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Abstract

Recent impressive results from large reasoning models have been interpreted as
a triumph of Chain of Thought (CoT), and especially of the process of training
on CoTs sampled from base LLMs in order to help find new reasoning patterns.
In this paper, we critically examine that interpretation by investigating how the
semantics of intermediate tokens—often anthropomorphized as “thoughts” or
reasoning traces and which are claimed to display behaviors like backtracking,
self-verification, and meta-cognition—actually influence model performance. We
train transformer models on formally verifiable reasoning traces and solutions,
constraining both intermediate steps and final outputs to align with those of a for-
mal solver. By constructing a formal interpreter of the semantics of our problems
and intended algorithm, we systematically evaluate not only solution accuracy but
also the correctness of intermediate traces, thus allowing us to evaluate whether
the latter causally influences the former. Our experiments involve training trans-
former models on traces and solutions generated by A* search. We notice that,
despite significant improvements on the solution-only baseline, models trained
on entirely correct traces still produce invalid reasoning traces when arriving at
correct solutions. To further show that trace accuracy is only loosely connected
to solution accuracy, we then train models on noisy, corrupted traces which have
no relation to the specific problem each is paired with, and find that not only does
performance remain largely consistent with models trained on correct data, but in
some cases can improve upon it and generalize more robustly on out-of-distribution
tasks. These results challenge the assumption that intermediate tokens or “Chains
of Thought” reflect or induce predictable reasoning behaviors and caution against
anthropomorphizing such outputs or over-interpreting them (despite their mostly
correct forms) as evidence of human-like or algorithmic behaviors in language
models.
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1 Introduction

Recent advances in general planning and problem solving have been spearheaded by so-called
“Long Chain-of-Thought” models, most notably DeepSeek’s R1 [17]. These transformer-based
large language models are further post-trained using iterative fine-tuning and reinforcement learning
methods. Following the now-standard teacher-forced pre-training, instruction fine-tuning, and
preference alignment stages, they undergo additional training on reasoning tasks: at each step, the
model is presented with a question; it generates a sequence of intermediate tokens (colloquially or
perhaps fancifully called a “Chain of Thought" or “reasoning trace"); and it ends it with a specially
delimited answer sequence. After verification of this answer sequence by a formal system, the model’s
parameters are updated so that it is more likely to output sequences that end in correct answers and
less likely to output those that end in incorrect answers.

While (typically) no optimization pressure is applied to the intermediate tokens [4, 56], empirically it
has been observed that language models perform better on many domains if they output such tokens
first [34, 46, 54, 20, 16, 17, 37, 32, 28]. While the fact of the performance increase is well-known, the
reasons for it are less clear. Previous work has often framed it in anthropomorphic terms, claiming that
these models are “thinking” before outputting their answers [34, 14, 17, 49, 56, 7]. Simultaneously,
the process of performing more auto-regressive forward passes before outputting the final answer has
been credited as an instance of inference-time scaling – that is, these models are assumed to be doing
problem-adaptive computation.

Famously, DeepSeek’s R1 paper claimed that one of the most impressive observed behaviors of their
trained models was the so-called “aha” moment: as part of the chain of thought it was producing
in order to answer some question, the model output the token “aha”, seeming to indicate that it
had come upon a sudden realization. Interpreting this token as meaningful to the end user requires
making an additional assumption that has thus far been brushed to the side in discussions of how long
CoT models function and what they do – that the derivational traces they produce are semantically
meaningful to the end user in the same way that the traces they were trained on were. While the
traces certainly seem to help the LLM performance (and may well have mechanistic interpretability
properties [6]), it is not clear (beyond anecdotal evidence) that they have end-user interpretability or
semantics.

For R1 and similar large models, this is nearly impossible to check. The intermediate tokens that
massive pre-trained and post-RL’d models produce meander for dozens of pages, are written wholly
in ambiguous and polysemantic natural language, and – perhaps much worse – are the result of long,
opaque training processes on data that we have no access to and cannot compare against.

In this paper, we shed some light on the question of whether intermediate traces are semantically
meaningful. Following previous work that elucidated important functional aspects of large scale
models through controlled small scale experiments [45, 38, 55] and working within a sort of “model
organism” paradigm, we focus on fully controlled, open, and replicable models trained from scratch.
Our models are trained on a simple and well-understood shortest path planning problem for randomly
generated mazes, with our training runs including varying kinds of intermediate traces – from none
to ones generated by the classic A∗ algorithm to noisy and irrelevant ones. This maze solving
domain is not only well-understood as a classical computer science problem, but has also grown
to be well-studied domain for trace-augmented transformer training that led to reasoning models
[27, 41, 33, 50].

We approach the problem of understanding intermediate token semantics from three major novel
angles, performing empirical evaluations on models we train on small planning tasks. First, we
construct a validator for A∗ execution traces and use it to validate and compare trace accuracy to
solution accuracy, finding only a loose correlation between the two. Then, we train half billion
parameter Qwen models on none, correct, and deliberately irrelevant traces. We present a dataset
manipulation involving swapping the intermediate tokens of two different problem instances, that
– despite the fact that it removes all specific-problem-relevant semantics – leads to trained models
that perform better on both in and out of distribution tasks. We also show that applying post-training
methods like GRPO [40, 17] can further boost the accuracy of those models while consistently
producing incorrect intermediate tokens. We argue that, if performance is the goal, assuming human-
like or algorithm-interpretable trace semantics is not only misleading but potentially unnecessary.
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2 Related Work

Post-Training for Reasoning - Recent progress in improving the reasoning capabilities of Large
Language Models (LLMs) has been driven by methods that train models not only on correct answers,
but also on “reasoning traces” that lead to those answers [53, 28, 32, 29, 25, 52, 17, 42, 17, 3, 51].
Whether this is achieved via supervised fine-tuning on trace-augmented datasets or via reinforcement
learning techniques like Group Relative Policy Optimization (GRPO), the end result is the same:
models “think” for varying amounts of time by outputting additional tokens before outputting their
final answers, and performance measures improve.

These methods are often paired with claims about how and why they work, which lean on anthropo-
morphic framings of model “thinking”, which seem to assume that final answer correctness somehow
requires intermediate sequence correctness. These claims are even presented alongside evidence
that seems to directly contradict them. The training procedure underlying DeepSeek’s R1-Zero is
instructive[17]: almost all the of the performance improvement can be recovered by reinforcing the
model’s behavior based entirely on the correctness of the final answer, without any reference to the
content of the trace – incorrect traces that happen to lead to correct answers are treated exactly the
same as correct ones. As they hint, rewarding intermediate correctness might even be counterproduc-
tive. In the current work, we take this idea seriously and push it even further: showing that rewarding
the semantically incorrect thing can actually lead to better performance than rewarding coherent and
correct traces.

Evaluating Traces - Previous work on evaluating the relationship between trace correctness and
final answer correctness has primarily focused on large, pre-trained models, and has gone under
the name of Chain-of-Thought faithfulness. These evaluations have claimed that intermediate steps,
despite appearing coherent, are not reliably correct [44, 26, 8, 10, 2, 4]. However, the nature of
natural language makes these evaluations questionable. Within the domain of math problems, there
is no established ground truth semantics for what a correct reasoning process looks like in natural
language, and so previous work either relies on messy manual evaluations which typically require the
researcher to read in some amount of intent into the model’s completions, or automated evaluations
that use additional (unverified) language models to noisily pick out potential reasoning errors.

Training Transformers on Traces - Prior efforts have trained models from scratch to mimic search
algorithms like A*, Breadth-First Search (BFS), and Monte Carlo Tree Search for tasks in pathfinding,
arithmetic, and general problem-solving [27, 15, 48], as well as the DPLL procedure for Boolean
SAT problems [35]. However, while these studies train on traces of formal procedures, they do not
explicitly analyze the correctness of the intermediate traces themselves. In fact, some works have even
employed semantically invalid traces—such as truncated A* derivations in Dualformer [41]—without
examining how these deviations affect model performance. By contrast, our work is the first to
rigorously evaluate trace correctness, allowing us to directly investigate the relationship between the
semantics of intermediate tokens and the generated solutions.

3 Background

Though recently popularized by Large Reasoning Models, especially DeepSeek’s R1 [56], training
on intermediate traces in order to improve transformer performance dates back to at least GPT-2 [34]
and has been extended and analyzed from many angles [27, 53, 15, 41, 23, 31, 13] While these papers
demonstrated ways to improve final answer accuracy, they neither evaluate the trace accuracy nor do
they explicitly attempt to train on incorrect or irrelevant traces.

Thus, while they do show that accuracy increases, they leave open the question of whether that
accuracy increase actually stems from the additional semantic information in the trace. In many
cases, especially with pre-trained models, it is nearly impossible to formally verify reasoning traces,
due to the ambiguity of natural language and the lack of a clear ground truth.2 However, for small,
well-scoped formal domains like the gridworld path planning domain used in [27, 41] and this paper,
and with carefully from-scratch trained models on those domains, we have the ability to check
whether generated traces follow the exact semantics enforced in the training data and causally predict
the final solutions that the model outputs.

2This in turn induces a Rorschach test-like behavior in the end users who overload semantics on specific
phrases like “aha" or “let me think".
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Figure 1: Examples of mazes. The left is generated by Wilson’s algorithm and is used for model
training. The right is generated by the Drunkard’s Walk algorithm and used to evaluate models as
an out of distribution task. The goal is represented by a green square and the start state by a yellow
square. Black squares represent impassable walls. Blue squares represent steps along the optimal
path (as found by A∗). Gray squares are squares that were explored by A∗ but are not along the
optimal path. White squares are unexplored traversable squares.

3.1 The Maze Pathfinding Domain

We consider a standard grid-based path-finding domain. The task is to find a legal path between a
given start cell and goal cell in a 30× 30 grid. Every cell of this grid is either free (traversable) or a
wall (impassable). The agent begins at the start state, and at every state may take one of four actions:
go up, go down, go left, or go right. The transformer is given a full description of this problem (in
token format – we follow the formulation used by [27] and [41]) and must output as its final answer a
plan, which consists of a sequence of actions. A plan is considered correct if it executable – that is,
every action it presents moves the agent from a free cell to an adjacent free cell – and its final action
results in the agent being at the goal cell.

In order to understand out of distribution performance, we generate navigation problems using
diverse generation algorithms, resulting in varied structural patterns and exploration dynamics. This
enables systematic out-of-distribution (OOD) evaluation by testing models on maze types unseen
during training – which was all done on mazes generated with Wilson’s algorithm. These generation
algorithms can be sorted into two major categories: 1) algorithms that do not permit cycles and
sample over the spanning trees of the 30 × 30 grid and 2) algorithms that permit loops and create
noisy, less-structured dungeon or cave-like instances. For all algorithms except SearchFormer’s,
which has its own start and goal generation loop, we sample a legal (start, goal) pair after maze
generation.

Acyclic Maze Generation

1. Wilson’s algorithm: This is the algorithm that we use to generate mazes for training models.
Wilson’s algorithm generates uniform random mazes by performing loop-erased random
walks from unvisited cells until they connect to the current maze [47]. Each walk removes
any loops it creates, ensuring a valid tree structure. This process continues until all cells are
included, producing a uniform sample from the space of all possible spanning trees of the
30× 30 graph.

2. Kruskal’s algorithm: Kruskal’s algorithm, originally proposed for finding a minimum
spanning forest of an undirected edge-weighted graph [24], generates mazes by treating
each cell as a node and randomly removing walls between unconnected regions, using a
union–find structure to avoid cycles. This results in a fully connected maze without loops,
though the maze distribution is not perfectly uniform. The method produces mazes biased
towards short local connections and dead ends.

3. Randomized Depth-First Search algorithm: The randomized depth-first search (DFS) or
recursive backtracker algorithm generates mazes by carving a path forward until reaching a
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dead-end [43]. When it hits a dead-end (no unvisited neighbors), it backtracks until it finds
a new direction to explore, repeating until all cells are visited and connected into a complete
maze. Depth-first search is biased towards generating mazes with low branching factors and
many long corridors.

Cave Generation

4. Drunkard’s Walk: We implement a version of the “Drunkard’s Walk” algorithm, as
described by [22], and originally used for procedurally generating dungeons for top-down
two-dimensional video games. Starting from a grid of solid walls, a random walk is
performed, carving out the current cell on every step. The walk continues until a predefined
number or percentage of floor tiles has been dug out. This method preserves cycles,
producing cave-like structures with open chambers and looping corridors. The output space
includes grid states unreachable by perfect acyclic maze generators.

5. SearchFormer style generation We also implement the random generation algorithm used
in the SearchFormer paper [27], though we use it for evaluation rather than training. Tasks
are generated by exhaustive rejection sampling: first randomly select a number between
30% and 50%. Then select that percentage of cells to be wall cells. Randomly choose a start
and goal location and execute A∗ to find an optimal plan. Reject unsolvable, too easy, or
duplicate instances and resample. These instances also allow for loops and so are also out of
distribution for our models.

3.2 The A∗ Search Algorithm

A* is a classic best-first graph–search procedure that combines the uniform-cost guarantee of Di-
jkstra’s algorithm [12] with domain-specific heuristics to focus exploration on promising states,
originally introduced to compute minimum-cost paths in state-space graphs [19].

The algorithm maintains an open list (a priority queue) keyed by f(n) = g(n) + h(n), where g(n) is
the exact cost from the start and h(n) is a heuristic estimate to the goal, and also maintains a closed
list of already visited nodes. It repeatedly pops the open list node with the smallest f ; if this is the
goal, it reconstructs the path that lead to this node and this is returned as the final plan. Otherwise, it
generates child nodes (in our case, traversable neighbor cells) and calculates their g and f values. For
each node, it either inserts it into the open list or – if the node is already in the list – updates its g
value if the new value is lower. The popped node is added to the closed list to prevent re-expansion.

The effectiveness of A* is dependent on the heuristic it is implemented with. For solvable graph
search problems like the ones featured in this paper, any consistent (h(n) ≤ c(n, n′) + h(n′) for all
neighboring n′) heuristic will guarantee that the plan returned is not only satisficing but optimal [36].

For the maze path planning problems we examine in this paper, we use the very standard Manhattan
heuristic h(n) = |xn − xg|+ |yn − yg| which computes the sum of horizontal and vertical displace-
ments between a cell and the goal. On a 2-D grid with only orthogonal, unit-cost movement, this
heuristic is consistent, ensuring A* returns an optimal path.

Finally, following SearchFormer and Stream of Search, we modify the A* implementation to output
a linearized execution trace [15, 27]. That is, whenever the algorithm creates a child node and adds
it to the open list, it prints create x y cA cB and when it closes a node and adds it to the closed
list, it prints close x y cA cB. Here, ‘A’ in cA represents the exact cost from the start state to
the node (i.e., the g(n) value) and ‘B’ in cB represents the heuristic estimate from that node to the
goal state (i.e., the h(n) value). Similar to Searchformer notation [27], we use the prefix "c" to
differentiate between the node co-ordinates and its cost estimations. In the next section, we construct
an A* validator that reverses this process – it takes in a linearized trace and attempts to simulate the
corresponding open and closed list operations to check if they are valid with respect to the semantics
of this implementation.

4 Validating Traces and Solutions

While previous work evaluated the final accuracy of trace-trained models, it did not evaluate the
traces themselves. For large, production ready RL-post-trained models like DeepSeek’s R1, this is
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Figure 2: Trace validation procedure. Our A∗ validator runs through the model’s output stream
sequentially. Assuming no parsing errors, it will flag a trace as invalid if at some point it contains an
invalid action. The left bottom corner is (0, 0).

practically impossible. For even a simple query, the model produces dozens of pages of convoluted
and meandering output before arriving at an answer, and this output is all in natural language, which
makes it very easy to read multiple equally valid interpretations into it.

To truly tell whether the traces that were trained on helped in the expected way, we need a formal way
of validating their correctness. By training models on traces produced by a well-known algorithm
with well-known semantics, it is possible to check whether the model’s emulations of the algorithm’s
execution trace are correct.

We construct a formal verifier for A∗ traces. The format for these traces follows [27], and is described
in more detail in Section 3. Essentially, our validator consumes the generated trace and simulates
the operations proposed in that trace on open and closed lists. It runs through the generated trace
sequentially, parsing each action x y cA cB sequence as an operation and using it to update its
open and closed list. It marks a trace as valid if it can correctly execute this procedure until it closes
the goal node. Errors in execution can be one of the following:

• Parsing Error: a substring is malformed and does not parse into either a create or a close
action with the correct arguments.

• Invalid Neighbor: the current create action is attempting to create an illegal child, either
referencing a wall cell or a cell that is not adjacent to the last closed node.

• Already Closed: the current create action is attempting to close an already closed node.
• Not in Open List: the current close action is referencing a node that is not in the open list.
• Not Lowest f -value: the current close action is attempting to close a node when there is at

least one other node in the open list with a lower f -value.
• Goal Not Reached: after the entire sequence was processed, the goal node was not in the

closed list, and so the reconstruction step cannot proceed.

With this verifier in hand, we can now distinguish between plan validity and trace validity for models
trained on this kind of dataset. To construct our training sets, we generate 50,000 mazes using
Wilson’s algorithm, and randomly select a start and goal cell. Then, we use A* with the Manhattan
distance heuristic to find an optimal plan for each maze as well as to produce a trace that is saved
with each datapoint.

We modify the architecture of the Qwen2.5 0.5B [39] to support a vocabulary of exactly 944 different
tokens (which reduces the parameter count to about 380 million from 500 million), randomly initialize
the model, and then train it for 85,000 training steps with a batch size of 8 on two NVIDIA H100s.
The model has a context length of 32,000 tokens to support the long lengths of intermediate token
generation. Note that we are training empty transformer models from scratch instead of fine-tuning
pre-trained models. (Our other experiments later in the paper also use this architecture, but train
on different datasets, from solution-only through to irrelevant and noisy traces. All code and data
will be made public.) We test this model trained on Wilson mazes on a thousand instances of mazes
generated by Wilson, Kruskal, DFS, SF-Style and Drunkard approaches, evaluating the solution
accuracy as well as the trace validity. We present these results as confusion matrices in Figure 3, with
each domain represented by a separate matrix. These results break down the correlation between
model accuracy and trace validity. As can be seen from the results, trace accuracy is not a perfect
predictor of plan accuracy. In fact, as can be seen from the diagonal entries, the model can produce
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Figure 3: Plan versus trace validity for the model trained on correct traces, measured across domains.
Wilson = generated by Wilson’s algorithm, Kruskal = mazes generated by Kruskal’s algorithm, DFS
= mazes generated by Depth-First Search, SF-Style = instances generated in the SearchFormer Style,
Drunkard = instances generated using the Drunkard’s algorithm.

valid traces and then continue on to produce an incorrect plan or produce invalid traces and yet end
up at a correct plan3.

5 Training with Traces: Does Meaning Matter?

If plan and trace validity are only loosely connected for models trained on the A* trace dataset,
then perhaps the validity of the trace isn’t as important to the performance increase as previously
believed. To test this empirically, we construct a second training dataset called Swap, which we build
by randomly permuting reasoning traces between problems.

This dataset consists of the exact same problems as the original Trace 50,000, but problem 1’s trace
will be given to, say, problem 4; problem 4’s will be given to problem 7; and so forth. In other words,
while the traces continue to have the right form and some generic domain information, they no longer
have any connection to the specific problems they are associated with. Training examples consist of a
start and goal state, a maze definition, an A∗ trace for searching for the shortest path across a totally
unrelated maze from a different start and goal state, and the correct solution plan for the original
maze.

What we find is that our most competent model not only maintains performance on the in-distribution
test set, but it generalizes better than the other maze distributions we test! All despite the lack of
algorithmically valid semantics in the trained upon and generated traces.

For these experiments, we continue to use the same model architecture described in the previous sec-
tion, varying the datasets we train on to see how they affect performance – even as they further corrupt
or completely destroy the correctness of the traces. For best results, we performed hyperparameter
optimization (via Optuna [1]). We provide additional details on hyperparameters and initializations
in the Appendix.

The most basic training run is the standard solution-only baseline, where the model is trained on just
solutions without any derivational traces. The next baseline, following previous work [27, 41, 15]
is training the model with A* generated traces, teacher-forcing during training to make it output
intermediate tokens before the final solution. These are the models discussed in the previous section.
Finally, we use the same underlying training data and distribution, but modify it by corrupting
the traces. Our trace corruption process is very simple: we randomly permute which problem is
associated with which traces – so, for example, the third problem might have the 5th problem’s trace,
which is an execution trace of A* on an unrelated maze with unrelated start and goal states.

The problems in our training data are all generated by Wilson’s algorithm. For our test sets we
generate data with several maze generation algorithms (as described in Section 3), including Wilson’s
algorithm, to get both in and out of distribution data. Our training data consists of 50k samples, while
our test sets each contain 1k.

Unintuitively, as seen in Table 1, the best model in both in and out of distribution test sets turns
out to be the model trained on swapped (incorrect) traces! We see that the swapped model has a
0% trace validity – as it has been trained to output well-structured but problem-irrelevant traces

3In the appendix, we also include a similar set of results for the models trained by [27], which show similar
trends.
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Table 1: Performance of Swap, A* Trace, and Solution-Only Models across maze distributions for
models trained on 50k datapoints. "Plan Val." = Plan Validity, "Trace Val." = Trace Validity within
Valid Plans

Test Set Soln. Only Regular A* traces Swapped A* traces

Plan Val. Plan Val. Trace Val. Plan Val. Trace Val.

Wilson 4.0% 50.1% 95.2% 51.6% 0%
Kruskal 2.1% 49.7% 96.2% 51.9% 0%
DFS 2.8% 30.8% 82.1% 41.7% 0%
Drunkard 0.0% 2.5% 4.0% 26.0% 0%
Searchformer-style 0.0% 0% 0% 0.2% 0%

in response to every problem – but nevertheless performs noticeably better than both the correct
trace and solution-only baselines. An interesting point to note is the performance difference on
out-of-distribution datasets. While most of the performance differences are within a few percentage
points, and in-distribution testing results in near identical performance, on the Drunkard dataset the
swapped model is 10 times better than the original model, giving 26% to the correct trace model’s
2.6%, and on the DFS maze set, it reaches 41.7% to the original model’s 30.8%.

If intermediate tokens improve accuracy because they teach the model a given reasoning procedure,
then we should expect their influence on performance to fluctuate exactly with their connection to the
problem. However, we find that this is not always the case – in fact, intermediate token sequences that
have almost nothing to do with the problem at hand can provide a significantly higher performance
boost (and which, counterintuitively might even generalize better) than well-grounded semantically
meaningful execution traces, thus throwing doubt on the seemingly wide-spread intuition that the
effectiveness of traces stems from allowing the transformer to perform structured, interpretable, and
algorithmic procedures.

5.1 Training on more data

To check the influence of larger training sets on performance, we trained models on datasets con-
taining 500k data points for 250k steps. We observe that the swapped-trace model achieves much
better performance when compared with the regular trace model in both in-distribution and out-
of-distribution test sets, and both models substantially outperform the solution-only baseline. This
consistency across training regimes reinforces our finding that intermediate token correctness is not
required for performance benefits typically attributed to reasoning traces.

Table 2: Performance of Swap, A* Trace, and Solution-Only Models across maze distributions for
models trained on 500k datapoints. "Plan Val." = Plan Validity, "Trace Val." = Trace Validity within
Valid Plans

Test Set Soln. Only Regular A* traces Swapped A* traces

Plan Val. Plan Val. Trace Val. Plan Val. Trace Val.

Wilson 10.0% 79.9% 97.1% 83.3% 0%
Kruskal 6.9% 83.1% 95.6% 85.0% 0%
DFS 0.0% 54.0% 87.41% 52.6% 0%
Drunkard 0.1% 0.0% 0.0% 11.7% 0%
Searchformer-style 0.0% 0.0% 0.0% 0.2% 0%

5.2 Does GRPO increase the semantic correctness of the intermediate tokens?

Considering that claims anthropomorphizing the relationship between intermediate tokens and the
solution (such as the "aha" moment) [34, 14, 17, 49, 56] originate from models that are post-trained
with methods such as GRPO, we post-train our base models with GRPO to ascertain whether this
influences the trends seen in the previous section. We generate a separate dataset with 10k datapoints
and use the models that were trained on 500k datapoints for 250k training steps as the base models.
We provide additional hyperparameter details in Appendix A.1
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Our findings (as shown in Table 3) indicate that although GRPO enhances the overall accuracies
for both the regular and the swapped models, the swapped model consistently outperforms and
demonstrates greater improvement than the regular model, despite its trace validity remaining at a
consistent 0%! Even for the correct model, trace validity slightly decreases with post-training. This,
indeed, shouldn’t be surprising because GRPO typically doesn’t put any optimization pressure on the
intermediate tokens. These observations provide further evidence that the semantics of intermediate
tokens do not bear significance for performance.

Table 3: Performance of Swap and A* Trace Models with GRPO. Accuracy represents the percentage
of valid plans out of total instances (500). Trace Validity represents the percentage of valid traces
within valid plans. RM: Regular Model, SM: Swapped Model, TV: Trace Validity.

Metric Step 10 Step 20 Step 30 Step 40 Step 50 Step 60 Step 70

RM Accuracy (%) 80.0 82.0 85.0 87.0 87.0 87.0 88.0
SM Accuracy (%) 83.6 85.2 85.8 87.0 87.6 90.4 92.2
RM TV (%) 97.5 97.6 96.5 96.6 96.6 96.6 96.6
SM TV (%) 0.0 0.0 0.0 0.0 0.0 0.0 0.0

5.3 Intermediate Tokens Don’t Need to be Thoughts

Our results hint that the impact of trace content on performance and the legibility of that content have
been somewhat conflated – if all we care about is increasing the accuracy and capability of a model,
enforcing human readability may be counterproductive, a lesson also mentioned in the R1 paper [56].
Furthermore, examining traces produced by a model – though they may look right at first glance – is
not necessarily informative if those traces are not predictive of the model’s final answers.

Of course, if trace semantics don’t matter, then the question immediately arises: why does generating
intermediate tokens increase accuracy at all? We speculate that what is helping is finding the right
prompt augmentation. That is, for a given task prompt T , there exists a prompt augmentation PA
which boosts the LLM’s performance on that task:

∃PA s.t. P
(
Sol

(
LLM(T + PA), T

))
> P

(
Sol(LLM(T ), T )

)
Here Sol(y, T ) indicates that y solves T , and LLM(x) is the model’s completion for input x. The
central challenge then is to learn the Skolem function

PA = fθ(T,LLM),

that maps each task to an effective augmentation. This can be accomplished through modifying
the model itself to inherently and automatically augment prompts, as is the case in models that
first generate long chains of intermediate tokens before their final answers. Crucially, prompt
augmentations have no need to be human-interpretable. In fact, we see results that back this up
in the adversarial prompting literature, where effective jailbreaks can be effected by augmenting
prompts with human-uninterpretable strings [57, 9, 30, 18] or modifying them with random syntactic
permutations, capitalizations, and shufflings [21].

6 Conclusion

In this paper, we challenged the prevailing narrative that intermediate tokens or “Chains of Thought”
generated by Large Reasoning Models like DeepSeek’s R1 are interpretable, semantically valid
sequences with predictable effects on the model’s behavior. As we don’t have access to any frontier
LLM’s training data or even exact training procedure, and since the traces these models output are
in multiply-interpretable natural language without a concrete ground truth, we designed a series
of experiments building on previous smaller model reasoning work – mainly Searchformer and
Stream of Search [15, 27] – and constructed an A∗ trace validator, finding that there is only a
loose correlation between the correctness of the trace and the correctness of the output plan. We
then trained additional models on noisy or irrelevant traces and found that there are (nonsensical)
trace formats that nevertheless maintain or even increase the model’s performance – all despite
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them being much less informative or connected to the problem at hand. Finally, we argue that,
if the goal is to increase model performance, enforcing trace semantics is unnecessary [5] and
potentially very misleading. All together, our counter-intuitive results demonstrate ways in which
common interpretations of the intermediate tokens produced by Large Reasoning Models may
be anthropomorphizations or simplifications. While the traces certainly seem to help the LLM
performance (and may well have mechanistic interpretability [6]), there is little reason to believe that
they have end-user interpretability/semantics.
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A Appendix

A.1 Additional experiment details

For all our experiments, we trained the Qwen-2.5-0.5B decoder only models. We used a custom
tokenizer with domain specific vocabulary which reduced the model parameters to around 380M. We
optimized with AdamW (β1=0.9, β2=0.999) and applied a weight decay of 0.1528, a peak learning
rate of 2.2758e-4, and 100 warm-up steps, all under bf16 precision. We train the models for 95k
training steps. All randomness was controlled with fixed seeds. The training dataset size is 50k
datapoints unless specified otherwise.

For GRPO, we use 16 as the sample size, 256 as the batch size and 0.01 as the entropy coefficient for
both the models.

A.2 Validating Traces and Solutions of Searchformer Models

Along with our own trained models, we have also evaluated models trained by [27]. These models
have an encoder-decoder architecture and are trained on A* generated traces on 30x30 mazes 4. The
mazes are generated by their random generation method as described in Section 3. We see that across
model sizes (from 15M to 175M parameters) there are a significant number of instances where the
model produces a correct plan but the trace that it outputs is invalid. This is in line with the results
of our models and provide further evidence that trace accuracy is not a perfect predictor of plan
accuracy.

Figure 4: Plan validity versus trace validity for models trained on correct A* traces on 30x30 mazes,
measured across varying model sizes and averaged over five runs (6400 responses per run).

A.3 Training on other maze generation algorithms

We also train models on mazes other than Wilson’s. We specifically choose the Searchformer-style
mazes as all the Wilson models perform the worst on this data. We generate 50k unique problems and
then train on both correct and swapped traces. Similar to what we have seen with the Wilson models,
we see that the swapped model performs better than the regular model on two out-of-distribution
datasets (DFS and Drunkard’s walk).

A.4 Training with a different swap seed

To check if the way the traces have been swapped change any of the already seen trends in performance,
we also train on a dataset where the traces were swapped using a different random seed from the
previously swapped dataset. As seen in Table 5, we find that the new model still outperforms the
regular model on the DFS and Drunkard’s walk datasets.

A.5 Solving Sokoban Problems

To test if similar results can be obtained on a different and more complex task with a different
transition structure, we repeat our experiments for Sokoban puzzles. Sokoban is a PSPACE-complete

4We found that the dataset used to train the models had <1% of instances with incorrect traces. Therefore we
created our own A* implementation to ensure complete correctness of the traces within our generated datasets.
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Table 4: Performance of Swap and A* trace models across maze distributions. The training data is
generated via Searchformer-style trace generation. “Plan Val.” = Plan Validity, “Trace Val.” = Trace
Validity within valid plans.

Test Set Regular A* traces Swapped A* traces

Plan Val. Trace Val. Plan Val. Trace Val.

Wilson 28.5% 81.8% 6.8% 0.0%
Kruskal 31.7% 77.9% 8.6% 0.0%
DFS 12.0% 66.7% 14.3% 0.0%
Drunkard’s Walk 44.3% 87.6% 60.9% 0.0%
Searchformer-style 47.0% 63.4% 23.4% 0.0%

Table 5: Performance of Solution-Only, A* Trace, original Swapped-Trace, new seed Swapped-Trace
Models across maze distributions. “Plan Val.” = Plan Validity, “Trace Val.” = Trace Validity within
valid plans.

Test Set
Soln.
Only Regular A* traces Swapped A* traces Swapped A* traces

(new seed)

Plan
Val.

Plan
Val.

Trace
Val.

Plan
Val.

Trace
Val.

Plan
Val.

Trace
Val.

Wilson 4.0% 50.1% 95.2% 51.6% 0.0% 41.5% 0.0%
Kruskal 2.1% 49.7% 96.2% 51.9% 0.0% 42.2% 0.0%
DFS 2.8% 30.8% 82.1% 41.7% 0.0% 35.9% 0.0%
Drunkard’s Walk 0.0% 2.5% 4.0% 26.0% 0.0% 31.3% 0.0%
Searchformer-style 0.0% 0.0% 0.0% 0.2% 0.0% 0.1% 0.0%

[11], grid-based puzzle where an agent must push each box from its start position onto a designated
storage dock. At each timestep, the agent may move one cell up, down, left, or right, and can
push—but never pull—exactly one adjacent box into the next cell, provided that both the agent’s
target cell and the box’s destination cell are free. We encode the entire level (grid layout, agent and
box start positions, and dock positions) as a token sequence similar to that of [27]. The model must
output a sequence of valid moves that, when executed, places all boxs on their docks; a plan is correct
only if every action is executable in the simulated environment and achieves the goal configuration.

Similar to the A* trace generation described in Section 3.2, we modify the A* implementation to
output a linearized execution trace. Whenever the algorithm creates a child node and adds it to
the open list, it prints create worker x y box a b box c d cA cB and when it closes a node
and adds it to the closed list, it prints close worker x y box a b box c d cA cB. Here, x y
denotes the worker location, a b and c d denote the respective box locations, ‘A’ in cA represents the
exact cost from the start state to the node (i.e., the g(n) value) and ‘B’ in cB represents the heuristic
estimate from that node to the goal state (i.e., the h(n) value). Similar to Searchformer notation [27],
we use the prefix "c" to differentiate between co-ordinates and cost estimations. We compute the
heuristic value at each node by finding the sum of the Manhattan distances for every possible pairing
of boxes to docks, and then take the minimum over all such assignments as our heuristic value.

Similar to the validator described in Section 4, we construct an A* validator that reverses this process
for Sokoban puzzles – it takes in a linearized trace and attempts to simulate the corresponding
open and closed list operations to check if they are valid with respect to the semantics of this
implementation.

Training and Test Dataset - We use the same problem generation procedure used by [27]. A 7
× 7 grid was sampled and two additional wall cells were added as obstacles to the interior of the
map. Then two docks, boxes, and the worker locations were randomly placed. If the sampled task is
solvable by A*, then the task was admitted to the dataset. We generate 50,000 Sokoban puzzles to
construct our training dataset. We also generate the swap dataset for Sokoban problems.

For the test dataset, we use plan length as a proxy for problem difficulty and generate problems that
have a final plan length greater than the mean plan length of training dataset problems.

15



Table 6: Performance of Swapped, A* Trace, and Solution-Only Models on the Test dataset. "Plan
Val." = Plan Validity, "Trace Val." = Trace Validity within Valid Plans

Test Set Soln. Only Regular A* traces Swapped A* traces

Plan Val. Plan Val. Trace Val. Plan Val. Trace Val.

Sokoban 18.1% 1.1% 0% 2.3% 0%

Even in the case of Sokoban problems, we see that the correct traces do not help the model perform
better than swapped (and incorrect) traces (as shown in Table 6). This reinforces our point that trace
accuracy and plan accuracy are not semantically co-related.
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