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ABSTRACT

Chain-of-thought (CoT) rationale enables language models to use additional task-
related text for problem-solving, benefiting not only from detailed reasoning steps
but also from the expanded computational space of longer inputs. Prior work has
trained filler or special tokens to serve as additional computation spaces. In this
study, we investigate whether language models can leverage artificially inserted
sequences of filler tokens solely at inference. We first identify effective token
types, numbers, and insertion locations, then examine at what stage of training
models begin to exploit the expanded computation space, and finally analyze dy-
namics within these spaces via attention maps. Experiments on models ranging
from 1.7B to 32B across open-domain QA and math tasks show that appropri-
ate token types and counts vary, but placing filler tokens directly before the final
‘Answer:’ token is most effective. Smaller models benefit most, up to 12.372 per-
centage points in SmolLM2-1.7B-Instruct, indicating that these spaces act as addi-
tional computational capacity rather than redundant input. Attention maps reveal
that expanded spaces often continue the original attention mechanism and some-
times focus on questions or answer options, suggesting meaningful computation
for problem-solving.

1 INTRODUCTION

Chain-of-thought (CoT) prompting has been shown to substantially improve reasoning performance
across tasks by guiding models to decompose and solve problems step by step, thereby making rea-
soning trajectories explicit (Hua & Zhang, 2022; Wei et al., 2022; Wang et al., 2022; Zelikman et al.,
2024b). While its effectiveness partly stems from the detailed solution steps provided in the input,
it has been hypothesized that longer inputs also help by providing a larger computational space. To
investigate whether models indeed exploit this additional space, prior studies have introduced se-
quences of seemingly meaningless tokens, rather than CoT text, into the input (Herel & Mikolov,
2024; Goyal et al., 2023; Lanham et al., 2023). For example, they inserted repeated filler characters
(e.g., ‘......’) or special tokens (e.g., <pause>) at various positions in the input, thereby expanding
the input length, and trained the model to leverage this extended space for problem-solving.

Extending this line of inquiry, we aim to study whether current language models are able to exploit
the computation spaces from inserted tokens even without training. Our study explores whether
tokens naturally present in the training corpus, and thus familiar to the models (e.g., period, dash,
etc), can serve to enhance their problem-solving ability at inference time. Through pilot studies, we
have found that even without explicitly training tokens in a particular form, providing additional
tokens in the input as an expanded computation space can enhance model performance.

In this regard, we study three research questions in this work:

RQ1. What types and numbers of tokens are effective, and which parts of the input location benefit
most from their insertion?

RQ2. When during training do models start to effectively exploit the expanded computation spaces
to support answer inference?

RQ3. How do the extended token spaces interact with the original inputs and affect the answer
prediction?
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Figure 1: Attention patterns in a transformer decoder with causal masking. (a) The original prompt
and its attention map. (b) The same prompt with filler tokens inserted within the prompt, and its
attention map. Yellow boxes mark the extended memories induced by the fillers. (c) An equivalent
edge-wise depiction of the attention mapping. The black bounding boxes in (b) and the black solid
lines in (c) denote the additional attention operations induced by the filler tokens.

To answer the questions, we adopt six characters as filler tokens to extend the input space: ‘ ’
(space), ‘\n’ (enter), ‘\t’ (tab), ‘.’ (period), ‘<pad>’ (pad), ‘-’ (dash). We vary the number of
filler tokens from 16 up to 8192 and place these tokens before and after the final ‘Answer:’ token of
the input. In addition, we experiment with transformer-based causal decoder-only language models
ranging from 1.7B to 32B parameters, and examine intermediate checkpoints to study when and
how this expanded space becomes effective for problem-solving. To further investigate what actually
occurs within this expanded space with the original inputs, we analyze attention maps.

Our experiments show that models can exploit filler tokens as expanded computation spaces even
without explicit training. While the optimal token types and counts vary across models, some to-
kens consistently improve performance, with smaller models benefiting more, which is likely due to
their limited computational capacity. Analysis of intermediate PT and IT checkpoints indicates that
models progressively learn to leverage these spaces during training. Attention map analysis further
reveals that the expanded spaces serve as meaningful extensions of the original attention mechanism,
sometimes attending directly to questions or answer options and contributing to answer inference.

2 RELATED WORK

2.1 SLOW THINKING FOR IMPROVED REASONING

Dual-system theory (Daw et al., 2005), which posits that human cognition operates through two dis-
tinct modes, has also been invoked in prior machine learning research. System 1 processes problems
quickly in an immediate and automatic manner, while System 2 is slower but more analytical, goes
step by step, leading to more accurate and higher-level decision-making (Evans, 1984; Kahneman,
2003). Transformer-based language models have been known to be proficient at fast decision-making
but have shown weaknesses in handling complex reasoning. However, recent models exhibit sophis-
ticated reasoning capabilities, in some cases comparable to those of human experts (Hurst et al.,
2024; Liu et al., 2024a; Team et al., 2023). Recent developments show that large language models
(LLMs) are evolving from fast, intuitive System 1 processing toward slower but more deliberate
System 2 reasoning (slow thinking) (Li et al., 2025; Weston & Sukhbaatar, 2023). LLMs can infer
solutions to unseen problems by leveraging patterns from a few given samples or shots. In particular,
they are developing sophisticated reasoning skills that mimic human abilities, such as decomposing
problems step by step (e.g., chain-of-thought, CoT) and solving them in a structured, sequential
manner (Hua & Zhang, 2022; Wei et al., 2022; Wang et al., 2022; Zelikman et al., 2024b).
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2.2 TOKENS FOR THINKING

Previous studies have explored methodologies that incorporate dummy tokens or special tokens dur-
ing the pre-training (PT) or fine-tuning (FT) stages, aiming to improve the reasoning of the models.
First, in the DeepSeek-R1 (Guo et al., 2025) model, the tokens <think> and </think> are uti-
lized to guide the model to perform a thinking process for answer inference within the enclosed
span. Similarly, Zelikman et al. (2024a) proposed a method in which, at each token generation step,
the tokens <|startofthought|> and <|endofthought|> were used to prompt the model
to generate multiple rationales explaining the future text, thereby improving prediction. Herel &
Mikolov (2024) demonstrated that, within a recurrent neural network (RNN) (Hochreiter & Schmid-
huber, 1997) architecture, inserting thinking tokens <T> between input tokens reduces the perplexity
of correct answers in complex mathematical computations. Additionally, ongoing research has ex-
plored the use of special thinking tokens to prompt models to engage in improved reasoning Fan
et al. (2025); Yoon et al. (2025).

The works most closely aligned with our study are Pfau et al. (2024) and Goyal et al. (2023). Pfau
et al. (2024) shows that transformers can use meaningless filler tokens in place of chain-of-thought
for problem-solving when they are properly trained. It introduces a method for generating the syn-
thetic data with filler tokens and training to converge the models. In Goyal et al. (2023), multiple
<PAUSE> tokens are inserted into the model input to delay the answer, rather than producing it
immediately. To this end, the input is deliberately modified during the PT and FT stages to include
<PAUSE> tokens, making the model learn them. They report that delaying the responses using
these special tokens leads to performance improvements across several benchmarks. In Lanham
et al. (2023), filler tokens (e.g., ‘......’) are replaced with chain-of-thought (CoT) sentences to study
what contributes to the performance, but the performance decreases without CoT sentences, sug-
gesting that training should be executed to use filler tokens for reasoning. Whereas prior works rely
on training such tokens to elicit reasoning or thinking abilities from models, our approach explores
the provision of additional extended space in the model input without training the tokens, instead
utilizing tokens that the model has seen during training, to evaluate their effect.

3 EXPERIMENTS

3.1 NEXT-TOKEN PREDICTION

Causal decoder-only language models, consisting of a vocabulary V and L transformer layers, are
given an input x1:T ∈ VT with T length of tokens. For each layer l ∈ [1, L], an intermediate vector
z(l)t , for each input token xt, is obtained. Based on the last token vector of the last layer z(L)

T , the
models predict the most likely next token xT+1. In each transformer block, it takes a matrix of T
vectors of D hidden state dimension size, Zl

1:T = [z1, ...,zT ] ∈ RD×T , as its input, and transform
it into the output matrix Zl+1

1:T ∈ RD×T , with its internal attention, feedforward and layer-norm
modules. The attention module takes query vector Qt ∈ RD for each input position t, and key
and value matrices K1:t,V1:t ∈ Rt×D of all previous positions. Then the attention output passes
feedforward and layer-norm modules as follows:

al
t = LayerNorm(Attention(Qt,K1:t,V1:t) + zl

t)

zl+1
t = LayerNorm(FeedForward(al

t) + al
t).

(1)

Note that, depending on the model, layer normalization can be applied either before or after the
attention operation.

3.2 SCALING COMPUTATION SPACES

As illustrated in Figure 1 (c), given an input sequence x1:T , we insert filler tokens x̃ of length M
(tokens in yellow), thereby extending the input to a sequence of length T +M . This extension pro-
duces an additional set of M intermediate vectors, denoted as Zl

1:M = [zl
1, . . . ,z

l
M ] for each l-th

transformer layer, within the model. The model then predicts the next token by jointly consider-
ing the original input and the inserted filler tokens. We hypothesize that these additional positions
provide extra representational capacity beyond the original input length, functioning as expanded
computation spaces (ECS) that support improved reasoning capabilities:

3
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ECSM = f(x1:T+M ) \ f(x1:T )

= Z1:M = [z1, . . . ,zM ]
(2)

Here, f(·) denotes the hidden representation function of the transformer-based decoder-only model
given the input, and the operator ‘\’ denotes the set difference, meaning that ECS corresponds to
the expanded computation spaces, which are the additional computation spaces introduced by the
inserted filler tokens. In terms of attention scores, for auto-regressive language modeling, non-lower-
triangular scores in the attention map are masked out (grey regions in Figure 1 (a) and (b)) as it is
not a bidirectional operation. With the original input of length T , attention computation involves
T 2 scores, of which T (T − 1)/2 are masked. When the input is augmented with M filler tokens,
the attention complexity increases to (T + M)2, with (T + M)(T + M − 1)/2 scores masked.
Consequently, the regions in black lines correspond to ECS.

We examine whether ECS merely constitute redundant additions in the attention computation of
transformer-based models, or whether they can actively contribute to model inference, and if so, in
what manner. We hypothesize that such synthetic modifications of the input provide additional com-
putational capacity for reasoning, thereby enhancing performance. However, since this intervention
deviates from the way models are typically trained, we assume that its effectiveness may vary across
models and settings, and in some cases may deteriorate the performance without additional training.

To investigate this, we first conduct experiments on question answering tasks (§ 4.1) and mathemat-
ics tasks (§ 4.2) with different models to identify the conditions under which expanded spaces are
effective. We hypothesize that there exist specific models and tasks for which the effect is particu-
larly pronounced. We analyze how the number and type of inserted tokens (§ 4.1.2, § 4.1.1), as well
as their position within the input (§ 4.2.2), influence model performance. We further conjecture that
smaller models may benefit more from such extensions, as their limited parameters could gain from
additional horizontal computational capacity. Moreover, we expect the intervention to be more effec-
tive when the inserted tokens resemble patterns frequently observed during the training phase (e.g.,
sequences of ‘ ’ (space) tokens are likely more common than repeated ‘%’, which may primarily
arise from the original text sources). Finally, we investigate at what stage of training such capa-
bilities emerge (§ 4.3). To this end, we experiment with the pretrained (PT) and instruction-tuned
(IT) models within the same model family and evaluate performance across intermediate check-
points. This allows us to trace the development of expanded spaces throughout the training process.
Finally, we analyze attention maps of inputs with expanded computation spaces to investigate the
computations taking place within them (§ 4.4).

3.3 EXPERIMENTAL SETTINGS

3.3.1 MODELS

We experiment with models with the number of parameters from 1.7B to 32B that are publicly
available on HuggingFace’s transformers libraries (Wolf et al., 2020). We adopt HuggingFace’s
SmolLM2-1.7B-Instruct model, which is a 1.7B-sized model. For the 4B size model, we
use Google Gemma team’s Gemma-3-4B-it (Team et al., 2025), which has 1024 context length.
For the 8B model, we adopt Meta’s Llama-3.1-8B-Instruct (Grattafiori et al., 2024) with
131072 context length. For 14B model, we adopt Qwen team’s Qwen2.5-14B-IT (Qwen et al.,
2025) (context length of 131072), AllenAI’s OLMo-2 (OLMo et al., 2025) (context length of
4096). OLMo-2 has released its intermediate checkpoints for pretraining (OLMo-2-1124-13B)
and instruction-tuning (OLMo-2-1124-13B-Instruct), so we exploit these checkpoints for
tracking with the training steps. For the biggest size model in our experiments, we use the
Qwen2.5-32B-Instruct model.

3.3.2 DATASETS

We primarily experiment with two datasets: Measuring Massive Multitask Language Understanding
(MMLU, Hendrycks et al. (2021)) and AI2 Reasoning Challenge (ARC, Clark et al. (2018)) for
measuring the model’s ability in general domain question answering. MMLU is composed of 57
tasks, a total of 14079 samples that can be categorized into (1) Humanities, (2) Social Science,
(3) Science, Technology, Engineering, and Mathematics (STEM), and (4) Other. We adopt ARC
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challenge test subset, which has 1172 samples in science questions with mostly 4 options, but also
with 3 and 5 options. We additionally consider the mathematics dataset GSM8K and MATH-500 1

to measure the deeper reasoning ability of models. GSM8K has 1819 test set examples of school
mathematics. MATH-500 consists of 500 problems from the MATH benchmark that OpenAI created
in their paper (Lightman et al., 2023)

3.3.3 EVALUATION

We evaluate model performance using the last token logits of the final layer. For the MMLU and
ARC datasets, which consist of multiple-choice questions with mostly four options, we provide
the model with the input sequence: chat template (for IT models), task instruction,
context (if exists), question, answer options, and the prompt ‘Answer:’. From the final
logits, we extract only those corresponding to the option tokens (A–D), apply a softmax over them,
and select the option with the highest probability as the predicted answer. For the math tasks, the
model is required to generate an answer in free-form text, and the final prediction is extracted from
the output using a predefined rule to match the exact value, following the existing implementation.2

For our experiments, we use a zero-shot setting, providing the models only with the dataset samples
without any additional task-related examples, and we report the average result of three runs with
different seeds. The inference time for each experiment varies from 3 minutes to over 3 hours on
one H100 GPU, according to the model size, input length, and batch size.

Figure 2: MMLU and ARC accuracy (%) results of four different models. Each model exhibits
different token types and quantities that are most effective. Smaller models tend to benefit from the
additional space provided by almost any tokens, using them to improve performance. In contrast,
models with sufficient capacity for solving the task gain relatively less from such expansions.

1https://huggingface.co/datasets/HuggingFaceH4/MATH-500
2https://github.com/EleutherAI/lm-evaluation-harness/blob/main/lm_eval/

tasks/hendrycks_math/utils.py
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4 RESULTS

4.1 EFFECT ON QUESTION ANSWERING TASKS

We first investigate the effect of adding filler tokens by evaluating the multiple-choice question an-
swering performance of models on MMLU, a general-domain QA benchmark, and ARC, a science-
domain QA task. Through these experiments, we identify which types of filler tokens, and in what
quantities, can positively influence model performance. We present the full results in Appendix A.2
and A.3.

4.1.1 TOKEN TYPES

In our experiments, we consider six types of tokens: ‘ ’ (space), ‘\n’ (enter), ‘\t’ (tab), ‘.’ (period),
‘<pad>’ (pad), ‘-’ (dash). Across models, we observe accuracy improvements of up to 12.372
percentage points, as presented in Figure 2. For the SmolLM model, the period token yields the best
overall performance on MMLU, while the enter token is most effective on ARC. In contrast, the
<pad> token severely degrades performance when more than 64 tokens are inserted for all models
except Llama-3.1-8B-IT. Interestingly, Llama achieves the highest performance with the <pad>
token, which can be attributed to the fact that it does not employ a dedicated <pad> token but instead
uses the <eos> token in its place. In this case, even with 256 additional tokens, performance remains
substantially higher than the baseline. Qwen2.5-14B-IT model shows far smaller gains compared
to other models. For Qwen2.5-32B-IT model, unlike the Qwen2.5-14B-IT, we observe no early
degradation of performance when additional tokens are introduced. Instead, the expanded space
contributes to performance improvements. Although the magnitude of improvement is substantially
smaller than that of smaller models, the gains are steady and consistent.

4.1.2 TOKEN NUMBERS

Overall, we observe that performance tends to deteriorate as more tokens are added, with a sharp
decline occurring for the <pad> token once the number exceeds 64. We attribute this behavior to
the characteristics of the training corpus and preprocessing, where excessive repetitions of filler-like
tokens are relatively rare. Since the models have not been trained on such inputs, an overly large
number of added tokens cannot be effectively utilized and, instead, appear to hinder performance,
resembling the lost-in-the-middle phenomenon (Liu et al., 2024b; Wright et al., 2025). It was ob-
served that once the number of added tokens surpassed 1024, the accuracy consistently declined to
the 20% range across almost all cases, as shown in Table 1 in Appendix A.1.

While all models show performance degradation beyond a certain input length, the SmolLM2-1.7B-
IT model exhibits the opposite trend, with accuracy continuing to improve as the number of tokens
increases up to 256. This suggests that, in SmolLM, the additional tokens are effectively utilized
for reasoning, compensating for its limited parameter capacity by exploiting the synthetically ex-
panded computation space. In contrast, larger models—already equipped with sufficient parameters
to achieve strong performance—benefit relatively less from such extensions.

4.2 EFFECT ON MATHEMATICS TASKS

To evaluate the mathematical reasoning ability of the models, we assess their generation performance
on math tasks. Figure 3 reports results on MATH-500 and GSM8K. The charts show the models’
ability to generate correct answers when given CoT rationales included in the dataset.

4.2.1 MATH REASONING

The result trends differ slightly between the two benchmarks as in Figure 3 (a). Similar to the QA
experiments, the smallest model exhibits the most pronounced performance gains. For Gemma-3-
4B-IT, performance peaks when 256 tokens are added in MATH-500, suggesting once again that the
expanded space compensates for the limitations imposed by its smaller parameter size. We also ob-
serve that as the number of inserted tokens increases, performance suddenly drops beyond a certain
point. In MATH-500, Llama-3.1-8B-IT initially exhibits a decline in performance, but its accu-
racy improves markedly when 256 filler tokens are added. In contrast, on GSM8K, Llama shows
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Figure 3: (a) MATH-500 and GSM8K exact match (%) scores. Models perform better with ‘ ’
tokens than with <pad> tokens. (b) Position comparison between the filler tokens placed before
and after the ‘Answer:’ token. When the filler tokens are placed after ‘Answer:’ token, the
performances significantly degrade.

an initial performance gain, but its accuracy gradually decreases as more tokens are introduced.
Qwen2.5-14B-IT, on the other hand, does not appear to benefit from the expanded space in either
task: the space token yields only a minor improvement in the very early stages, while the <pad>
token provides no observable effect.

4.2.2 INSERTION POSITION

We investigate two token types in this experiment: a ‘ ’ token that generally yielded strong perfor-
mance in prior experiments and <pad> that did not contribute to performance. Instead, we focus
on specific cases: inserting tokens immediately before ‘Answer:’ token versus inserting them af-
ter ‘Answer:’ token. As shown in Figure 3 (b), placing filler tokens before the Answer: token
(colored) leads to better performance compared to placing filler tokens after it (empty). Even if a
large number of filler tokens are present, the model can still generate an appropriate answer when
Answer: appears at the very end, since the final input naturally prompts the next-token predic-
tion to produce an answer. However, if many filler tokens follow Answer:, the model is more
likely to predict another filler token as the next token, which provides little benefit for answer gen-
eration. Therefore, when a large amount of artificial tokens is added to the input, positioning the
answer-prompting token at the very end of the sequence appears crucial for effectively utilizing the
additional computational space.

4.3 DEVELOPMENT OF EXPANDED COMPUTATION SPACE

We investigate when models begin to exploit filler tokens as expanded computational spaces by
conducting experiments across the full training trajectory of OLMo-2-1124-13B on the ARC task,
using publicly available checkpoints from the initial pretraining (PT) through instruction-tuning
(IT) stages. PT is divided into Stage 1, comprising over 90% of training, and Stage 2, accounting for
roughly 5–10%. Stage 1 checkpoints of the released OLMo-2 PT model were saved every 1K steps,
totaling 590K steps (∼5T tokens), and we experiment on checkpoints corresponding to every 200B
tokens. For Stage 2, training weights were constructed from three ingredients; we select ingredient
4 and use checkpoints saved every 1K steps, covering ∼35K steps (∼300B tokens). As shown in
Figure 4, adding 64 enter tokens initially lowers performance compared to the original input. Only
from mid to late Stage 2 does performance approach and slightly exceed the baseline, suggesting
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Figure 4: ARC results across PT checkpoints of OLMo-2-1124-13B. PT Stage 1 is compressed and
Stage 2 is expanded for readability.

Figure 5: ARC results across IT checkpoints of OLMo-2-1124-13B-Instruct.

that the model needs sufficient exposure to diverse data and a certain level of language proficiency
before it can effectively leverage filler tokens as additional computational space.

For the OLMo-2 IT model, the instruction-tuning phase spans from step 60 to the final step, with 14
checkpoints sampled at intervals of 60 steps. The results are shown in Figure 5. The model exhibits
only minor variations at score levels above 80.5, achieving its highest performance at the main
checkpoint. When filler tokens are added, the model follows a similar overall performance trend
but maintains approximately 1% point higher scores. After PT, in IT stage, performance improves
consistently across all checkpoints, suggesting that the model can leverage filler tokens as additional
computational space once it has sufficient prior knowledge of them.

4.4 INTERPRETING INNER WORKINGS

To see the relationship between the original input and the extended spaces, we look into the attention
map of the input extended with filler tokens, as in Figure 6. We analyze an example from the Gemma-
3-4B-IT, where the model fails to predict the correct answer with only the original input but succeeds
when filler tokens are added. For visualization, we omit the chat template and task explanation for
clarity.

As shown in (a) in Figure 6, in some cases, the attention scores within the added spaces are higher
in average than in other parts, particularly in the early layers. In (b), the entire input shows strong
attention to the question (upper white regions), while the filler tokens attend heavily to the <EOT>
token and the first filler token (red regions). Notably, the filler tokens consistently attend to the
original input in a uniform manner, a phenomenon frequently observed across many layers and
heads. This suggests that filler tokens contribute relatively evenly, regardless of their position. As in
(c), certain filler tokens exhibit strong attention to specific parts of the question, such as the word
‘kinase’ (lower-left dark red point), as well as to tokens within the answer options. This indicates
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Figure 6: Attention maps of Gemma-3-4B-IT model with 16 of ‘ ’ tokens. This is the sample
#123 of clinical knowledge in MMLU dataset. For simplicity, we do not include the texts in chat
templates (e.g., ‘You are a helpful assistant...’) and the task explanations (e.g., ‘This is a multiple-
choice...’) in this example. ‘L’ and ‘H’ in the figures indicate layer and head index, respectively.

that, in the middle layers, filler tokens participate in interpreting both the question and the options.
In (d), at the 23rd layer out of 34 layers, the filler token space shows strong attention to option D,
which corresponds to the correct answer. This suggests that the decision toward the correct answer
begins to emerge in the mid-to-late layers. As in (e), in the final layer, the filler tokens give the
highest attention to the <EOT> and answer tokens, indicating preparation for generating the final
output.

These examples demonstrate that filler tokens do not merely serve as meaningless extensions of the
input space, but rather attend to important information in the question and options, and influence the
process of answer selection. Additional examples from other models and samples are provided in
Appendix A.4.

5 CONCLUSION

In this work, we introduced an intriguing phenomenon where the insertion of filler tokens at infer-
ence time leads to performance improvements in language models. Across models of varying sizes,
we observed that although the effective token types and quantities differ, the presence of expanded
spaces contributes to better performance on both QA and mathematical reasoning tasks. Through
experiments with intermediate PT and IT checkpoints, we further demonstrated that models acquire
the ability to utilize these additional spaces during the pretraining phase. Moreover, smaller models
benefit more substantially, suggesting that the expanded space compensates for their limited param-
eter capacity. Finally, our attention map analysis revealed that these spaces are not simply redundant
extensions of the input, but rather serve as spaces where meaningful computations for answer infer-
ence take place.
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Zhang, Pengwei Li, Petar Vasic, Peter Weng, Prajjwal Bhargava, Pratik Dubal, Praveen Krishnan,
Punit Singh Koura, Puxin Xu, Qing He, Qingxiao Dong, Ragavan Srinivasan, Raj Ganapathy, Ra-
mon Calderer, Ricardo Silveira Cabral, Robert Stojnic, Roberta Raileanu, Rohan Maheswari, Ro-
hit Girdhar, Rohit Patel, Romain Sauvestre, Ronnie Polidoro, Roshan Sumbaly, Ross Taylor, Ruan
Silva, Rui Hou, Rui Wang, Saghar Hosseini, Sahana Chennabasappa, Sanjay Singh, Sean Bell,
Seohyun Sonia Kim, Sergey Edunov, Shaoliang Nie, Sharan Narang, Sharath Raparthy, Sheng
Shen, Shengye Wan, Shruti Bhosale, Shun Zhang, Simon Vandenhende, Soumya Batra, Spencer
Whitman, Sten Sootla, Stephane Collot, Suchin Gururangan, Sydney Borodinsky, Tamar Herman,
Tara Fowler, Tarek Sheasha, Thomas Georgiou, Thomas Scialom, Tobias Speckbacher, Todor Mi-
haylov, Tong Xiao, Ujjwal Karn, Vedanuj Goswami, Vibhor Gupta, Vignesh Ramanathan, Vik-
tor Kerkez, Vincent Gonguet, Virginie Do, Vish Vogeti, Vı́tor Albiero, Vladan Petrovic, Weiwei
Chu, Wenhan Xiong, Wenyin Fu, Whitney Meers, Xavier Martinet, Xiaodong Wang, Xiaofang
Wang, Xiaoqing Ellen Tan, Xide Xia, Xinfeng Xie, Xuchao Jia, Xuewei Wang, Yaelle Gold-
schlag, Yashesh Gaur, Yasmine Babaei, Yi Wen, Yiwen Song, Yuchen Zhang, Yue Li, Yuning
Mao, Zacharie Delpierre Coudert, Zheng Yan, Zhengxing Chen, Zoe Papakipos, Aaditya Singh,
Aayushi Srivastava, Abha Jain, Adam Kelsey, Adam Shajnfeld, Adithya Gangidi, Adolfo Victoria,

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Ahuva Goldstand, Ajay Menon, Ajay Sharma, Alex Boesenberg, Alexei Baevski, Allie Feinstein,
Amanda Kallet, Amit Sangani, Amos Teo, Anam Yunus, Andrei Lupu, Andres Alvarado, An-
drew Caples, Andrew Gu, Andrew Ho, Andrew Poulton, Andrew Ryan, Ankit Ramchandani, An-
nie Dong, Annie Franco, Anuj Goyal, Aparajita Saraf, Arkabandhu Chowdhury, Ashley Gabriel,
Ashwin Bharambe, Assaf Eisenman, Azadeh Yazdan, Beau James, Ben Maurer, Benjamin Leon-
hardi, Bernie Huang, Beth Loyd, Beto De Paola, Bhargavi Paranjape, Bing Liu, Bo Wu, Boyu
Ni, Braden Hancock, Bram Wasti, Brandon Spence, Brani Stojkovic, Brian Gamido, Britt Mon-
talvo, Carl Parker, Carly Burton, Catalina Mejia, Ce Liu, Changhan Wang, Changkyu Kim, Chao
Zhou, Chester Hu, Ching-Hsiang Chu, Chris Cai, Chris Tindal, Christoph Feichtenhofer, Cyn-
thia Gao, Damon Civin, Dana Beaty, Daniel Kreymer, Daniel Li, David Adkins, David Xu, Da-
vide Testuggine, Delia David, Devi Parikh, Diana Liskovich, Didem Foss, Dingkang Wang, Duc
Le, Dustin Holland, Edward Dowling, Eissa Jamil, Elaine Montgomery, Eleonora Presani, Emily
Hahn, Emily Wood, Eric-Tuan Le, Erik Brinkman, Esteban Arcaute, Evan Dunbar, Evan Smoth-
ers, Fei Sun, Felix Kreuk, Feng Tian, Filippos Kokkinos, Firat Ozgenel, Francesco Caggioni,
Frank Kanayet, Frank Seide, Gabriela Medina Florez, Gabriella Schwarz, Gada Badeer, Georgia
Swee, Gil Halpern, Grant Herman, Grigory Sizov, Guangyi, Zhang, Guna Lakshminarayanan,
Hakan Inan, Hamid Shojanazeri, Han Zou, Hannah Wang, Hanwen Zha, Haroun Habeeb, Harri-
son Rudolph, Helen Suk, Henry Aspegren, Hunter Goldman, Hongyuan Zhan, Ibrahim Damlaj,
Igor Molybog, Igor Tufanov, Ilias Leontiadis, Irina-Elena Veliche, Itai Gat, Jake Weissman, James
Geboski, James Kohli, Janice Lam, Japhet Asher, Jean-Baptiste Gaya, Jeff Marcus, Jeff Tang, Jen-
nifer Chan, Jenny Zhen, Jeremy Reizenstein, Jeremy Teboul, Jessica Zhong, Jian Jin, Jingyi Yang,
Joe Cummings, Jon Carvill, Jon Shepard, Jonathan McPhie, Jonathan Torres, Josh Ginsburg, Jun-
jie Wang, Kai Wu, Kam Hou U, Karan Saxena, Kartikay Khandelwal, Katayoun Zand, Kathy
Matosich, Kaushik Veeraraghavan, Kelly Michelena, Keqian Li, Kiran Jagadeesh, Kun Huang,
Kunal Chawla, Kyle Huang, Lailin Chen, Lakshya Garg, Lavender A, Leandro Silva, Lee Bell,
Lei Zhang, Liangpeng Guo, Licheng Yu, Liron Moshkovich, Luca Wehrstedt, Madian Khabsa,
Manav Avalani, Manish Bhatt, Martynas Mankus, Matan Hasson, Matthew Lennie, Matthias
Reso, Maxim Groshev, Maxim Naumov, Maya Lathi, Meghan Keneally, Miao Liu, Michael L.
Seltzer, Michal Valko, Michelle Restrepo, Mihir Patel, Mik Vyatskov, Mikayel Samvelyan, Mike
Clark, Mike Macey, Mike Wang, Miquel Jubert Hermoso, Mo Metanat, Mohammad Rastegari,
Munish Bansal, Nandhini Santhanam, Natascha Parks, Natasha White, Navyata Bawa, Nayan
Singhal, Nick Egebo, Nicolas Usunier, Nikhil Mehta, Nikolay Pavlovich Laptev, Ning Dong,
Norman Cheng, Oleg Chernoguz, Olivia Hart, Omkar Salpekar, Ozlem Kalinli, Parkin Kent,
Parth Parekh, Paul Saab, Pavan Balaji, Pedro Rittner, Philip Bontrager, Pierre Roux, Piotr Dollar,
Polina Zvyagina, Prashant Ratanchandani, Pritish Yuvraj, Qian Liang, Rachad Alao, Rachel Ro-
driguez, Rafi Ayub, Raghotham Murthy, Raghu Nayani, Rahul Mitra, Rangaprabhu Parthasarathy,
Raymond Li, Rebekkah Hogan, Robin Battey, Rocky Wang, Russ Howes, Ruty Rinott, Sachin
Mehta, Sachin Siby, Sai Jayesh Bondu, Samyak Datta, Sara Chugh, Sara Hunt, Sargun Dhillon,
Sasha Sidorov, Satadru Pan, Saurabh Mahajan, Saurabh Verma, Seiji Yamamoto, Sharadh Ra-
maswamy, Shaun Lindsay, Shaun Lindsay, Sheng Feng, Shenghao Lin, Shengxin Cindy Zha,
Shishir Patil, Shiva Shankar, Shuqiang Zhang, Shuqiang Zhang, Sinong Wang, Sneha Agarwal,
Soji Sajuyigbe, Soumith Chintala, Stephanie Max, Stephen Chen, Steve Kehoe, Steve Satter-
field, Sudarshan Govindaprasad, Sumit Gupta, Summer Deng, Sungmin Cho, Sunny Virk, Suraj
Subramanian, Sy Choudhury, Sydney Goldman, Tal Remez, Tamar Glaser, Tamara Best, Thilo
Koehler, Thomas Robinson, Tianhe Li, Tianjun Zhang, Tim Matthews, Timothy Chou, Tzook
Shaked, Varun Vontimitta, Victoria Ajayi, Victoria Montanez, Vijai Mohan, Vinay Satish Ku-
mar, Vishal Mangla, Vlad Ionescu, Vlad Poenaru, Vlad Tiberiu Mihailescu, Vladimir Ivanov,
Wei Li, Wenchen Wang, Wenwen Jiang, Wes Bouaziz, Will Constable, Xiaocheng Tang, Xiao-
jian Wu, Xiaolan Wang, Xilun Wu, Xinbo Gao, Yaniv Kleinman, Yanjun Chen, Ye Hu, Ye Jia,
Ye Qi, Yenda Li, Yilin Zhang, Ying Zhang, Yossi Adi, Youngjin Nam, Yu, Wang, Yu Zhao,
Yuchen Hao, Yundi Qian, Yunlu Li, Yuzi He, Zach Rait, Zachary DeVito, Zef Rosnbrick, Zhao-
duo Wen, Zhenyu Yang, Zhiwei Zhao, and Zhiyu Ma. The llama 3 herd of models, 2024. URL
https://arxiv.org/abs/2407.21783.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in llms
via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and Ja-
cob Steinhardt. Measuring massive multitask language understanding. In International Confer-

11

https://arxiv.org/abs/2407.21783


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

ence on Learning Representations, 2021. URL https://openreview.net/forum?id=
d7KBjmI3GmQ.

David Herel and Tomas Mikolov. Thinking tokens for language modeling. arXiv preprint
arXiv:2405.08644, 2024.

Sepp Hochreiter and Jürgen Schmidhuber. Long short-term memory. Neural computation, 9(8):
1735–1780, 1997.

Wenyue Hua and Yongfeng Zhang. System 1+ system 2= better world: Neural-symbolic chain of
logic reasoning. In Findings of the Association for Computational Linguistics: EMNLP 2022, pp.
601–612, 2022.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam Perelman, Aditya Ramesh, Aidan Clark, AJ Os-
trow, Akila Welihinda, Alan Hayes, Alec Radford, et al. Gpt-4o system card. arXiv preprint
arXiv:2410.21276, 2024.

Daniel Kahneman. Maps of bounded rationality: Psychology for behavioral economics. American
economic review, 93(5):1449–1475, 2003.

Tamera Lanham, Anna Chen, Ansh Radhakrishnan, Benoit Steiner, Carson Denison, Danny Her-
nandez, Dustin Li, Esin Durmus, Evan Hubinger, Jackson Kernion, et al. Measuring faithfulness
in chain-of-thought reasoning. arXiv preprint arXiv:2307.13702, 2023.

Zhong-Zhi Li, Duzhen Zhang, Ming-Liang Zhang, Jiaxin Zhang, Zengyan Liu, Yuxuan Yao, Haotian
Xu, Junhao Zheng, Pei-Jie Wang, Xiuyi Chen, et al. From system 1 to system 2: A survey of
reasoning large language models. arXiv preprint arXiv:2502.17419, 2025.

Hunter Lightman, Vineet Kosaraju, Yura Burda, Harri Edwards, Bowen Baker, Teddy Lee, Jan
Leike, John Schulman, Ilya Sutskever, and Karl Cobbe. Let’s verify step by step. arXiv preprint
arXiv:2305.20050, 2023.

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu, Chengda Lu, Chenggang Zhao,
Chengqi Deng, Chenyu Zhang, Chong Ruan, et al. Deepseek-v3 technical report. arXiv preprint
arXiv:2412.19437, 2024a.

Nelson F. Liu, Kevin Lin, John Hewitt, Ashwin Paranjape, Michele Bevilacqua, Fabio Petroni, and
Percy Liang. Lost in the Middle: How Language Models Use Long Contexts. Transactions of the
Association for Computational Linguistics, 12:157–173, 2024b. doi: 10.1162/tacl a 00638. URL
https://aclanthology.org/2024.tacl-1.9/.

Team OLMo, Pete Walsh, Luca Soldaini, Dirk Groeneveld, Kyle Lo, Shane Arora, Akshita Bhagia,
Yuling Gu, Shengyi Huang, Matt Jordan, Nathan Lambert, Dustin Schwenk, Oyvind Tafjord,
Taira Anderson, David Atkinson, Faeze Brahman, Christopher Clark, Pradeep Dasigi, Nouha
Dziri, Michal Guerquin, Hamish Ivison, Pang Wei Koh, Jiacheng Liu, Saumya Malik, William
Merrill, Lester James V. Miranda, Jacob Morrison, Tyler Murray, Crystal Nam, Valentina Py-
atkin, Aman Rangapur, Michael Schmitz, Sam Skjonsberg, David Wadden, Christopher Wilhelm,
Michael Wilson, Luke Zettlemoyer, Ali Farhadi, Noah A. Smith, and Hannaneh Hajishirzi. 2
olmo 2 furious, 2025. URL https://arxiv.org/abs/2501.00656.

Jacob Pfau, William Merrill, and Samuel R Bowman. Let’s think dot by dot: Hidden computation
in transformer language models. arXiv preprint arXiv:2404.15758, 2024.

Qwen, :, An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan Lin, Jian Yang, Jianhong Tu, Jianwei Zhang,
Jianxin Yang, Jiaxi Yang, Jingren Zhou, Junyang Lin, Kai Dang, Keming Lu, Keqin Bao, Kexin
Yang, Le Yu, Mei Li, Mingfeng Xue, Pei Zhang, Qin Zhu, Rui Men, Runji Lin, Tianhao Li, Tianyi
Tang, Tingyu Xia, Xingzhang Ren, Xuancheng Ren, Yang Fan, Yang Su, Yichang Zhang, Yu Wan,
Yuqiong Liu, Zeyu Cui, Zhenru Zhang, and Zihan Qiu. Qwen2.5 technical report, 2025. URL
https://arxiv.org/abs/2412.15115.

Gemini Team, Rohan Anil, Sebastian Borgeaud, Jean-Baptiste Alayrac, Jiahui Yu, Radu Soricut,
Johan Schalkwyk, Andrew M Dai, Anja Hauth, Katie Millican, et al. Gemini: a family of highly
capable multimodal models. arXiv preprint arXiv:2312.11805, 2023.

12

https://openreview.net/forum?id=d7KBjmI3GmQ
https://openreview.net/forum?id=d7KBjmI3GmQ
https://aclanthology.org/2024.tacl-1.9/
https://arxiv.org/abs/2501.00656
https://arxiv.org/abs/2412.15115


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Gemma Team, Aishwarya Kamath, Johan Ferret, Shreya Pathak, Nino Vieillard, Ramona Merhej,
Sarah Perrin, Tatiana Matejovicova, Alexandre Ramé, Morgane Rivière, et al. Gemma 3 technical
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A APPENDIX

A.1 RESULTS WITH LONGER FILLER TOKENS

Table 1: MMLU and ARC accuracy (%) with ‘ ’ (space) tokens added. The numbers highlighted
in yellow indicate performance improvements compared to the case without filler tokens. Smaller
models exhibit larger performance gains, while performance begins to break down once more than
1024 tokens are added.

MMLU
M SmolLM2-1.7B-IT Gemma-3-4b-it Llama-3.1-8B-IT Qwen2.5-14B-IT Qwen2.5-32B-IT

0 40.639 59.953 65.012 78.663 82.457

16 39.805 57.496 65.999 78.173 82.657
32 42.023 57.617 66.846 78.141 82.708
64 43.920 56.986 67.021 78.168 82.685
128 44.505 57.284 67.050 77.903 82.673
256 43.691 57.756 67.076 77.608 82.556
512 - - 67.546 77.599 82.449

1024 - - 64.394 78.662 81.969
2048 - - 32.517 78.178 45.889
4096 - - 27.453 48.695 27.328
8192 - - 25.739 25.062 17.242

ARC
M SmolLM2-1.7B-IT Gemma-3-4b-it Llama-3.1-8B-IT Qwen2.5-14B-IT Qwen2.5-32B-IT

0 42.747 74.915 78.584 92.150 95.222

16 48.123 75.171 79.949 92.150 95.392
32 51.280 74.232 79.778 92.235 95.392
64 52.986 73.891 80.290 92.235 95.137
128 52.645 73.635 81.058 91.980 95.222
256 52.901 73.976 80.973 90.358 95.222
512 - - 81.058 90.700 95.051

1024 - - 71.843 91.894 94.795
2048 - - 25.683 92.235 36.775
4096 - - 24.573 61.775 23.038
8192 - - 26.365 22.611 14.420
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A.2 MMLU RESULTS

Figure 7: MMLU accuracy scores of models with each filler token type.
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A.3 ARC RESULTS

Figure 8: ARC accuracy scores of models with each filler token type.
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A.4 ATTENTION MAP EXAMPLES

(a) L0 H1 (b) L5 H4

(c) L06 H12 (d) L20 H29

Figure 9: SmolLM2-1.7B-Instruct’s attention maps with 64 of period tokens. This sample is 15 of
elementary mathematics in MMLU.
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