR
for harvest, so she took 3 3:4x84=63
them home. When she came
back two weeks later,
3/4 of the remaining A SIERS
melons were ready, so 84 - 63 =21
she harvested them. How
many melons were not
ready to be harvested
after the two weeks?

Figure 14: The question, gold reasoning trace, and derived computation tree for sample 207 of
GSMB8k-Aug’s filtered test split.

Numbers from the question:

1

2

3

4 204 61

5 3 <|bot|> 96 Each 54 31 30 3
6 0 whereas 7 168 ml 59 28 26 6
7 90 94 / 66 21 29 84
8 <|bot|> 30 78 52 25 63 His
9 60 120 104 60 <|eos|> 27 18

<|eos|> 88 Three eans
|eos| j

10 m #H# 6 57 29 42
m <|bot|> <|latent|>_0 | <|latent|>_1 | <|latent|>_2 | <|latent|>_3 | <|latent|>_4 | <|latent|>_5

D Leaf Operand D Question Operand D Intermediate Result D Final Answer e Stepl = Step2 «=p Step3 e=p Step4d

Figure 15: Coconut’s vocabulary projections, from sample 207 of GSM8k-Aug’s filtered test split.
The model seems to encode the percentage 30% as simply 30, instead of 30/100 as in the gold
reasoning trace, causing the backtracking search to fail. The arrows indicate what the computation
tree looks like when assuming the 30 is representing 30%.
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QUESTION GOLD REASONING TRACE COMPUTATION TREE
Grayson recycles cans 1 S
and bottles for money 2x3=6
each week. An aluminum
can is worth two cents STEP 2
and a plastic bottle is 2 3x5=15
worth three cents. She
drinks three aIumirTum s
cans of soda and five 3 6+15 =21
plastic bottles of water
a week. How many cents
does Grayson earn from B SIERS
recycling in a four-week 21x4=84
month?

Figure 16: The question, gold reasoning trace, and derived computation tree for sample 415 of
GSMB8k-Aug’s filtered test split.

Missing intermediate result: 21
1 H#it# 6 ##t# 15 ### 69 ### 84 <|eos|>
2 3 6 . IE 25 <|bot|> 186 IE 144
3 2 Cel 60 75 25 75 240 6 60 204 00
4 <|eot|> 66 200 15 15 <|eot|> 2100 66 276 castle
5 Three 3 0000 3 3 6 4 204 96 25
6 3 66 <|bot|> 75 o 60 75 <|eot|> 156
7 0 18 #it# Charlie o 600 84 216 414 ase
8 15 06 240 Kevin 1 66 210 <|eos|> 69 acre
9 60 78 600 Five 25 186 9 6 164 40

Calcul 60 6 5 What

10 0 1 40 66 64 216
m <|bot|> <|latent|>_0 | <|latent|>_1 | <|latent|>_2 | <|latent|>_3 | <|latent|>_4 | <|latent|>_5

D Leaf Operand D Intermediate Result D Final Answer =3 Stepl =3 Step2 =P Step3 =P Step4

Figure 17: Coconut’s vocabulary projections, from sample 415 of GSM8k-Aug’s filtered test split.
The gold reasoning trace is encoded, except for the intermediate result 21, which causes the back-
tracking search to fail.
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Table 2: Dataset statistics

Dataset Training Validation Test (original) Test (filtered)

GSMS8k-Aug 385620 500 1319 1194
PrOntoQA 9000 200 800 -
ProsQA 17886 300 500 -

Table 3: Incorrect predictions on GSM8k-Aug where the correct answer appears in the top-10 pre-
dicted tokens

Model Incorrect Samples Correct Answer in Top-10 Percent

Coconut 793 369 46.5%
CODI 675 337 49.9%
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