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Abstract
Resource limitations often constrain the parame-
ter counts of Large Language Models (LLMs),
hindering their performance. While existing
methods employ parameter sharing to reuse the
same parameter set under fixed budgets, such ap-
proaches typically force each layer to assume
multiple roles with a predetermined number of
iterations, restricting efficiency and adaptability.
In this work, we propose the Zero Token Trans-
former (ZTT), which features a head-tail decou-
pled parameter cycling method. We disentangle
the first (head) and last (tail) layers from parame-
ter cycling and iteratively refine only the interme-
diate layers. Furthermore, we introduce a Zero-
Token Mechanism, an internal architectural com-
ponent rather than an input token, to guide layer-
specific computation. At each cycle, the model
retrieves a zero token (with trainable key values)
from a Zero-Token Pool, integrating it alongside
regular tokens in the attention mechanism. The
corresponding attention scores not only reflect
each layer’s computational importance but also
enable dynamic early exits without sacrificing
overall model accuracy. Our approach achieves
superior performance under tight parameter bud-
gets, effectively reduces computational overhead
via early exits, and can be readily applied to fine-
tune existing pre-trained models for enhanced ef-
ficiency and adaptability.

1. Introduction
n recent years, it has been widely acknowledged that the
performance of Large Language Models (LLMs) improves
with an increasing number of parameters (Rae et al., 2021;
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Rosenfeld et al., 2019). Consequently, scaling up parameter
counts has become a common strategy for enhancing model
performance (Leviathan et al., 2023; Xu et al., 2024; Pope
et al., 2023). However, this approach is often infeasible
for users with limited computational resources. A critical
challenge, therefore, is to achieve better performance under
a fixed parameter budget (Zhou et al., 2024).

A variety of model compression techniques, including quan-
tization (Lin et al., 2024; Liu et al., 2023), pruning (Ma
et al., 2023; Sun et al., 2023), and distillation (Latif et al.,
2023; Shum et al., 2024), have been proposed to shrink large
models to smaller ones. In parallel, another line of research
has investigated ways to leverage additional computation
within a fixed number of parameters, thereby unlocking
deeper or more iterative reasoning (Dehghani et al., 2018;
Lan, 2019). A common strategy here is parameter shar-
ing, where model layers reuse the same parameters across
multiple computational cycles, sometimes referred to as
“parameter cycling.” Rather than maintaining a separate set
of parameters for each layer, models recurrently apply a
compact parameter set, reducing memory requirements and
potentially increasing depth of reasoning.

Despite its potential, parameter cycling raises three core
challenges: (1) Which parameters should be reused across
iterative cycles? (2) How can these shared parameters
be managed to avoid functional conflicts and performance
degradation? (3) When should the model decide that no fur-
ther reasoning is necessary, thus saving computational cost
without truncating essential inference steps prematurely?

Existing works partially address one or two of these ques-
tions. For example, Solar (Kim et al., 2023) reuses parame-
ters from intermediate layers (which parameters), while the
Relaxed Recursive Transformer (Bae et al., 2024) focuses on
how to manage the recurring layer through LoRA (Hu et al.,
2021). Palbert (Balagansky & Gavrilov, 2022), combining
PonderNet (Banino et al., 2021) with ALBERT, explores
when to stop via a dynamic pondering mechanism. However,
none of these approaches provide a comprehensive solution
that systematically addresses all three dimensions—which
parameters to cycle, how to apply them, and when to termi-
nate reasoning.
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In this paper, we propose a Zero Token Transformer (ZTT)
that systematically tackles these three challenges. Our ap-
proach is applicable to both training from scratch and fine-
tuning existing pretrained models. Specifically:

• Head-Tail Decoupled Cyclic Architecture. To handle
the question of which parameters to share, we decouple
the first (head) and last (tail) layers from the parameter-
sharing mechanism, because their specialized functions
(encoding raw inputs and mapping representations to
outputs) differ significantly from those of intermediate
layers. Only the intermediate layers are recurrently
used in a cyclic manner, improving efficiency while
preserving essential input and output transformations.

• Zero-Token Mechanism. To address how to manage
shared parameters effectively, we introduce a novel
Zero-Token Mechanism. Each intermediate layer re-
trieves a Zero-Token (with a trainable key and zero-
valued representation) from a Zero-Token Pool and
processes it alongside regular tokens. The attention
scores toward the Zero-Token act as a guide for layer-
specific computations, helping the model determine
the extent of “reuse vs. new reasoning” at each cyclic
iteration. This design mitigates potential conflicts that
arise when reusing the same parameters multiple times.

• A Dynamic Mechanism for Determining the Num-
ber of Cyclic Iterations. Finally, to address when to
stop, we employ an early-exit style mechanism driven
by the Zero-Token’s attention scores. When the atten-
tion to the Zero-Token surpasses a threshold, the model
infers that further computation in subsequent cycles
is unlikely to yield additional benefits and exits ac-
cordingly—striking a balance between computational
efficiency and preserving accuracy.

The key contributions of this work can be summarized as
follows:

1. We propose a structured parameter cycling approach
that holistically tackles the “what, how, when” chal-
lenges of layer reuse under tight parameter budgets.

2. We demonstrate that decoupling head and tail layers
(while cycling among intermediate layers) yields both
better reasoning depth and computational efficiency.

3. We introduce the Zero-Token Mechanism, allowing
for dynamic control of layer-specific computation and
enabling an effective early-exit strategy.

4. We demonstrate that our approach enhances perfor-
mance in both training from scratch and fine-tuning
existing large language models, highlighting its practi-
cal applicability to real-world deployments.

2. Related Work
Parameter sharing has long been explored in early deep
learning architectures, such as Convolutional Neural Net-
works (CNNs) (Eigen et al., 2013; Savarese & Maire, 2019)
and Recurrent Neural Networks (RNNs) (Graves, 2016;
Sherstinsky, 2020), effectively reducing model complex-
ity while preserving performance. The Universal Trans-
former (Dehghani et al., 2018) later extended this idea to
the Transformer architecture, demonstrating that reusing
parameters in a cyclical manner across layers can substan-
tially enhance efficiency. Subsequently, various studies
have investigated which Transformer components should be
shared. Some focus on parameter reuse within individual
layers (Dabre & Fujita, 2019), tying encoder and decoder
components (Milbauer et al., 2023; Xia et al., 2019), or
adopting partial expert networks (Liu et al., 2024). Others
optimize how parameter sharing is organized, for instance
by stacking parameters in specific orders (Takase & Kiyono,
2021) or applying factorized embeddings (Lan, 2019) to im-
prove performance. A critical aspect of parameter cycling is
determining when to repeat computations. Methods such as
ACT (Chowdhury & Caragea, 2024; Graves, 2016; Csordás
et al., 2024; Tan et al., 2023) and PonderNet (Banino et al.,
2021; Balagansky & Gavrilov, 2022) introduce adaptive
recursion, allowing the model to decide how many cycles
of computation are needed for deeper reasoning. However,
most of these studies focus on training from scratch rather
than fine-tuning large pre-trained models, limiting their prac-
ticality in real-world scenarios.

Recent work has begun to address parameter cycling within
pre-trained Large Language Models. For instance, So-
lar (Kim et al., 2023) improves performance by reusing
parameters from the middle layers of the Llama model (Tou-
vron et al., 2023), illustrating which layers to cycle. Re-
laxed Recursive Transformers (Bae et al., 2024) integrate
LoRA (Hu et al., 2021) modules to alleviate performance
degradation caused by repetitive parameter usage. Despite
these advances, the question of when to stop recurrent pro-
cessing remains underexplored. Although Relaxed Recur-
sive Transformers consider varying numbers of cycles, they
rely on fixed computation paths rather than a genuinely
dynamic mechanism. Meanwhile, research on early exit-
ing (Chen et al., 2023; Pan et al., 2024) focuses primarily
on non-recurrent models, leaving open the question of how
many cycles a recurrent model should undergo. In contrast,
our approach comprehensively addresses the three central
questions of what to cycle, how to manage recurrent parame-
ters, and when to terminate reasoning. We propose a method
applicable both to training from scratch and to fine-tuning
pre-trained LLMs, offering a practical and efficient solution
for enhancing model performance under tight parameter
budgets.
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Figure 1: Left: A 6-layer vanilla transformer without cyclic processing. Center: A transformer with a simple two-cycle
mechanism. Right: A two-cycle Zero Token Transformer, where the first and last layers do not participate in the cycling
process. Each layer introduces an additional Zero Token. The rightmost part illustrates how the Zero Token is incorporated.
Using the second layer as an example: the Zero Token is prepended to the sequence by aligning its key with the original
tokens at the beginning, and an all-zero value is added in front of the value sequence. Placing the Zero Token at the beginning
ensures that all subsequent tokens can effectively attend to it.

3. Zero Token Transformer
In this section, we introduce our Zero-Token Transformer
(ZTT), a novel approach that combines Head-Tail Decoupled
Cyclic Architecture and a Zero-Token Mechanism with a gat-
ing strategy. We begin by examining preliminary observa-
tions from a Basic Cyclic Transformer (BCT) and highlight
the challenges that arise when scaling up. We then describe
how our head-tail decoupling addresses these issues, and
how the Zero Token and gating mechanism further enhance
performance and enable dynamic early exiting.

3.1. Basic Cyclic Transformer (BCT) and Motivation

We first consider a simple form of cyclic Transformer, fol-
lowing (Bae et al., 2024; Takase & Kiyono, 2021), where
a single Transformer layer (or a small stack of layers) is
repeatedly applied for N cycles. Formally, let H l,n

F be the
output of layer l at cycle n:

H l,n
F = H l,n

A + FFN
(
LN(H l,n

A ), θl
)
,

H l,n
A = H l−1,n

F + MultiHead
(
H l−1,n

F ,Φ
)
,

l ∈ {1, 2, . . . , L}, n ∈ {1, 2, . . . , N},
(1)

where Φ and θl are trainable parameters, and the same pa-
rameters are reused at each cycle. For simplicity, H0,1

F is the
embedding of the input tokens. When N = 1, this reduces
to a standard (vanilla) L-layer Transformer.

Figure 2(a) shows perplexities on WikiText-2 under the
same total computational cost (number of layers × number
of cycles). For instance, a 1-layer BCT run for 12 cycles
achieves a lower perplexity than a 1-layer vanilla Trans-
former (i.e., N = 1), but it is still worse than a standard
12-layer Transformer with the same total computational bud-
get. Similarly, adding classification heads after each cycle
for early exiting (“Early exit” in Figure 2(a)) further de-
grades performance, indicating that requiring intermediate

outputs imposes extra burdens on the cyclic layers.

Empirical Comparison. These findings highlight a fun-
damental issue with basic cyclic Transformers: each cyclic
block assumes significantly greater responsibilities than a
vanilla Transformer layer. First, cyclic layers must fulfill
the roles of multiple layers by providing enhanced interme-
diate representations for subsequent computations, while
also producing high-quality outputs for the classification
head. Moreover, there is no explicit guidance on the specific
role a given layer should perform at each iteration. This
lack of role distinction may lead to confusion and compu-
tational conflicts, ultimately affecting overall performance.
Consequently, even when the current representation is well-
optimized, it is recalculated in subsequent cycles, potentially
overwriting previously learned representations.

Increasing Cycles Alone Is Insufficient. Reusing the
same layer(s) for multiple cycles indeed improves perfor-
mance compared to a single-layer Transformer. However, as
we increase the total layer count or require early-exit outputs
at each cycle, the performance gap between Basic Cyclic
Transformers and an equivalently sized vanilla Transformer
widens. We hypothesize that this occurs because each cyclic
block in BCT must simultaneously compute refined internal
representations and produce final outputs for classification
at each cycle, without any guidance on how to specialize.
As cycles accumulate, these conflicting objectives can lead
to overwriting or “conflicting” representations.

Based on the observations above, we identify three key
issues that motivate our design:

Issue 1: No separation of specialized layers. The first and
last layers in a Transformer typically have distinct
roles (e.g., mapping raw inputs or producing log-
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(a) (b)

Figure 2: Comparison of model performance under equal computational complexity. (a) The effect of varying computational
complexity, where 1L denotes the original model with a single layer, and increased complexity corresponds to repeated
model calls. “Early exit” refers to adding a classification head after each cycle to train intermediate results. (b) On the left
y-axis, the intermediate results of different models under the “early exit” condition when the total computational complexity
is fixed at 15 (cycles × layers). On the right y-axis, the average attention values of other tokens to the Zero Token and the
gate value at the output of the Zero Token Transformer.

its). Forcing them to share parameters can degrade
performance (§3.2).

Issue 2: Lack of role distinction among cycles. In BCT,
the same layer repeatedly processes the representa-
tion, even if the current representation is sufficiently
refined. There is no mechanism to skip certain cy-
cles or to mark a cycle as “for further refinement”
(§3.3).

Issue 3: When to stop further computation? Simply run-
ning N cycles can waste computation once the net-
work is “confident.” Likewise, forcing a classifica-
tion output at every cycle can degrade performance.
A more dynamic approach is needed (§3.4).

To address these issues, we propose the Zero-Token Trans-
former, which comprises:

- Head-Tail Decoupled Cyclic Architecture (§3.2): We do
not cycle the first and last layers, preserving their specialized
roles while only reusing intermediate layers. - Zero-Token
Mechanism (§3.3): We insert a learnable “Zero Token” into
each attention layer to guide or skip computations dynami-
cally, enabling distinct cycle-specific roles. - A Dynamic
Mechanism for Determining the Number of Cyclic Iter-
ations (§3.4): We add a lightweight gating network in the
feed-forward layer to help decide when to terminate further
computation based on the Zero Token’s attention.

In the following subsections, we detail each component and
explain how they address the issues above.

3.2. Head-Tail Decoupled Cyclic Architecture

Recent analyses (Sun et al., 2024) suggest that intermediate
Transformer layers often exhibit functionally similar rep-
resentations, whereas the head (first) and tail (last) layers
specialize in tasks such as raw feature encoding and output
mapping. Pruning or drastically altering these boundary lay-
ers tends to have an outsized impact on overall performance.

Hence, we preserve the original first and last layers as fixed
(non-cyclic) and let only the middle layers reuse parameters
across N cycles, as shown in Figure 1(right). Concretely,
if the Transformer has L layers, we exclude layers 1 and L
from parameter cycling:

l ∈ {2, 3, . . . , L− 1}, n ∈ {1, . . . , N}. (2)

By doing so, the distinct responsibilities of the head and
tail layers remain intact, mitigating conflicts. Figure 2(a)
shows that under the same total computational budget, our
Head-Tail Decoupled Cyclic Transformer (HDT) achieves
better perplexity than a straightforward “all-layer cycling”
design, confirming that preserving specialized boundary
layers helps alleviate the performance gap (Issue 1).

3.3. Zero-Token Mechanism

Even with head-tail decoupling, intermediate layers in a
cyclic setup can still redundantly process representations. If
the current representation is already high-quality, repeatedly
refining it may overwrite earlier features or create conflicts.
We address this by introducing a small, trainable “Zero
Token” into each attention layer—acting like a prompt that
“signals” whether the model should refine or skip a cycle.

4
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For the l-th layer in cycle n, we insert a Zero Token (ZToken)
at the start of the sequence. It has:

• A key vector Kl,n
z,i (split by head i) that is trainable,

• A value vector V l,n
0,i that is all zeros, and

• No query component.

Placing the Zero Token at the front ensures all other tokens
can attend to it. Formally, the multi-head attention in Eq. 1
becomes:

Kl,n
new,i =

[
Kl,n

z,i , K
l
i

]
,

V l,n
new,i =

[
V l,n
0,i , V

l
i

]
,

MultiHead
(
Ql,Kl,n

new, V
l,n

new

)
. (3)

Role of the Zero Token. Each cycle “fetches” its own
Zero Token, whose trainable key can induce high or low
attention from the queries Ql. If the model “pays a lot of
attention” to this zero-valued token, the output effectively
becomes the same as the previous representation (since
multiplying by zero yields no further update). This lets each
layer decide whether to refine or skip, addressing Issue 2
(lack of role distinction across cycles).

In Figure 2(b) (right y-axis), we plot the average attention
score to the Zero Token over different cycles. Higher at-
tention corresponds to the model “opting out” of deeper
recalculation.

3.4. A Dynamic Mechanism for Determining the
Number of Cyclic Iterations

While the Zero Token’s attention score is the main indicator
for deciding whether to halt additional cycles, we introduce
a lightweight gating mechanism around the feed-forward
network (FFN) to provide finer-grained computational con-
trol. Even if the model has not yet triggered an early exit,
some cycles may only require partial FFN computation.

We modify the FFN in Eq. 1 by adding:

H l
F = H l

A +
[
FFN

(
LN(H l

A), θ
l
)]

· gate
(
LN(H l

A)
)
,

gate(·) ∈ [0, 1].
(4)

When gate(·) is close to 1, the full FFN transform is applied;
when near 0, the FFN is mostly bypassed, saving computa-
tion. We observe that the gating value often correlates with
the Zero Token’s attention: if the model pays high attention
to the Zero Token, it implies less refinement is needed, and
the gate decreases accordingly.

Early Exit Criterion. The Zero Token’s attention score
(§3.3) remains the primary criterion for early exit. Once it
exceeds a threshold (e.g., 0.9), we terminate further cycles

and output the final representation. The gating function sim-
ply provides a smoother transition for intermediate cycles,
reducing unnecessary FFN computation before the final exit
trigger.

Discussion. We do not gate the attention module itself
because attention integrates token representations, includ-
ing the Zero Token. By gating the FFN, we allow partial
skipping of the more expensive transformations without in-
terfering with the Zero Token’s signaling. Hence, the Zero
Token attention decides when to stop entirely, while the gate
refines how much computation to apply until that point.

Overall, by combining head-tail decoupling (to preserve spe-
cialized boundary layers), a Zero Token (to guide cycle-level
computation), and a gating-based mechanism (to smooth
partial skips and enable early exit), our Zero-Token Trans-
former effectively addresses the three major issues outlined
in §3.1.

4. Experiments
In this section, we present our experimental setup and results
to demonstrate the effectiveness of our proposed Zero-Token
Transformer approach under a fixed parameter budget. We
evaluate both training from scratch and fine-tuning scenar-
ios, using a decoder-only Transformer architecture.

4.1. Experimental Setup

Models. We consider two main training settings:

• Training from Scratch: We base our architecture on
GPT-2 (Radford et al., 2019) but restrict each layer to
around 10M parameters. The total number of layers is
L = 6. To maintain a fixed computational budget, we
define a total of 6 “network computation cycles”, where
each layer in a standard setting (i.e., without parameter
sharing) is counted as one cycle. All models in this setting
are pre-trained on the C4 English subset (Raffel et al.,
2020) using a causal next-token prediction objective for
10B tokens.

• Fine-Tuning Pre-Trained Models: We also fine-tune
widely used checkpoints such as GPT-2 and OPT (Zhang
et al., 2023) to show that our approach can be applied to
large pre-trained models with minimal modification.

Baselines. We compare several approaches, all based on
decoder-only Transformers. One variant, referred to as
early exit, adds classification heads at each cycle, facilitat-
ing intermediate predictions. These intermediate exits are
represented as E.

• Vanilla (V): A standard Transformer with L distinct lay-
ers. The total computation cost is effectively L cycles.
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Table 1: Evaluation results of different models pre-trained on the C4 dataset and fine-tuned on the test datasets, including
PIQA, ARC-Challenge, ARC-Easy, LAMBADA, and HellaSwag. We report accuracy for each dataset. The computation
formula used for each model in the table is represented as: All Layers - Looped Layers + (Looped Layers × Loop Count).

Models Size All
Layers

Looped
Layers

Loop
Count PQ ARC-c ARC-e LD HS Avg Model Avg

V small 60.65M 3 0 - 61.32 17.83 37.84 13.8 26.75 31.51 31.51
V 81.9M 6 0 - 64.15 19.28 40.32 19.08 27.04 33.97 33.97

BC 60.65M 3 3 - 63.44 18.6 38.8 16.32 26.77 32.79 32.79

BCE 60.65M 3 3 1 61.7 17.83 37.88 13.24 26.93 31.52 32.17
2 62.73 18.17 39.94 16.32 26.9 32.81

HTC 60.65M 3 1 4 63.17 19.2 40.15 16.52 26.73 33.15 33.15

HTCE 60.65M 3 1

1 63.55 18.77 39.65 16.24 26.67 32.98

32.622 64.04 17.92 40.87 13.33 26.55 32.54
3 62.95 18.26 39.73 15.33 26.68 32.59
4 63.71 18.69 39.86 12.78 26.79 32.37

ZTT 61.77M 3 1 4 62.51 19.3 40.87 17.94 26.98 33.52 33.52

ZTTE 61.77M 3 1

1 62.95 17.66 38.76 16.71 26.76 32.57

32.792 63.44 18.26 41.16 16.63 26.81 33.26
3 64.25 17.58 40.61 14.28 26.85 32.71
4 63.55 18 41.04 13.59 26.93 32.62

• Basic Cycling (BC): The model has L layers but shares
parameters across layers by cycling them N times. This
results in a total computation cost of L×N .

• Head-Tail Cycling (HTC): Instead of cycling all L lay-
ers, only the intermediate layers are reused N times, while
the first and last layers remain distinct. This structure
aims to preserve the special functions of the input and
output layers. We also consider an early exit variant of
this scheme.

• Zero-Token Transformer (ZTT): Our proposed method,
which only cycles the intermediate layers and introduces
a Zero Token in each attention layer. This token provides
a learnable key (prompt-like) while carrying zero-value
vectors, enabling the model to distinguish between differ-
ent cycles and facilitate adaptive computation. We also
include an early exit variant that uses the learned Zero
Attention signals to decide when to stop.

Evaluation Datasets and Metrics. We considered nine
different types of datasets: (a) Reasoning: PIQA (Bisk
et al., 2020); (b) Multiple Choice: ARC Challenge (Clark
et al., 2018), ARC Easy (Clark et al., 2018); (c) Long-Term
Context Recall: LAMBADA (Paperno et al., 2016) and
(d) Natural Language Inference: HellaSwag (Zellers et al.,
2019).

For multiple-choice tasks, we report accuracy, and for LAM-
BADA we report exact match accuracy on the held-out set.
We employ the Language Model Evaluation Harness (Gao
et al., 2024) for consistent evaluations. All models pre-
trained from scratch are fine-tuned on each downstream task
before testing. Similarly, the large pre-trained checkpoints
(GPT-2, OPT) are directly fine-tuned on these tasks using

the same hyperparameter settings (details in Appendix A).

4.2. Results of Training from Scratch

Table 1summarizes the performance of models trained from
scratch under a fixed parameter budget. We highlight the
following observations:

Effect of Fewer Layers (Vanilla vs. Vanilla-Small). When
we reduce both the parameter count and computational bud-
get from L = 6 to L = 3 (“Vanilla-small”), the accuracy
drops significantly (e.g., from 33.97% to 31.51%). This
indicates that simply using fewer layers cannot maintain
adequate performance without cycling.

Basic Cycling (BC). To mitigate the performance gap, BC
reuses a 3-layer stack twice (for a total of 6 cycles), par-
tially recovering performance to 32.79%. This confirms
that increased “computational depth” via cycling can help,
though it still lags behind the original 6-layer Transformer.
Introducing early exit (BCE) in BC leads to a slight ac-
curacy drop (32.17%), suggesting that training additional
intermediate heads can sometimes introduce optimization
trade-offs.

Head-Tail Cycling (HTC). By fixing the first and last layers
while only cycling the intermediate ones, we achieve 33.15%
(no early exit) and 32.62% (early exit), surpassing Basic
Cycling. This underscores the importance of preserving
specialized head and tail layers.

Zero-Token Transformer (ZTT). Building on head-tail
separation, our proposed Zero Token mechanism further
boosts accuracy to 33.52% without early exit, and 32.79%
with early exit. Notably, ZTT consistently outperforms both
BC and HT across tasks, demonstrating that the Zero-Token
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Table 2: Perplexity (PPL) and Zero Attention metrics of
the Zero Token Transformer (early exit) method on the C4
dataset with different loop counts. Zero Attention refers
to the average attention of other tokens to the Zero Token,
while Gate Value represents the output of the gating unit in
the model’s FNN layer.

Loop Count 1 2 3 4
Zero Attention 0.21 0.47 0.54 0.65

Gate Value 0.55 0.32 0.20 0.15
PPL 37.02 34.58 34.03 33.99

mechanism effectively guides each cycle’s computation and
alleviates functional conflicts in shared parameters.

Overall, these results confirm the benefit of our ZTT ap-
proach in balancing parameter efficiency and modeling ca-
pacity. Even when the total parameter budget and computa-
tion cycles are constrained, introducing Zero Tokens with a
head-tail separation strategy yields superior accuracy.

4.3. Adaptive Inference with Zero Attention

We next investigate whether Zero Attention—the average
attention placed on the Zero Token—can serve as a stopping
criterion for adaptive inference. Specifically, once the Zero
Attention score surpasses a predefined threshold P , we con-
sider the representation sufficiently refined and terminate
further cycles.

In Table 2, we track perplexity (PPL), Zero Attention, and
Gate Value across different cycle counts. As the loop depth
increases, Zero Attention gradually rises, while the Gate
Value in the feed-forward network decreases, suggesting
diminishing returns from additional computation.

Table 3 further examines how different thresholds P affect
both model accuracy and the average number of compu-
tation cycles. A lower threshold (P = 0.2) forces early
termination, significantly reducing compute but at the cost
of some performance loss. In contrast, a moderate threshold
(P = 0.5) provides a strong balance, achieving 33.00%
accuracy with an average of just 3.31 cycles—matching or
even surpassing the full 4-cycle baseline. Increasing the
threshold further (P = 0.7) results in more reasoning steps,
leading to slight accuracy improvements but at the expense
of higher computational costs.

These findings illustrate that Zero Attention can effectively
guide dynamic computation, allowing models to adaptively
allocate reasoning cycles while maintaining strong perfor-
mance. This presents a promising strategy for efficient
inference in resource-constrained settings.

4.4. Fine-Tuning Results on Pre-Trained Models

We further validate our method on large, pre-trained check-
points: GPT-2 (Radford et al., 2019) and OPT (Zhang et al.,
2023). Table 4 reports the performance of various cycling

Table 3: A table showing the selection of different threshold
values P for the average attention of tokens in the attention
mechanism as a criterion for controlling when the model
stops reasoning. The table presents the model’s accuracy on
different tasks under various threshold values, as well as the
average number of cycles required for the looping layers.

P 0.2 0.5 0.7 1
Avg Acc 32.42 33 33.08 32.62

Avg Loop 1.58 3.31 3.73 4

strategies after fine-tuning on the same downstream tasks.

Across all model scales, cycling-based methods consistently
outperform the Vanilla baseline. Basic Cycling provides
noticeable accuracy gains over Vanilla, demonstrating the
effectiveness of reusing parameters through repeated com-
putation. However, when early exit is applied (BCE), per-
formance occasionally drops slightly due to the additional
overhead introduced by optimizing intermediate outputs.

Among all approaches, Zero-Token Tansformer (ZTT)
achieves the highest accuracy, surpassing both BC and V.
The improvements indicate that incorporating a Zero Token
during fine-tuning enables the model to effectively leverage
repeated reasoning under a fixed parameter budget. Further-
more, the early-exit variant, Zero-Token Transformer with
Early Exit (ZTTE), maintains comparable accuracy to full
ZT while significantly reducing computational costs. This
confirms that adaptive inference can successfully scale to
large pre-trained models.

Notably, as model sizes increase—such as GPT-2 Large
with 811M parameters—both ZT and ZTE continue to pro-
vide strong accuracy gains while maintaining parameter
efficiency. These results demonstrate the broad applicability
and scalability of our proposed Zero-Token approach, mak-
ing it a robust fine-tuning strategy for large-scale language
models.

4.5. Ablation Study

To pinpoint the contribution of each component, we conduct
an ablation study by selectively removing the Zero Token
(ZT) or the Gate in the FNN layer. The results, summa-
rized in Table 5 (placeholder), highlight the individual and
combined effects of these components.

The full model (ZT + Gate) achieves the highest average
accuracy of 32.79%, demonstrating the complementary ben-
efits of these two mechanisms. When the Gate is removed,
the model experiences a slight performance drop, indicat-
ing that the gating mechanism refines the computation flow
within the feed-forward network. Similarly, removing only
the Zero Token leads to a comparable decrease in accuracy,
suggesting that the Zero Token mechanism is crucial for
dynamic cycle awareness. Furthermore, when both com-
ponents are disabled, the model reaches its lowest perfor-

7
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Table 4: Results of different fine-tuned pre-trained models on multiple tasks. The abbreviations used in the table are:
Vanilla (V), Simple Cycling (BC), Simple Cycling with early exit (BCE), Zero Token Transformer (ZTT), and Zero Token
Transformer with early exit (ZTTE).

Models Size All
Layers

Looped
Layers

Loop
Count

PQ ARC-c ARC-e LD HS Avg Model Avg

V 125.24M 12 0 - 62.89 19.03 43.52 28.95 29.19 36.72 36.72
BC 125.24M 12 12 2 65.67 21.33 43.39 38.44 28.71 39.51 39.51

1 65.02 20.05 43.8 35.2 28.83 38.58
BCE 125.24M 12 12

2 65.67 21.25 43.94 31.86 28.97 38.34
38.46

ZTT 129.68M 12 10 2 65.29 21.73 44.02 38.51 28.9 39.69 39.69
1 66 20.65 43.43 33.57 28.8 38.49

OPT

ZTTE 129.68M 12 10
2 66.16 20.9 42.8 33.96 28.82 38.53

38.51

V 124.44M 12 0 - 62.89 19.03 43.81 25.97 28.92 36.12 36.12
BC 124.44M 12 12 2 65.23 20.65 43.35 29.34 28.26 37.37 37.37

1 64.69 20.22 43.81 30.22 28.39 37.47
BCE 124.44M 12 12

2 64.47 20.31 43.3 27.93 28.2 36.84
37.16

ZTT 128.91M 12 10 2 65.23 20.05 44.61 28.88 28.17 37.39 37.39
1 65.51 20.65 44.23 26.45 28.46 37.06

GPT-2

ZTTE 128.91M 12 10
2 64.69 20.22 44.78 29.42 28.33 37.49

37.28

V 354.82M 24 0 - 67.63 21.5 49.07 37.69 33.31 41.84 41.84
BC 354.82M 24 24 2 69.64 21.84 49.96 39.59 32.27 42.66 42.66

1 69.64 23.12 50.8 39.83 32.34 43.15
BCE 354.82M 24 24

2 68.1 22.53 48.58 38 32.21 41.88
42.52

ZTT 370.67M 24 22 2 69.53 22.96 49.49 39.83 32.46 42.85 42.85
1 69.15 22.44 50.84 39.2 32.32 42.79

GPT-2
Medium

ZTTE 370.67M 24 22
2 68.08 22.5 50.24 38.77 32.14 42.35

42.57

V 774.03M 36 0 - 70.35 21.67 49.07 40.4 36.4 43.58 43.58
BC 774.03M 36 36 2 70.62 25.91 51.52 43.99 35.78 45.56 45.56

1 71.38 25.51 50.8 43.92 35.78 45.48
BCE 774.03M 36 36

2 71.16 25.43 50.55 41.96 35.98 45.02
45.25

ZTT 811.12M 36 34 2 71.04 25.57 51.35 43.95 35.93 45.57 45.57
1 70.84 25.89 51.47 43.79 35.5 45.5

GPT-2
Large

ZTTE 811.12M 36 34
2 70.48 25.74 51.33 43.65 35.2 45.28

45.39

Table 5: Results of the ablation study, where Gate represents
the gating unit in the FNN, and ZT stands for Zero Token.

Gate ZT PQ ARC-c ARC-e LD HS Avg
✓ ✓ 63.55 17.88 40.39 15.3 26.84 32.79
✓ × 62.95 18.04 39.62 15.77 26.75 32.63
× ✓ 63.25 18.12 40.07 15.22 26.7 32.67
× × 63.56 18.41 40.03 14.42 26.67 32.62

mance, confirming that these mechanisms play an essential
role in optimizing reasoning efficiency and predictive ac-
curacy. These findings reinforce that the combination of
Zero Token and Gate provides the best trade-off between
computational efficiency and performance.

5. Conclusion
We have presented Zero-Token Transformer, a parameter-
sharing strategy for Transformers that comprehensively ad-
dresses the core questions of which layers to reuse, how

to manage shared parameters, and when to stop iterating.
By decoupling head and tail layers from the cyclic process
and introducing a learnable Zero Token in each attention
block, our approach enables adaptive computation, dynami-
cally adjusting the number of reasoning steps based on the
model’s confidence. Our experiments show that this method
is effective for both training from scratch and fine-tuning
pre-trained models, consistently improving performance
without increasing the overall parameter budget. The Zero
Token mechanism not only facilitates parameter-efficient
reasoning but also provides a straightforward criterion for
early exiting, thereby reducing redundant computation while
preserving accuracy.

These findings highlight the potential of dynamic parameter-
sharing strategies in large-scale language models, particu-
larly in resource-constrained scenarios. We believe that fur-
ther exploration of zero-token prompts, gating mechanisms,
and cyclic architectures will lead to increasingly efficient
and adaptive Transformer-based designs in the future.
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A. Experimental Setup
A.1. Evaluation Details

To assess the effectiveness of our proposed method, we evaluate models on a diverse set of well-established NLP benchmarks.
These benchmarks span four key reasoning tasks: commonsense physical reasoning, multiple-choice question answering,
long-term context recall, and natural language inference. For all datasets, we report accuracy (ACC) as the primary
evaluation metric.

A.1.1. REASONING: PIQA

Dataset: The Physical Interaction Question Answering (PIQA) dataset (Bisk et al., 2020) evaluates a model’s ability to
reason about everyday physical interactions. It consists of multiple-choice questions that require an understanding of how
objects and tools function in real-world scenarios.

Task Objective: Given a short natural language query, the model must select the most plausible solution from two candidate
answers. This task assesses the model’s ability to infer practical physical knowledge beyond simple memorization.

Evaluation Metric: Accuracy (ACC), measuring the proportion of correctly predicted answers.

A.1.2. MULTIPLE-CHOICE QUESTION ANSWERING: ARC CHALLENGE AND ARC EASY

Dataset: The AI2 Reasoning Challenge (ARC) (Clark et al., 2018) is a standardized multiple-choice QA benchmark designed
to evaluate a model’s ability to answer science-related questions. It consists of two subsets:

• ARC Challenge: A more difficult subset requiring complex reasoning and deeper knowledge retrieval.

• ARC Easy: A simpler subset containing factual questions that can often be answered with surface-level understanding.

Task Objective: The model is provided with a science-related question and four answer choices, from which it must
select the correct one. The dataset requires a combination of commonsense reasoning, logical inference, and scientific
knowledge to achieve high performance.

Evaluation Metric: Accuracy (ACC), computed as the percentage of correctly answered questions.

A.1.3. LONG-TERM CONTEXT RECALL: LAMBADA

Dataset: The LAMBADA dataset (Paperno et al., 2016) is specifically designed to assess a model’s capability for long-range
context comprehension. Unlike standard language modeling tasks, LAMBADA requires a model to retain and process
information over an extended passage to predict a crucial missing word.

Task Objective: Given a long contextual passage, the model must predict the final missing word of the last sentence. The
difficulty arises from the fact that the target word is nearly impossible to guess without understanding the full passage.

Evaluation Metric: Accuracy (ACC), where a prediction is considered correct if the entire target word matches the ground
truth exactly.

A.1.4. NATURAL LANGUAGE INFERENCE: HELLASWAG

Dataset: The HellaSwag dataset (Zellers et al., 2019) is an advanced benchmark designed to evaluate commonsense
inference and story continuation. It builds on the SWAG dataset by incorporating adversarial filtering, making it more
challenging for models to rely on surface-level heuristics.

Task Objective: Given an incomplete story or event description , the model must select the most logical next step from
four possible continuations. This requires strong contextual understanding and the ability to anticipate real-world event
progressions .

Evaluation Metric: Accuracy (ACC), measuring how often the model correctly predicts the most plausible continuation.
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A.2. Training and Fine-Tuning Settings

In this section, we describe the training settings for both pre-training from scratch and fine-tuning of pre-trained models.
The fine-tuning stage is required for all models before final evaluation, while models trained from scratch undergo both
pre-training and fine-tuning. The fine-tuning hyperparameters are kept consistent across both settings.

A.2.1. PRE-TRAINING FROM SCRATCH

For models trained from scratch, we first conduct pre-training on the C4 English dataset (Raffel et al., 2020). The pre-training
process follows these configurations:

Pre-Training Protocol

• Dataset: The C4 (Colossal Clean Crawled Corpus) English subset.

• Computing Resources: We utilize an A800 GPU cluster for training.

• Batch Size per GPU: 80, with gradient accumulation to maintain a global batch size of 256.

• Training Steps: The model is trained for a total of 10B tokens.

• Optimizer: AdamW (?) with a weight decay of 0.01.

• Learning Rate: A linear warmup is applied for the first 1% of total steps, followed by a cosine decay schedule.

• Precision: Training is performed in half-precision (FP16) to optimize memory efficiency.

After pre-training, the models proceed to the fine-tuning stage before being evaluated on downstream tasks.

A.2.2. FINE-TUNING SETTINGS

Before evaluating on the test datasets, we fine-tune our models using the corresponding training sets. For pre-trained
models, only fine-tuning is performed, while models trained from scratch undergo both pre-training and fine-tuning.
The fine-tuning process is conducted under the same computational settings as pre-training.

Fine-Tuning Protocol

• Fine-Tuning Epochs: Each dataset is fine-tuned for 3 epochs.

• Batch Size per GPU: 20, with gradient accumulation ensuring an effective batch size of 80.

• Optimizer: AdamW with a 0.01 weight decay.

• Learning Rate: The default Hugging Face Trainer API learning rate is used.

• Prompt Engineering: We utilize prompt templates from promptsource to better adapt models to the task format.

• Computing Resources: The same A800 GPU cluster is used as in pre-training.

• Training Framework: Fine-tuning is implemented with Hugging Face’s Trainer API.

Dataset-Specific Fine-Tuning Details Fine-tuning is performed on the following datasets before model evaluation. The
details of each dataset, including the number of training examples, are presented in Table 6.

A.3. Early-Exit Training Settings

To ensure effective intermediate predictions when early-exit mechanisms are applied, we implement additional training
for intermediate classifier heads. This helps maintain meaningful intermediate outputs, preventing degradation in
performance due to premature exits.
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Table 6: Fine-tuning settings for each dataset, including the number of training epochs and dataset sizes.

Dataset Epochs Training Size Validation Size
PIQA 3 16,000 1,838
ARC Challenge 3 1,119 1,172
ARC Easy 3 2,251 2,376
LAMBADA 3 4,869 4,869
HellaSwag 3 39,905 10,042

Table 7: More detailed results on adaptive reasoning loop counts.

p PQ ARC-c ARC-e LD HS Avg
Loop 1.82 1.61 1.42 1.72 1.33 1.580.2
Acc 63.02 17.99 39.04 15.26 26.79 32.42

Loop 2.9 3.23 3.13 3.56 3.77 3.320.5
Acc 63.22 18.17 41.46 15.27 26.87 33

Loop 3.87 3.42 3.47 3.93 3.99 3.740.7
Acc 64.15 18.34 41.25 14.67 26.97 33.08

Loop 4 4 44 4 4 41
Acc 63.55 18 41.04 13.59 26.93 32.62

A.3.1. CLASSIFIER PLACEMENT

• Simple Cycling: The classification head is placed only at the final output layer.

• Head-Tail Separation: The classification head is placed at both the final layer and the last shared layer before
cycling begins.

A.3.2. TRAINING STRATEGY FOR EARLY-EXIT MODELS

To optimize models for early exits, we introduce additional supervision at intermediate layers. Instead of relying solely on
the final output, we ensure that multiple exit points are trained effectively.

• Intermediate Supervision: The model is trained to produce meaningful predictions at designated early-exit points.

• Exit Point Optimization: Models with multiple cycling blocks undergo training to align their intermediate outputs
with final predictions, improving robustness across different exit depths.

• Gradual Refinement: The early-exit heads are optimized using the same fine-tuning data, ensuring consistency across
all prediction layers.

By integrating these early-exit classifiers and fine-tuning them separately, we ensure that models can gracefully exit
at earlier layers without sacrificing predictive accuracy. This design allows our method to maintain efficiency while
preserving strong performance across different computational budgets.

B. More Experimental Results
To further analyze the effectiveness of our method, we present additional adaptive reasoning loop and ablation experiments
in Table 8 and Table 7.

B.1. Analysis of Adaptive Reasoning Loops

Table 7 presents results on our adaptive reasoning loop mechanism, where the model dynamically determines the number
of iterations based on the Zero Attention threshold (P ).

Key observations:
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Table 8: More detailed ablation study results, including the detailed outcomes of each early exit.

Models Size All
Layers

Looped
Layers

Loop
Count

PQ ARC-c ARC-e LD HS Avg Model Avg

Wo Gate 60.66M 3 1

1 63.06 18.69 40.03 16.13 26.64 32.91

32.68
2 63.6 17.83 40.36 15.34 26.76 32.78
3 63.11 18.03 39.86 15.71 26.84 32.71
4 63.22 17.92 40.03 13.7 26.65 32.3

Wo ZT 61.76M 3 1

1 62.72 17.75 39.81 15.37 26.81 32.49

32.63
2 62.92 18.22 40.32 16.5 26.76 32.94
3 63.02 17.77 40.19 16.22 26.88 32.82
4 63.12 18.43 38.17 14.98 26.55 32.25

• Low threshold (P = 0.2) results in early exits (1.58 cycles) but slightly lower accuracy (32.42%).

• Balanced performance at P = 0.5: The model averages 3.31 cycles and reaches 33.00% accuracy, achieving strong
efficiency gains.

• Higher thresholds (P = 0.7) lead to more computation (3.74 cycles) and slight accuracy gains (33.08%), but with
diminishing returns.

• Full computation (P = 1) does not significantly outperform adaptive strategies, confirming that early exit can maintain
performance.

These results demonstrate that adaptive early exit strategies reduce computation while maintaining accuracy, with P = 0.5
being the most efficient trade-off.

B.2. Ablation Study on Zero Token and Gating Mechanism

Table 8 provides a detailed breakdown of our ablation study, evaluating the impact of the Zero Token (ZT) mechanism and
the gating unit (Gate) in the feed-forward network (FNN). The results highlight the individual and combined contributions
of these components.

Key findings:

• The full model (ZT + Gate) achieves the highest accuracy (32.79%), demonstrating that both components are essential.

• Removing the Gate leads to a slight performance drop (32.68%), suggesting that gating helps refine reasoning.

• Removing the Zero Token reduces accuracy further (32.63%), indicating its role in guiding iterative reasoning.

• The baseline model (without ZT and Gate) achieves the lowest accuracy (32.62%), confirming that both components
contribute positively.

These results validate that both Zero Token and Gate are essential for maximizing model efficiency and reasoning quality.
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