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Abstract

This paper discusses the internal behavior of
Transformer language models. Many recent
pre-trained models have been reported to ex-
hibit only slight changes in the angular distance
between the input and output hidden state vec-
tors in the middle Transformer layers, despite
a disproportionately large “jump” in the angu-
lar distance occurring in or around the final
Transformer layer. To characterize this, we first
introduce a quantitative metric for the jump
strength around the final layer, and then demon-
strate its prevalence across many open-weight
models, as well as its amplification through-
out pre-training. Assuming such jumps indi-
cate an undesirable property, we propose the
jump-suppressing regularizer (JREG) which pe-
nalizes this jump during pre-training, thereby
encouraging more balanced capability usage
across the middle layers. Empirical evaluations
of three model sizes of Llama-based models,
trained with the proposed JREG method, reveal
improved task performance compared to the
baseline without altering the model architec-
ture.

1 Introduction

Transformer-based language models (Transformer-
LMs) have demonstrated outstanding performance
across a broad spectrum of artificial intelligence
(AI) tasks (Achiam et al., 2023; Grattafiori et al.,
2024a). This success has motivated research to
elucidate the internal mechanisms that enable these
models to generate appropriate and fluent responses
to a wide range of instructions (Tigges et al., 2024;
Stolfo et al., 2024). As a result, studies interpreting
various aspects of Transformer-LMs have attracted
considerable attention and emerged as one of the
most vibrant areas in recent AI research (Belrose
et al., 2023; Kobayashi et al., 2024).

Regarding the model structure of Transformer-
LMs, many studies have reported the existence of
redundant and ineffective parameters in pre-trained
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Figure 5: Weight coefficients w` for different values of the
hyperparameter ↵ in Equation (4).

of update steps produces a higher jump rate and hence the
properties of displacement more closely resemble those of
open-weight models.

4 Proposed Method
As shown in Section 3.2, the increased hidden state dis-
placement at the final layer reflects abrupt angular distance
changes. Prior studies have shown that (1) the angular dis-
tance between consecutive hidden states in the middle lay-
ers is small (Sun et al. 2025a; Tyukin et al. 2024), and (2)
layers exhibiting such small angular distances can be safely
pruned without degrading performance (Men et al. 2025).
These findings indicate that the middle layers are inadver-
tently redundant and underutilized. Building on these find-
ings, we hypothesize that the phenomenon of jump may in-
dicate that the network relies too heavily on the final layer
while underutilizing the middle layers. To test this hypothe-
sis, we add a penalty on the final layer displacement to the
loss function and experimentally evaluate the performance
of models that suppress this jump.

Suppose LCE represents the standard cross-entropy loss
widely used to train Transformer-LMs.4 Obviously, the
cross-entropy loss, LCE, considers only output performance
and does not, in any way, optimize for internal states. Here,
in addition to LCE, we introduce a loss function Ldisp that
suppresses the displacement in the final layer:

Ldisp =
XL

`=1
w` `, (4)

where w` is the `-th element of w = softmax(↵l),
and l is the L-dimantional vector, which consists of l =
(1, 2, . . . , L). Note that, intuitively, adding a regularization
term over L would eliminate the pronounced displacement
in the final layer, but confining the regularizer to the fi-
nal layer simply shifts this displacement to the penultimate
layer, preventing us from investigating the relationship be-
tween the final layer displacement and model performance.5
Therefore, we used  ` for all layers in our regularizer, but
weighted layers closer to the final layer more heavily. Fig-
ure 5 shows examples of the w` distribution over the layer

4See Appendix A for a detailed definition.
5Details are shown in Appendix E.

index ` for each ↵. As ↵ increases, wL approaches 1, fo-
cusing the strongest penalty on the final layer displacement
 L, and yields uniform weights when ↵ = 0. Finally, the
loss function of the proposed Jump-Suppressing Regularizer
(JREG) is defined as follows:

LJREG = LCE + �Ldisp, (5)

where � is a hyperparameter that adjusts the relative impor-
tance of the two loss functions.

5 Experiments
This section outlines the experimental settings for apply-
ing the proposed method during pretraining from scratch on
the above models. We then quantitatively evaluate its impact
on suppressing final layer hidden-state displacement and on
overall model performance across various model sizes.

5.1 Pretraining from scratch
All experiments use Llama-based models, and two variants
differing in parameter count and depth were selected. The
170M model comprises 12 layers with a model dimension of
768, while the 1B model comprises 16 layers with a model
dimension of 2048.6 This difference in depth allows us to
evaluate how representation scale and depth influence the ef-
fectiveness of the proposed method. For pretraining data, we
use 100B tokens extracted from the Fineweb-edu (Penedo
et al. 2024). As discussed in Section 3.3, we set the total
steps to 200,000 to make the “jump” more pronounced in
the baseline model.

5.2 Evaluation metrics
Downstream task performance. For our evaluation, we
employ several downstream tasks. We measure next-token
prediction performance on LAMBADA by Top-1 accu-
racy (Paperno et al. 2016). We also assess the accuracy
of binary-choice QA on BoolQ (Clark et al. 2019) and
multiple-choice QA on ARC-easy (ARC-e) (Clark et al.
2018), HellaSwag (Zellers et al. 2019), PIQA (Bisk et al.
2020), RACE (Lai et al. 2017), Social IQA (Sap et al. 2019),
SciQ (Welbl, Liu, and Gardner 2017), SWAG (Zellers et al.
2018).

Jump rate. We measure the improvement in jump rates
⇣L, ⇣L�1, and ⇣L�2 in Equation (3).

6 Results
Unless otherwise stated, we fix � = 1.0, which was selected
via a preliminary sweep reported in Appendix F for all 170M
and 1B model experiments. We vary ↵ as described in each
subsection.

6.1 Pre-training on 170M model
For the 170M model, we performed scratch pre-training us-
ing proposed method JREG in Equation (5) and measured,
for each layer, the displacement of the hidden-state vectors

6Detailed hyper-parameters for model architectures and train-
ing are provided in Appendix B.1 and Appendix B.2, respectively.
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Figure 1: Many recent open-weight language models
exhibit minimal hidden state displacement in their mid-
dle layers, but exhibit a pronounced “jump” at their final
layer. Suppressing this jump during pre-training could
improve overall performance by fostering a more bal-
anced use of capabilities across the middle layers.

LMs (Tyukin et al., 2024; Men et al., 2025; Sun
et al., 2025a), while other studies have suggested
that such redundancy plays a critical role in en-
abling effective and efficient pre-training (Agha-
janyan et al., 2021; Song et al., 2024; Lad et al.,
2025). In particular, pre-trained Llama mod-
els (Grattafiori et al., 2024a) have been observed
to contain many redundant and ineffective Trans-
former layers in the middle of the models (Sun
et al., 2025a). Specifically, this observation can be
rewritten to state that these middle layers produce
output hidden state vectors that are highly similar to
their input vectors in terms of angular distance. In
contrast to such behavior in the middle layers, sev-
eral studies (Sun et al., 2025a; Tyukin et al., 2024)
have also recently observed and reported the “jump”
behavior, which we define as a pronounced large
change in angular distance, occurring in (and, in
some cases, around) the final layer(s). We hypoth-
esize that a small angular distance in the middle
layers leads the final layer to exhibit a dispropor-
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tionately large angular distance change because
the relative representational load on those middle
layers is reduced, causing the final layer to bear
more of the workload to compensate for their less
effective contribution. This imbalance in layer con-
tributions likely limits the overall capacity of the
model and increases parameter redundancy.

This paper focuses on investigating this jump
behavior. Figure 1 shows an overview of the study
presented in this paper. We first introduce a met-
ric to quantitatively compare the jump strength in
and around the final layers (Section 3.1). We then
demonstrate that such a jump behavior is often
observed in many open-weight pre-trained mod-
els, including well-known and widely used ones
(Section 3.2), and tends to become increasingly pro-
nounced as pre-training progresses (Section 3.3).
We assume that this jump indicates an undesirable
property of pre-trained models and thus propose
a regularizer, referred to as Jump-Suppressing
Regularizer (JREG), that strongly penalizes the
emergence of the jumps in and around the final
layer during pre-training (Section 4), and indirectly
encourages more balanced usage of the model’s
capabilities across the middle layers.

To empirically investigate our research question,
that is, whether mitigating the jump behavior in
and around the final layer of Transformer-LMs and
encouraging more even utilization across the mid-
dle layers can improve overall model capacity and
leads to performance improvements, we conduct
experiments on three sizes of Llama-based archi-
tectures (170M, 1B and 3.4B parameters) under
two pre-training regimes: (1) using the standard
cross-entropy loss only, which serves as the base-
line for comparison, and (2) using the standard
cross-entropy loss combined with JREG. We eval-
uate each model based on both (a) the jumping
behaviors around the final layers and (b) perfor-
mance on widely used downstream tasks. The em-
pirical results and our analyses reveal that incor-
porating JREG can improve downstream task per-
formance and enhance the capabilities of models
without altering the model architecture, by strongly
penalizing jump behaviors around the final layers,
which also mitigates ineffective middle layers in
Transformer-LMs.

2 Related Work

Layer redundancy. Transformer-LMs often ex-
hibit layer redundancy, where multiple layers may

learn similar or redundant operations. Models like
Universal Transformer (Dehghani et al., 2019) and
ALBERT (Lan et al., 2020), which share param-
eters across layers, achieve high parameter effi-
ciency. The linear relationship between the layer
input and the output vectors (Razzhigaev et al.,
2024), as well as the small angular distance be-
tween layers (Sun et al., 2025a; Tyukin et al., 2024),
indicate that pre-trained models exhibit layer redun-
dancy. These findings substantiate the hypothesis
that Transformer layers can learn nearly identical
operations. The location of these redundant layers
appears to be architecture dependent. For example,
redundancy may appear in shallower layers in some
models (Sajjad et al., 2023), while in others, such
as Llama and GPT, removing deeper layers (except
for the final layers) causes only a slight perfor-
mance degradation (Tyukin et al., 2024; Men et al.,
2025; Sun et al., 2025a) as the output magnitude
in Pre-LN Transformers grows with depth (Kedia
et al., 2024; Xie et al., 2023; Sun et al., 2025b)
Consequently, methods to reduce such redundancy
have been proposed, including architectural modi-
fications like Mix-LN (Li et al., 2025), approaches
suppressing deep-layer hidden state norms (Sun
et al., 2025b), and training techniques such as Lay-
erDrop (Zhang and He, 2020; Fan et al., 2020;
Elhoushi et al., 2024) and LayerShuffle (Sun et al.,
2025b). Unlike these previous approaches, this
paper introduces a regularization technique that
suppresses final layer displacement, which also ad-
dresses the common issue of underutilized middle
layers and improves downstream task performance
without changing the model architecture.

Early exit. To reduce the per-token latency of
Transformer-LMs, a large body of work equips mid-
dle layers with the ability to produce final predic-
tions and halt computation once a satisfactory confi-
dence threshold is met. This idea was first popular-
ized in convolutional nets by BRANCHYNET (Teer-
apittayanon et al., 2016) and later inspiring a series
of BERT-style architectures such as PABEE (Zhou
et al., 2020), DEEBERT (Xin et al., 2020), and
FASTBERT (Liu et al., 2020). These methods
attach lightweight classifiers to each layer, train
them with knowledge distillation to approximate
the final output, and decide at run time whether to
exit early according to some criteria. For autore-
gressive language models, early exit must preserve
sequence consistency and hidden state caching.
CALM (Schuster et al., 2022) introduces confi-
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dence adaptive halting. More recently, LAYER-
SKIP (Elhoushi et al., 2024) reuses the original LM
head at every layer, whereas Jiang et al. (2025) adds
separate linear heads; both apply per-layer cross-
entropy losses. Whereas early exit techniques aim
to maximise middle layers’ performance to match
that of the final layer, our study focuses on the ex-
cessive jump observed in the final layer of many
open-weight models.

Internal trajectory. Analyzing the trajectories of
hidden state vectors at each Transformer-LM layer
and their projections into the vocabulary space is
important from both a fundamental perspective,
namely, understanding internal mechanisms, and
an applied perspective, that is, improving perfor-
mance and ensuring safety. By projecting each
layer’s hidden states into the vocabulary space, the
inference process inside a Transformer-LM can be
visualized, and it has been observed that the outputs
of the middle layers gradually converge toward the
final layer’s predicted word (Belrose et al., 2023;
Elhoushi et al., 2024). Instead of relying solely on
the final layer at inference time, extrapolating the
token probability trends over the last few layers to
obtain a more mature predictive distribution has
been shown to mitigate hallucinations (Das et al.,
2025). It has been reported that models with back-
doors exhibit unnatural trajectories of hidden state
vectors, and that applying a small amount of fine-
tuning to correct these trajectories can neutralize
the backdoor (Min et al., 2025). Taken together,
internal trajectories are important targets for both
basic and applied research, and their analysis and
control can contribute to improving factuality and
ensuring safety. Accordingly, we address the char-
acteristic “jump” observed in the final layer hidden
states of pre-trained models through a trajectory
regularizing objective.

3 Final Layer Hidden State Jump

In the following, we introduce an analytical frame-
work to elucidate the inter-layer displacement char-
acteristics that are consistently observed in open-
weight large language models. First, we introduce
the displacement Ψℓ, a metric that quantifies the
magnitude of hidden state variation in each layer,
jump rate ζℓ, a metric that compares displacement
magnitudes between the middle and final layers.
Using the Ψℓ and ζℓ, this study empirically demon-
strates a property common to open-weight models,
namely, “jump”, in which the displacement of the

final layer markedly exceeds that of the middle
layers.

3.1 Definition of displacement and jump rate
We formalize the layer-wise transformation of
hidden state vectors in Transformer-LMs. Here-
after, let h denote a D-dimensional vector, that is,
h ∈ RD. Let hℓ−1 be the input hidden state vector
of layer ℓ, and simultaneously the output hidden
state vector to layer ℓ− 1, where L denote the total
number of layers and the relation 1 ≤ ℓ ≤ L holds.
We can represent the relationship between the input
and output hidden state vectors as hℓ = TLℓ(hℓ−1),
where TLℓ(·) denotes the ℓ-th Transformer layer,
which primarily consists of an attention mecha-
nism and a feed-forward network, along with layer
normalizations. Moreover, for ℓ = 0, h0 represents
the word embedding.

We geometrically interpret hidden state transi-
tions. Transformer-LMs generate text via an au-
toregressive next-token prediction process. Viewed
geometrically, each token prediction traces a tra-
jectory in the embedding space that starts from the
input layer embedding, h0, and terminates near the
output layer embedding. Building on this trajec-
tory perspective, we characterize each step of the
path by the angular change between consecutive
hidden state vectors, i.e., (h0,h1, . . . ,hL). High-
dimensional geometry defies direct visual intuition.
To obtain a tractable scalar summary, we there-
fore introduce the displacement metric, which we
construct in accordance with prior work (Tyukin
et al., 2024; Li et al., 2025; Simoulin and Crabbé,
2021; Godey et al., 2024) by adopting cosine simi-
larity based measures. Let SC(a, b) be the cosine
similarity between two arbitrary vectors a and b,
expressed as:

SC(a, b) =
a⊤b

∥a∥2 ∥b∥2
, (1)

where ∥ · ∥2 represents the Euclidean norm of a
given vector.

Definition 1 (Displacement between the input and
output hidden state vectors). We define the displace-
ment between the input and output hidden state
vectors at layer ℓ, denoted as Ψℓ, as follows:

Ψℓ = 1− 1

2

(
1 + SC(hℓ−1,hℓ)

)
. (2)

By construction, Ψℓ ∈ [0, 1] and a larger Ψℓ in-
dicates a greater change in the angular distance
between hℓ−1 and hℓ.
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Figure 2: Layer-wise hidden state displacement Ψℓ for next-word prediction on 100 samples from the LAMBADA
dataset. Across all model architectures, the displacement at the final layer tends to be larger than that of the middle
layers.

Next, we quantify the jump rate ζℓ, which mea-
sures the cumulative positive increase in displace-
ment from layer ℓ− 1 up to the final layer, scaled
by 100.

Definition 2 (Jump rate). For a model with L lay-
ers where 2 ≤ ℓ ≤ L, we define the jump rate ζℓ
as

ζℓ =
∑L

k=ℓ
max(0,Ψk −Ψk−1)× 100 (3)

For example, ζℓ will take the minimum value
of 0, i.e., ζℓ = 0 if the displacement at layers k
and k − 1, where k ∈ {ℓ, . . . , L}, satisfy the non-
increasing condition (i.e., Ψk−1 ≥ Ψk). Moreover,
while the range of Ψℓ is [0, 1], and most Ψℓ values
in the middle layers are smaller than 0.1, ζℓ ≥ 10
are considered to be significantly larger values.

3.2 Analysis of open-weight models
We measured the displacement Ψℓ across multiple
open-weight models of various sizes to show that
these models exhibit a pronounced hidden state
jump near the final layer. Specifically, we evalu-
ated the Llama-3.2-1B, Llama-3.2-70B (Grattafiori

Model ζL ζL−1 ζL−2

Llama-3.2-1B 20.6 22.7 22.7
Llama-3.2-70B 10.1 15.7 16.2

Gemma-2B 22.2 28.2 28.2
Gemma-7B 0.48 12.7 14.8

DeepSeek-7B 13.6 13.5 12.7
DeepSeek-67B 7.16 8.48 8.87

Qwen3-32B 7.50 9.00 9.36
layerskip-llama3.2-8B 4.62 6.64 6.94

Table 1: Jump rates ζL, ζL−1, and ζL−2 of the six open-
weight models. All models exhibit a pronounced hidden
state jump at the final layer.

et al., 2024b), Gemma-2B, Gemma-7B (Team et al.,
2024), DeepSeek-7B, DeepSeek-67B (DeepSeek-
AI et al., 2024), Qwen3-32B (Yang et al., 2025)
and Layerskip-Llama3.2-8B (Elhoushi et al., 2024).
Layerskip is a multi-exit model based on the Llama
architecture that adds additional classifiers to each
Transformer layer and jointly optimizes all layers
with the same cross-entropy loss as the final layer
to enable early exit inference.

Figure 2 shows the displacement Ψℓ for each
model, computed as the mean per-token dis-
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Figure 3: Analysis of checkpoint-wise hidden state displacement using fine-grained Pythia and OLMo pre-training
checkpoints, revealing that as training progresses, the final layer exhibits large “jump” displacements.

Model Size 20% 40% 60% 80% 100%

Pythia 1B 1.03 2.79 5.37 10.4 11.2
12B 1.10 2.23 4.55 9.11 10.0

OLMo 1B 6.06 7.84 8.84 10.3 11.9
7B 4.94 6.40 7.63 9.14 10.3

Table 2: Jump rate values ζL for the Pythia and OLMo
models, whose pre-training checkpoints are publicly
available, measured at 20%, 40%, 60%, 80%, and 100%
(the final checkpoint) of the total training steps. For
each model, we confirmed that the jump rate increases
monotonically as training progresses.

placement during inference on the LAMBADA
dataset (Paperno et al., 2016) and Table 1 shows
jump rate ζL, ζL−1, and ζL−2 for each model.
Across all models, the final layer exhibits signifi-
cantly greater displacement than the middle layers.
Additionally, deeper models tend to have jumps
from one or two layers before the final layer as well.
This observation suggests that large displacement
in the final layer persists not only in conventional
models but even in Layerskip, which is trained to
equip its middle layers with vocabulary prediction
performance on par with the final layer. A similar
phenomenon is also observed on the Wikitext (Mer-
ity et al., 2017) and ARC-easy (Clark et al., 2018)
datasets, indicating that this behavior is not specific
to a particular dataset.1

3.3 Conditions for Jump Formation

We analyzed how displacement changes throughout
pre-training using open-weight models for which
intermediate checkpoints are available. We em-
ployed the Pythia (Biderman et al., 2023) and

1Detailed results are shown in Section B.

1 2 3 4 5 6 7 8 9 10 11 12
Layer

0.0
0.2
0.4 20K step 200K step

Figure 4: Hidden state displacement for the 170M
Llama-based model pre-trained on 100B tokens with
two different update steps. (light blue): 20K steps, (dark
blue) 200K steps. Jump rates were ζL = 1.93 for 20K
steps and ζL = 7.24 for 200K steps. Despite being
trained on the same number of tokens, models with
more update steps exhibit larger jumps in hidden state
displacement.

OLMo (Groeneveld et al., 2024) to analyze inter-
mediate checkpoints. The Pythia 1B and 12B mod-
els were trained on 300B tokens for 143,000 steps.
We evaluate them every 30,000 steps. The OLMo
1B and 7B models were trained on 2T tokens for
738,000 steps and 2.46T tokens for 557,000 steps,
respectively. We evaluate the 1B and 7B models
every 150,000 and 110,000 steps2, respectively.

Figure 3 shows the displacement values at each
checkpoint and Table 2 shows these model jump
rates. The jump rate grows monotonically with
the number of updates, indicating that larger step
counts yield larger ζL.

3.4 Effect of Training Steps on Jump Behavior

We investigated how the number of training steps
influences the jump behavior in scratch pre-trained
models to identify baseline training conditions that
can reproduce the jump phenomenon observed in
open-weight models. We examined two 170M

2The final checkpoints for all models are not exactly at
every 30,000, 150,000, or 110,000 steps. See Figure 3.
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Figure 5: Weight coefficients wℓ for different values of
the hyperparameter α in Equation (5). When α = 0.0,
the weight coefficients are uniform, when α = 0.1,
they are almost linear, and for larger α, they increase
exponentially.

Llama-based models.3 These models were pre-
trained on the same corpus of 100B tokens but with
distinct step counts by varying the batch size.

Figure 4 shows the displacement for models
trained for 20K and 200K steps. The resulting jump
rates are ζL = 1.93 for 20K steps and ζL = 7.24
for 200K steps. These results show that, even with
an identical token budget, a greater number of up-
date steps produces a larger jump and hence the
properties of displacement more closely resemble
those of open-weight models.

4 Proposed Method

As discussed in Section 3.2, the increased hidden
state displacement at the final layer reflects abrupt
changes in the angular distance. Motivated by this
observation, this paper focuses on explicitly model-
ing and controlling this behavior through the design
of an appropriate training objective.

Previous studies have shown that (1) the angular
distance between consecutive hidden states in the
middle layers is typically small (Sun et al., 2025a;
Tyukin et al., 2024), and (2) layers that exhibit
small angular distances can often be pruned with-
out reducing the performance of the model (Men
et al., 2025). (3) modifying the architecture so as
to increase the angular distance change between
the input and output hidden states in middle layers
can improve model performance (Sun et al., 2025b;
Li et al., 2025). These findings suggest that small
angular distances are closely associated with redun-
dancy and underutilization in the middle layers.

Building on these findings, we hypothesize that
the phenomenon of jump may indicate that the net-
work relies too heavily on the final layer while
underutilizing the middle layers. To test this hy-

3The bacic experimental setup can be fonund in Sec-
tion 5.1.

pothesis, we add a penalty on the final layer dis-
placement to the loss function and experimentally
evaluate the performance of models that suppress
this jump.

Let V be the vocabulary, and let |V| denotes
the number of tokens in the vocabulary. In general,
pre-training minimizes the cross-entropy loss, LCE,
that is:

LCE = −
∑|V|

i=1
yi log pi, (4)

where yi is the i-th element of the one-hot vec-
tor y ∈ {0, 1}|V| that represents the ground-truth
token id, and pi is the i-th element of the vector
p = softmax

(
W RMS(hL)

)
. Here, hL denotes

the final layer hidden state vector, and the operator
RMS(·) refers to RMSNorm (Zhang and Sennrich,
2019), which rescales the hidden state vectors. Fi-
nally, the matrix W ∈ R|V|×D projects this normal-
ized vector to the unnormalized vocabulary (logits)
vector, and the softmax function, softmax(·), then
converts the logits vector into a valid probability
distribution, p. Obviously, the cross-entropy loss,
LCE, considers only output performance and does
not, in any way, optimize for internal states. Here,
in addition to LCE, we introduce a loss function
Ldisp that suppresses the displacement in the final
layer:

Ldisp =
∑L

ℓ=1
wℓΨℓ, (5)

where wℓ is the ℓ-th element of w = softmax(αl),
and l is the L-dimantional vector, where l =
(1, 2, . . . , L). Note that, intuitively, adding a regu-
larization term over ΨL would eliminate the pro-
nounced displacement in the final layer, however
confining the regularizer to the final layer simply
shifts this displacement to the penultimate layer,
which would impede our ability to investigate the
relationship between the final layer displacement
and model performance.4 Therefore, we employed
Ψℓ for all layers in our regularizer, but weighted
layers closer to the final layer more heavily. Fig-
ure 5 shows examples of the wℓ distribution over
the layer index ℓ for each α. As α increases, wL

approaches 1, focusing the strongest penalty on
the final layer displacement ΨL, and yields uni-
form weights when α = 0. Finally, the loss func-
tion of the proposed Jump-Suppressing Regularizer
(JREG) is defined as follows:

LJREG = LCE + λLdisp, (6)
4Details are discussed in Section D.
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where the hyperparameter λ is employed to adjust
the relative importance of the two loss functions.

5 Experiments

In the following, we outline the experimental set-
tings for applying the JREG method during pre-
training. These experiments were performed to
quantitatively evaluate the proposed method’s im-
pact on suppressing final layer displacement, the
overall model performance, and further assess the
performance after supervised fine-tuning (SFT) 5.

5.1 Pre-training from scratch

In this study, all experiments employed Llama-
based models, and three variants differing in terms
of the parameter count and depth were selected.
The 170M model comprises 12 layers with a model
dimension of 768, the 1B model comprises 16 lay-
ers with a model dimension of 2048, and the 3.4B
model comprises 30 layers with a model dimension
of 3072.6 This difference in depth facilitated the
evaluation of how both representation scale and
depth influence the effectiveness of the proposed
JREG method. For pretraining data, we use 100B
tokens extracted from the FineWeb-Edu (Penedo
et al., 2024). We set the total number of parameter
update steps to 200K to make the “jump” more
pronounced in the baseline model.

5.2 Evaluation metrics

Downstream task performance. For our evalua-
tion, we employed several downstream tasks. We
measure next-token prediction performance on the
LAMBADA in term of the top-1 accuracy (Paperno
et al., 2016). In addition, we assessed the accu-
racy of binary-choice QA on BoolQ (Clark et al.,
2019) and multiple-choice QA on ARC-easy (ARC-
e) (Clark et al., 2018), HellaSwag (Zellers et al.,
2019), PIQA (Bisk et al., 2020), RACE (Lai et al.,
2017), Social IQA (Sap et al., 2019), SciQ (Welbl
et al., 2017), SWAG (Zellers et al., 2018).

Jump rate. We measure the improvements in the
jump rates ζL, ζL−1, and ζL−2 in Equation (3).

5The pre-training overhead of JREG is discussed in Sec-
tion E. In terms of training time, JREG is comparable to the
baseline and is practically acceptable.

6Detailed hyper-parameters for model architectures and
training are provided in Section A.1 and Section A.2, respec-
tively.

5.3 Supervised fine-tuning (SFT)
Training settings We performed SFT on the
3.4B model, updating all parameters during train-
ing. For the SFT data, we employed the Tulu-v1
SFT mixture dataset (Wang et al., 2023) which
contains diverse instruction-following examples. 7

Evaluation metrics We use three benchmark,
MT-bench (Zheng et al., 2023), Vicuna bench
(Zheng et al., 2023) and WizardLM testset (Xu
et al., 2024). For evaluation, we used GPT-4 as the
judge model. 8

6 Results

Unless otherwise stated, we fix λ = 1.0.9 for
all experiments. We vary α as described in each
subsection.

6.1 Pre-training on 170M model
For the 170M model, we conducted a sweep over
the JREG hyperparameter α, testing values α ∈
{0.0, 0.1, 0.3, 0.5, 1.0, 3.0}, to evaluate the effect
of the weighting parameter.

As shown in Table 3, the proposed JREG method
consistently outperformed the baseline in average
downstream task performance. The performance
tended to peak or stabilize with α ∈ {1.0, 3.0}. In
addition, statistical validation confirmed that the
observed performance improvements were signif-
icant10 and not dependent on the specific training
dataset11.

For the jump rates ζL, ζL−1, and ζL−2, Table 4
indicates that increasing α led to a substantial re-
duction. This suppression of the jump rates, which
is attributed to JREG’s stronger penalty on deeper
layer displacement (Figure 5), correlates with im-
proved downstream performance. These findings
suggest that suppressing displacements around the
final layers improves the model’s overall capability.

6.2 Pre-training on larger model
To evaluate how the proposed JREG method scales,
we applied it to larger 1B and 3.4B models, and per-
formed the same evaluations as in the 170M model.
First, we applied the proposed JREG method to

7Detailed hyper-parameters for training are provided
in Section A.3

8These experimental settings are based on (Zhou et al.,
2024).

9This value of λ = 1.0 was selected via a preliminary
sweep reported in Section F

10Details are discussed in Section G.1
11Details are discussed in Section J
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Size Method α ARC-e BoolQ HellaSwag LAMBADA PIQA RACE SocialIQA SciQ SWAG avg

170M Baseline - 54.9 57.5 32.1 32.0 64.0 29.1 38.4 80.2 39.7 47.5

0.0 55.7 58.3 32.4 32.5 65.9 29.6 38.6 81.3 40.2 48.3
0.1 56.1 60.5 32.2 29.8 65.6 29.6 39.2 80.9 39.9 48.2
0.3 56.0 59.2 32.2 31.7 65.0 29.1 38.1 82.2 40.0 48.0
0.5 57.0 57.1 32.5 30.7 65.0 29.3 38.6 82.2 40.0 48.0
1.0 57.2 60.0 32.1 31.7 65.2 29.9 38.8 81.1 40.2 48.5

JREG (ours)

3.0 57.2 60.0 32.4 31.6 65.1 28.9 40.0 81.7 39.9 48.5

1B Baseline - 68.5 61.4 42.9 46.6 72.4 32.9 41.0 89.5 47.3 55.8

1.0 69.4 61.4 43.1 47.2 71.8 35.3 42.1 88.6 47.6 56.2JREG (ours) 3.0 70.6 59.3 42.6 45.6 71.8 34.9 41.4 91.2 47.3 56.1

3.4B Baseline - 75.6 59.4 49.7 55.9 76.5 36.3 43.9 93.4 51.3 60.2

JREG (ours) 1.0 77.9 61.6 50.3 57.2 75.2 37.8 42.5 93.0 51.5 60.8

Table 3: Results of downstream task performance. α indicates the hyperparameter of JREG. Each row shows the
score on each benchmark dataset, with its average in the rightmost column. The upper table shows the results of
models trained with LCE (baseline) and LJREG (ours) using a 170M model, while the lower table shows those
trained with the 1B and 3.4B model.

Model α ζL ζL−1 ζL−2

Baseline - 7.24 7.63 7.63
0.0 0.84 1.28 1.76
0.1 0.48 0.72 1.05
0.3 0.00 0.05 0.15
0.5 0.00 0.00 0.00
1.0 0.00 0.00 0.00

170M JREG (ours)

3.0 0.00 0.00 1.55

Baseline - 5.42 5.66 5.66
0.5 0.00 0.00 0.00
1.0 0.00 0.00 0.001B JREG (ours)
3.0 0.00 0.00 0.00

Baseline - 5.21 6.15 6.253.4B JREG (ours) 1.0 0.00 0.00 0.00

Table 4: Comparison of jump rates (ζL, ζL−1, ζL−2) as
defined in Equation (3) for baseline models and models
trained with JREG. Results are shown for different hy-
perparameter α settings on 170M, 1B and 3.4B models.
JREG effectively suppresses jump rates near the final
layers.

1B models with top performing settings found on
the 170M model, α ∈ {1.0, 3.0}, and evaluate its
effectiveness with jump rate ζL, downstream task
performance.

Table 3 shows downstream task performance for
a 1B model after pre-training. For all settings of α,
the average downstream task performance exceeds
the baseline. However, while the 170M model
achieved identical performance for α ∈ {1.0, 3.0},
the 1B model attained its highest performance at
α = 1.0. We attribute this difference to the in-
creased number of layers in the larger model, which
shifts the optimal hyperparameter α relative to the
170M model.

Table 4 compares the jump rate ζL of the 1B
models between the baseline and JREG methods.
The jump rates ζL are 6.42 with the 1B baseline
models, whereas in JREG, they are 0.0. Thus, sim-
ilar to the 170M model, these results confirm that
the proposed method suppresses the final layer hid-
den state jump.

Furthermore, we extended our experiment to the
3.4B model, comparing the baseline and the JREG
method with α = 1.0, the best setting from 1B.
Similar to the 1B model, JREG improves down-
stream performance and suppresses the jump rate
over the baseline.

6.3 Supervised fine-tuning on 3.4B model

To further assess the downstream task performance
of our pre-trained models, we performed SFT.

Table 6 shows the results on three benchmarks
for the 3.4B baseline and JREG (α = 1.0) mod-
els after SFT. The proposed JREG method outper-
formed the baseline on all benchmarks, with aver-
age scores of 4.28 and 4.67 for the baseline and
JREG method, respectively. These improvements
are statistically significant12. Table 7 compares the
jump rates ζL, ζL−1 and ζL−2 of the 3.4B models
between the baseline and JREG method after SFT.
The baseline model exhibits ζL = 5.14, which in-
dicates that the jump behavior at the final layer
persisted even after SFT. In contrast, the models
pre-trained with JREG exhibit ζL, ζL−1, and ζL−2

equal to 0.0, which indicates that the jump behav-
ior was eliminated entirely. Overall, these results

12Details are discussed in Section G.2
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Layer index 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Baseline 27.30 4.78 4.08 3.14 3.25 4.10 4.70 3.71 4.91 3.85 4.28 3.43 3.93 3.62 3.42
JREG (ours) 27.58 4.89 5.13 3.54 3.41 3.48 4.31 4.73 4.92 4.39 3.88 3.57 3.92 3.97 3.56

∆ℓ 0.28 0.11 1.05 0.40 0.16 -0.62 -0.39 1.02 0.01 0.54 -0.40 0.14 -0.01 0.35 0.14

(a) 3.4B Model (Layers 1–15)

Layer index 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Baseline 3.96 3.4 3.01 2.57 2.22 2.27 2.05 1.71 1.60 1.48 1.25 1.33 1.43 2.37 7.58
JREG (ours) 3.74 3.39 3.12 2.57 2.47 2.07 2.13 1.86 1.76 1.86 1.37 1.11 0.71 0.40 0.18

∆ℓ -0.22 -0.01 0.11 0.00 0.25 -0.20 0.08 0.15 0.16 0.38 0.12 -0.22 -0.72 -1.97 -7.40

(b) 3.4B Model (Layers 16–30)

Table 5: Displacement Ψℓ for the baseline and JREG (α = 1.0) on the 3.4B model, and the displacement difference
∆ℓ (×10−2). ∆ℓ > 0 indicates that JREG reduces redundancy at layer ℓ.

Vicuna WizardLM MT
Model Bench testset Bench avg

Baseline 5.89 4.10 2.84 4.28
JREG (α = 1.0) 6.36 4.23 3.40 4.67

Table 6: Results of different benchmark performances
on 3.4B baseline and JREG (α = 1.0). Each row shows
the score on each benchmark dataset, with its average
in the rightmost column.

Model ζL ζL−1 ζL−2

Baseline 5.14 6.11 6.20
JREG (α = 1.0) 0.00 0.00 0.00

Table 7: Comparison of jump rates between 3.4B base-
line and JREG with α = 1.0 model after SFT. Consis-
tent with the pre-training results, the JREG maintains a
jump rate of 0.0 after SFT.

suggest that the impact of the JREG method dur-
ing pre-training is preserved after SFT, resulting
in models that do not exhibit jump behavior and
improved downstream performance.

7 Analysis and Discussion

In the following, we quantitatively evaluate the de-
gree of redundancy reduction in the middle layers
achieved by JREG. We define the improvement
in redundancy at layer ℓ, denoted as ∆ℓ, as the
difference in displacement between the JREG and
baseline models.

∆ℓ = ΨJREG
ℓ −ΨBaseline

ℓ , (7)

Here, ∆ℓ > 0 indicates that the proposed JREG
method yields a larger displacement than the base-
line, thereby signifying an improvement in redun-
dancy at that layer. We compute ∆ℓ for all layers
ℓ to assess the degree of redundancy improvement
across the network.

Table 5 shows the displacement ∆ℓ between the
JREG and the baseline on the 3.4B model 13. The
JREG models exhibit a tendency for smaller dis-
placement near the final layers compared to the
baseline (∆ℓ < 0), while the displacement in the
middle layers tends to be larger (∆ℓ > 0). Specifi-
cally, from layers 1 through 26, excluding the 8th
layer of the 26 layers, JREG shows greater displace-
ment. This suggests that, while JREG reduced the
overcontribution of the layers near the final layer,
it increased the effectiveness of the middle layers,
thereby enhancing their contribution relative to the
baseline.

8 Conclusion

This study investigated the jump behavior, defined
as the pronounced large change in angular dis-
tance between the input and output hidden state
vectors, occurring in or around the final layer(s)
in Transformer-LMs, and examined its impact on
model capacity. We first revealed that this phe-
nomenon is ubiquitous across recent Transformer-
LMs, regardless of open-weight pre-trained models
and models trained from scratch. We then con-
firmed that our proposal of JREG, which penalises
large hidden state displacements near the final layer
during pre-training, consistently (i) reduced the
hidden state jumps in the final layer, (ii) increased
the relative contribution of middle layers, and (iii)
improved downstream task performance without
altering the model architecture, in our experiments
conducted on three model sizes of Llama-based
architecture. These findings suggest that mitigat-
ing hidden state jumps offers a simple yet effective
means to unlock the latent capacity of middle lay-
ers in Transformer-LMs.

13170M and 1B displacement are discussed in the Section I
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Limitations

Despite the positive findings, several limitations of
this study should be addressed in future research.
First, our experiments were conducted exclusively
on Llama-based architectures. While Llama rep-
resents a prominent family of models in the field,
it remains unclear whether the proposed method
JREG would be equally effective for other archi-
tectural designs, such as Transformer variants with
different normalization schemes, attention mech-
anisms, or entirely different model architectures.
Second, JREG is depth-sensitive. Therefore, as the
number of layers changes, the optimal hyperparam-
eter values also vary, requiring re-tuning to achieve
the best performance.

Ethical Considerations

In this study, we exclusively used publicly available
datasets for pre-training, fine-tuning, and evalua-
tion. In addition, we developed the language mod-
els entirely from scratch, avoiding the use of pub-
licly available models. For the publicly available
datasets and existing pre-trained models analyzed
in this study (including those under terms such as
the META LLAMA 3 COMMUNITY LICENSE),
we strictly adhered to all applicable licenses. Given
that the proposed JREG method is a framework for
pre-training language models, the risk of ethical
concerns is expected to be minimal.

During code development and writing, we used
AI assistants, including language models. All the
generated code snippets and texts are checked and
modified by the authors for scientific integrity and
accuracy.
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A Details of experimental settings

A.1 Model settings

170M 1B 3.4B

Layers 12 16 30
Model Dim 768 2048 3072
FFN Dim 2048 5376 8192

Attention Heads 12 16 24
Key / Value Heads 12 16 24

Activation SwiGLU
Vocabulary Size 32000

Table 8: Model settings.

A.2 Pre-training settings

Configuration 170M 1B 3.4B

lr 9× 10−4 7× 10−4 5× 10−4

local batch 128 64 32
global batch 512
sequence len 1024
weight decay 0.1

epsilon 1× 10−8

Optimizer AdamW (β1 = 0.9, β2 = 0.95)
clip 1.0

scheduler cosine
warmup 1000

lr_min_ratio 0.1
cycle_length 1.0

Table 9: Pre-training settings.

Table 9 details the hyperparameter configura-
tions employed during training. The model was
trained on a corpus of 100 billion tokens, and its
performance was validated on a dataset of 11 mil-
lion tokens. For our implementation, we used the
Meta Lingua library (Videau et al., 2024) as the
codebase for our pre-training experiments. The
total computational budget varied by model size:

• 170M model: 16 hours on 4× NVIDIA H100
(94GB) GPUs

• 1B model: 55 hours on 8× NVIDIA H200
(141GB) GPUs

• 3.4B model: 159 hours on 8× NVIDIA H200
(141GB) GPUs

A.3 Supervised fine-tuning (SFT) settings
The maximum learning rate is set to 2× 10−5 with
a linear scheduler, and the optimizer is AdamW
(β1 = 0.9, β2 = 0.95). We use a global batch size
of 512 and train for a total of 957 steps. The total
computational budget is 2 hours on 8× NVIDIA

H200 GPUs. For training, we employ huggingface
transformers (Wolf et al., 2020), for evaluation, we
employ FastChat (Zheng et al., 2023).

A.4 Evaluation settings for Pre-trained
Models

For evaluating performance on downstream
tasks described in Section 5.2, we utilized the
eval_harness framework (Gao et al., 2024),
which provides standardized implementations for
a wide range of NLP benchmark tasks. All
evaluations were conducted following the default
hyperparameter configurations specified in the
eval_harness framework, ensuring consistency
and comparability with prior work.

B Displacement on other dataset

In order to examine the displacement properties
of open-weight models on datasets with distribu-
tions different from LAMBADA, we conducted
experiments analogous to those in Section 3.2 on
the test splits of Wikitext (Merity et al., 2017) and
ARC-Easy (Clark et al., 2018).

B.1 Wikitext

Figure 6 shows the results of computing displace-
ment using Wikitext.

B.2 ARC-Easy

Figure 7 shows the results of computing displace-
ment using ARC-Easy.

C Non-Final Hidden State Jump Models

In this section, we examine two models, Gemma-
7B and Phi2 (Javaheripi et al., 2023), that exhibit
hidden states jumps in layers other than the final
one (see Figure 8). In Gemma-7B, the largest jump
occurs at the penultimate layer, while Phi2 shows a
subtler jump at the third-to-last layer. We attribute
these behaviors to each model’s atypical training
strategy. Gemma-7B gradually increases the pro-
portion of high-quality, internally filtered data as
training nears completion, whereas Phi2 initializes
from the weights of a smaller, pretrained model.
Thus, although these alternative strategies elimi-
nate the pronounced final layer hidden state jump,
they do not prevent all near final layer hidden state
jumps.
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Figure 6: Displacement on Wikitext.

D Regularizing Only The Final Layer
Displacement

While our main experiments use a weighted loss
function that applies penalties across all layers with
exponentially increasing weights (Equation (5)-
Equation (6)), we also explored a simplified variant
that focuses exclusively on the final layer displace-
ment. In this variant, we replace the Ldisp term in
Equation (6) with:

Ldisp = ΨL (8)

This approach directly penalizes only the final layer
displacement, ignoring middle layers. Equation (8)
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Figure 7: Displacement on ARC-easy.

are equivalent to α → ∞ in wℓ (Equation (5)). As
shown in Figure 9, while this approach success-
fully suppresses the displacement at the final layer
(ΨL), the displacement “jump” shifts to the penul-
timate layer, resulting in an increased ΨL−1 value.
Our hypothesis is that overreliance on a specific
layer (the final layer in open-weight models) gives
rise to redundancy in the middle layers. However,
in Equation (8), the point of overreliance merely
shifts from the final layer to the penultimate one,
making it an inappropriate setting for testing this
hypothesis.
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Figure 8: Layer-wise hidden state displacement Ψℓ.
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Figure 9: Hidden state displacement trajectory when
applying regularization only to the final layer.

E Impact on Training Time and Memory

We analyze the change in training complexity intro-
duced by JREG from the perspectives of training
time and memory consumption during training. Ta-
ble 10 shows a comparison of training time between
the baseline and JREG (λ = 1.0, α = 1.0) across
different model sizes. As shown in the table, no
significant change in training time is observed.

Next, Table 11 shows the increase ratio of mem-
ory consumption per step relative to the baseline.
Memory consumption increases with larger model
sizes. This is because, when computing Equa-
tion (5), the hidden states of each layer must be
temporarily stored, and models with more layers
require storing a greater number of hidden states.

In summary, while the introduction of JREG
leads to an increase in memory consumption during
training, it does not incur a substantial change in
training time.

F Hyperparameter Tuning for JREG

The JREG loss function involves two hyperparam-
eters, λ and α (see Eq. Equation (5), Equation (6)).
While Section Section 6 of the main paper reported
results only for λ = 1.0, this appendix evalu-
ates 12 combinations of λ ∈ {1.0, 2.0, 3.0} and
α ∈ {0.0, 0.1, 0.5, 1.0} using a 170M model to
identify the optimal λ. The results are summarized

Model Training time (hours)

Baseline 16170M JREG 16

Baseline 551B JREG 53

Baseline 1593.4B JREG 159

Table 10: Comparison of training time between the
baseline and JREG (λ = 1.0, α = 1.0)

Model Size Memory Increase Amount

170M 8.5%
1B 15.5%

3.4B 35.6%

Table 11: Increase in memory consumption with JREG
(λ = 1.0, α = 1.0) compared to the baseline

in Table 12.
The highest average performance was achieved

with (λ, α) = (1.0, 1.0) and (2.0, 1.0), and when
averaging over α for each λ, the best overall per-
formance occurs at λ = 1.0. Consequently, the
main paper fixes λ = 1.0 and conducts additional
experiments with α.

G Statistical Evaluation of Performance
under Random Seed Perturbations

Section 6 shows the performance differences on
the downstream task, and we further investigated
their statistical significance by repeating the exper-
iments with different random seeds.

G.1 Pre-trained Model Evaluation

In this subsection, we focus on the 170M pre-
trained model, corresponding to the experiments
presented in Section 6.1. The model architecture
is shown in Table 8, and the training configura-
tion was identical to that in Table 9, except for the
random seed, which was varied across 10 settings.
We used the JREG hyperparameters λ = 1.0 and
α = 1.0, which yielded the highest downstream
task performance for the 170M models (Table 3).

Table 13 shows the downstream task perfor-
mance of the models trained with each seed. To test
whether the mean difference (µJREG − µ) is pos-
itive, we conducted a one-sample, one-side t-test.
The mean performance difference was 0.41, and
the p-value was 0.034, indicating statistical signifi-
cance at the 5% level. The lower bound of the 95%
one-sided confidence interval was 0.047. There-
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λ α ARC-e BoolQ HellaSwag LAMBADA PIQA RACE SocialIQA SciQ SWAG avg

0.0 55.7 58.3 32.4 32.5 65.9 29.6 38.6 81.3 40.2 48.3
0.1 56.1 60.5 32.2 29.8 65.6 29.6 39.2 80.9 39.9 48.2
0.5 57.0 57.1 32.5 30.7 65.0 29.3 38.6 82.2 40.0 48.01.0

1.0 57.2 60.0 32.1 31.7 65.2 29.9 38.8 81.1 40.2 48.5

0.0 54.7 60.9 32.2 31.7 65.1 29.1 37.9 81.3 40.1 48.1
0.1 56.6 61.1 32.0 31.9 65.7 28.2 38.3 80.9 40.0 48.3
0.5 55.7 56.8 31.8 31.0 65.6 29.3 37.8 82.7 39.7 47.82.0

1.0 57.1 56.4 32.3 32.8 65.9 30.1 39.5 82.5 40.1 48.5

0.0 56.4 58.7 31.8 32.2 64.8 30.1 38.2 81.5 39.9 48.2
0.1 56.8 58.8 31.9 30.8 64.9 29.2 38.3 81.3 39.8 48.0
0.5 57.3 57.0 32.1 30.7 65.5 30.2 39.2 82.1 39.8 48.23.0

1.0 57.2 58.9 32.0 31.0 65.3 29.1 38.8 81.7 40.0 48.2

Table 12: Downstream task performance of the 170M model evaluated across 12 combinations of JREG hyperpa-
rameters λ ∈ {1.0, 2.0, 3.0} and α ∈ {0.0, 0.1, 0.5, 1.0}.

seed Method ARC-e BoolQ HellaSwag LAMBADA PIQA RACE SocialIQA SciQ SWAG avg

Baseline 56.5 61.4 31.9 32.5 65.1 28.9 38.0 80.6 40.1 48.342 JREG 57.0 56.2 31.9 32.6 65.5 28.6 38.6 80.9 40.0 47.9

Baseline 55.6 59.1 31.9 32.9 64.0 31.6 39.3 82.1 40 48.5123 JREG 56.4 56.0 32.2 31.3 65.1 29.8 37.5 82.1 40.0 47.8

Baseline 54.9 57.5 32.1 32.0 64.0 29.1 38.4 80.2 39.7 47.5777 JREG 57.2 60.0 32.1 31.7 65.2 29.9 38.8 81.1 40.2 48.5

Baseline 55.4 51.1 32.2 33.0 65.7 28.6 39.0 81.2 39.8 47.3888 JREG 57.3 60.8 32.1 32.1 64.4 28.0 39.4 81.6 40.1 48.4

Baseline 55.4 57.9 32.3 32.1 65.0 28.5 39.7 80.9 40.0 48.02025 JREG 56.5 59.7 32.0 32.4 65.3 30.1 37.5 82.1 40.0 48.4

Baseline 56.6 51.6 31.9 32.2 65.1 28.9 38.1 81.9 40.0 47.410000 JREG 55.9 61.7 31.9 31.7 64.5 29.2 39.2 82.5 39.7 48.5

Baseline 55.9 60.4 32.2 30.0 65.2 29.9 38.7 79.8 39.9 48.065537 JREG 57.2 61.3 32.2 31.3 65.5 30.0 38.1 82.4 40.1 48.7

Baseline 56.8 55.0 32.4 32.4 64.2 30.9 38.6 81.8 40.0 48.0141421 JREG 58.2 59.4 32.3 31.7 64.3 30.0 38.9 82.1 39.8 48.5

Baseline 55.2 58.7 32.4 32.4 64.9 29.5 38.4 80.9 40.3 48.1271828 JREG 55.7 61.8 32.1 32.2 65.6 29.5 37.7 82.4 40.1 48.6

Baseline 54.4 56.7 32.0 32.1 65.8 28.3 39.3 81.4 40.0 47.8314159 JREG 55.9 53.9 32.1 33.1 64.1 29.7 38.4 82.3 39.9 47.7

Table 13: Results of evaluating downstream task performance for a 170M parameter model pre-trained on the
Fineweb-edu corpus and trained with ten different random seeds.

fore, although the model’s performance improve-
ment is modest, it was shown to be statistically
significant.

G.2 SFT Model Evaluation

In this subsection, we focus on the 3.4B model after
SFT, corresponding to the experiments presented
in Section 6.3. SFT configuration was identical
to Section A.3 except for the random seed, which
was varied across 5 settings.

Table 14 shows the downstream task perfor-
mance of the models trained with each seed. The
statistical testing procedure is the same as in Sec-

tion G.1. The mean performance difference was
0.46, and the p-value was 9.89 × 10−6, indicat-
ing statistical significance at the 5% level. The
lower bound of the 95% one-sided confidence inter-
val was 0.42. Therefore, JREG consistently yields
statistically significant improvements in the 3.4B
model after SFT.

H Transition of Jump Rate During
Training

In this section, we analyze the Jump rate (ζL,
ζL−1, ζL−2) and displacement Ψℓ during training
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seed Method Vicuna-Bench WizardLM testset MT-bench avg

123 Baseline 5.80 4.00 2.91 4.24
JREG 6.39 4.32 3.42 4.71

777 Baseline 5.89 4.10 2.84 4.28
JREG 6.36 4.24 3.40 4.67

888 Baseline 5.81 3.96 2.82 4.20
JREG 6.34 4.35 3.39 4.70

2025 Baseline 5.89 4.03 2.88 4.27
JREG 6.36 4.36 3.42 4.71

10000 Baseline 5.78 3.94 2.92 4.21
JREG 6.31 4.37 3.42 4.70

Table 14: Results of evaluating different benchmarks for the 3.4B-parameter model after SFT across five random
seeds.

at checkpoints corresponding to 25%, 50%, 75%,
and 100% of training, i.e., at 50K, 100K, 150K,
and 200K steps.

Table 15 shows the values of ζL, ζL−1, and
ζL−2computed at each checkpoint, while Figure 10,
Figure 11, and Figure 12 show the displacement Ψℓ

for the 170M, 1B, and 3.4B models. Similar to the
characteristics observed in the open-weight models
analyzed in 3, the baseline exhibits a monotoni-
cally increasing Jump rate as training progresses
across checkpoints. In contrast, for models with
JREG applied (with α ≥ 0.5 for the 170M model),
we observe ζL = 0.00, indicating that the training
dynamics are altered.

I Displacement across Different Weight
Settings

In this section, we evaluate the degree of redun-
dancy reduction in the middle layers on 170M and
1B models across different weight settings using
∆ℓ metrics Equation (7).

Figure 13 shows Ψℓ in graph and Table 16 shows
Ψℓ and ∆ℓ for all α settings on 170M and 1B mod-
els. In the 1B model, both α = 1.0 and α = 3.0 set-
tings, the displacement in the middle layers tends
to be larger (∆ℓ > 0), a similar trend is observed in
the 3.4B model (Section 7). For α = 1.0, exclud-
ing layer 3 and 7, from layers 1 through 11 exhibit
greater displacement under JREG, For α = 3.0,
excluding layer 7, from layers 1 through 14 exhibit
greater displacement under JREG. However, in the
170M model, the effect of JREG is less pronounced,
and the displacement increase is observed in fewer
layers. Since the 170M model has only 12 layers,
fewer than the 1B (16 layers) and 3.4B models (30
layers), the proportion of layers where ∆ℓ > 0 is
smaller compared to those larger models.

J Result on Other Datasets

To examine the dataset dependency of JREG, we
train models using WebOrganizer (Wettig et al.,
2025). The base settings of the experiment were
identical to those in Section 5 while the training
was conducted on the FineWeb-Edu dataset.

Table 17 shows the downstream task perfor-
mance. The average performance gap between the
baseline and JREG was smaller when using the We-
bOrganizer dataset. When trained on the FineWeb-
Edu dataset, the performance gap reached up to 1.0
for α = 1.0 and α = 3.0. In contrast, when trained
on the WebOrganizer dataset, the performance gap
were 0.6 for α = 1.0 and 0.3 for α = 3.0. As
in Section G.1, we conducted a statistical test on
the performance differences to examine their signif-
icance for α = 1.0. The testing procedure followed
the same protocol as described in Section G.1. The
mean performance difference was 0.41, and the p-
value was 0.0052, indicating statistical significance
at the 5% level. The lower bound of the 95% one-
sided confidence interval was 0.271. Therefore, the
performance improvement achieved by applying
JREG is statistically significant regardless of the
choice of training dataset.

Table 19 shows displacement Ψℓ and ∆ℓ, Ta-
ble 20 shows checkpoint-wise jump rates ζL,
ζL−1, ζL−2, and Figure 10 shows checkpoint-
wise displacement. Similar to the results using
the FineWeb-Edu dataset, ζL remains at 0.00 for
α ≥ 0.3, and the proportion of layers with ∆ℓ > 0
increases as α increases.

K Layer Skip Evaluation

In Table 5, we measured the reduction of layer re-
dundancy by the displacement difference ∆ℓ =
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Model α 50k 100k 150k 200k

Baseline - 4.13 5.07 5.91 7.24
0.0 0.48 0.38 0.55 0.84
0.1 0.10 0.25 0.29 0.48
0.3 0.00 0.00 0.00 0.00
0.5 0.00 0.00 0.00 0.00
1.0 0.00 0.00 0.00 0.00

170M JREG

3.0 0.00 0.00 0.00 0.00

Baseline - 2.07 2.96 4.13 5.42
1.0 0.00 0.00 0.00 0.001B JREG 3.0 0.00 0.00 0.00 0.00

Baseline - 1.62 2.57 3.98 5.213.4B JREG 1.0 0.00 0.00 0.00 0.00

(a) ζL

Model α 50k 100k 150k 200k

Baseline - 4.25 5.64 6.34 7.63
0.0 0.56 0.56 0.87 1.28
0.1 0.11 0.33 0.43 0.72
0.3 0.00 0.03 0.00 0.05
0.5 0.00 0.00 0.00 0.00
1.0 0.00 0.00 0.00 0.00

170M JREG

3.0 0.00 0.00 0.00 0.00

Baseline - 2.16 3.16 4.27 5.66
1.0 0.00 0.00 0.00 0.001B JREG 3.0 0.00 0.00 0.00 0.00

Baseline - 2.05 3.12 4.74 6.153.4B JREG 1.0 0.00 0.00 0.00 0.00

(b) ζL−1

Model α 50k 100k 150k 200k

Baseline - 4.25 5.64 6.34 7.63
0.0 1.13 1.05 1.30 1.76
0.1 0.53 0.67 0.72 1.05
0.3 0.08 0.09 0.07 0.15
0.5 0.00 0.00 0.00 0.00
1.0 0.00 0.00 0.00 0.00

170M JREG

3.0 1.48 1.55 1.41 1.55

Baseline - 2.16 3.16 4.27 5.66
1.0 0.00 0.00 0.00 0.001B JREG 3.0 0.22 0.31 0.43 0.50

Baseline - 2.11 3.22 4.85 6.253.4B JREG 1.0 0.00 0.00 0.00 0.00

(c) ζL−2

Table 15: Checkpoint-wise jump rate of models pre-trained on Fineweb-edu

ΨJREG
ℓ − ΨBaseline

ℓ . In this section, however, we
assess redundancy from a different perspective
by comparing the extent of performance degrada-
tion under layer skip between the baseline and the
JREG-trained models. Layer skip is a technique
that accelerates inference by terminating the for-
ward pass at a middle layer and using that layer’s
output as the model prediction, instead of propagat-
ing to the final layer. Because JREG is designed to
reduce redundancy in the middle layers, we expect
it to achieve higher performance than the baseline

when inference is stopped at a middle layer.
To test this, we perform layer skip evaluation.

Using the same 170M, 1B 3.4B parameter Llama-
based architecture as in, we compare baseline and
JREG models across different α settings. At infer-
ence time, instead of taking the final hidden state
hL, we output the hidden state hℓ (0 ≤ ℓ ≤ L)
from a middle layer and terminate decoding early.
Performance is measured by validation loss on the
FineWeb-Edu split.

Figure 15 shows the validation loss when infer-
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Layer index 1 2 3 4 5 6 7 8 9 10 11 12

Baseline 25.63 7.02 5.72 9.48 7.52 6.31 7.39 5.53 6.00 5.59 5.98 13.22

JREG (α = 0.0) 3.02 1.89 1.41 1.58 1.54 1.73 1.45 1.93 1.92 2.4 2.84 3.68
∆ℓ -22.61 -5.13 -4.31 -7.9 -5.98 -4.58 -5.94 -3.6 -4.08 -3.19 -3.14 -9.54

JREG (α = 0.1) 4.86 2.54 1.86 2.03 1.71 1.89 1.53 1.91 1.72 2.05 2.29 2.77
∆ℓ -20.77 -4.48 -3.86 -7.45 -5.81 -4.42 -5.86 -3.62 -4.28 -3.54 -3.69 -10.45

JREG (α = 0.3) 13.24 5.25 3.47 3.83 2.91 2.59 2.36 1.91 1.80 1.90 1.95 1.55
∆ℓ -12.39 -1.77 -2.25 -5.65 -4.61 -3.72 -5.03 -3.62 -4.20 -3.69 -4.03 -11.67

JREG (α = 0.5) 20.49 6.62 5.06 6.08 4.85 4.53 3.60 2.49 2.08 2.01 1.64 1.09
∆ℓ -5.14 -0.40 -0.66 -3.40 -2.67 -1.78 -3.79 -3.04 -3.92 -3.58 -4.34 -12.13

JREG (α = 1.0) 26.36 7.12 5.48 7.45 6.76 7.63 7.02 5.71 4.00 3.00 1.70 0.67
∆ℓ 0.73 0.10 -0.24 -2.03 -0.76 1.32 -0.37 0.18 -2.00 -2.59 -4.28 -12.55

JREG (α = 3.0) 25.77 7.47 5.32 7.28 7.09 6.96 6.34 7.48 7.10 8.65 4.46 0.43
∆ℓ 0.14 0.45 -0.40 -2.20 -0.43 0.65 -1.05 1.95 1.10 3.06 -1.52 -12.79

(a) 170M Model

Layer index 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Baseline 25.00 6.37 5.90 5.44 6.82 5.49 5.63 4.77 5.26 5.33 5.45 4.57 4.26 3.40 3.64 9.06

JREG (α = 1.0) 28.04 6.68 5.68 6.05 7.53 5.79 5.57 5.29 5.65 6.41 5.70 4.14 2.83 1.67 0.88 0.39
∆ℓ 3.04 0.31 -0.22 0.61 0.71 0.30 -0.06 0.52 0.39 1.08 0.25 -0.43 -1.43 -1.73 -2.76 -8.67

JREG (α = 3.0) 27.42 6.46 6.44 5.72 7.39 5.60 5.60 5.01 5.36 6.04 5.47 4.86 4.93 5.43 2.46 0.26
∆ℓ 2.42 0.09 0.54 0.28 0.57 0.11 -0.03 0.24 0.10 0.71 0.02 0.29 0.67 2.03 -1.18 -8.8

(b) 1B Model

Table 16: Displacement Ψℓ for the baseline and JREG, and the displacement difference ∆ℓ (×10−2) on the 170M
and 1B models.

Method α ARC-e BoolQ HellaSwag LAMBADA PIQA RACE SocialIQA SciQ SWAG avg

170M Param. Model (Llama architecture)
Baseline - 43.5 55.4 31.3 37.9 66.1 28.6 37.7 75.8 41.4 46.4

0.0 44.2 56.9 31.4 35.8 65.5 28.5 37.8 74.6 41.3 46.2
0.1 43.7 58.2 31.2 36.2 65.6 28.9 38.0 78.0 41.4 46.8
0.3 43.7 59.3 31.5 36.1 66.7 29.4 39.4 78.8 41.5 47.4
0.5 44.2 56.4 31.0 35.6 64.9 28.1 37.9 77.2 41.4 46.3
1.0 42.7 61.0 31.4 37.6 64.6 30.0 37.9 75.7 41.8 47.0

JREG (ours)

3.0 42.4 55.3 31.7 36.8 65.6 29.5 38.3 79.1 41.5 46.7

Table 17: Results of downstream task performance pre-trained on Weborganizer. α indicates the hyperparameter of
JREG. Each row shows the score on each benchmark dataset, with its average in the rightmost column.

ence is stopped at each layer ℓ. Across all middle
layers (0 < ℓ < L), JREG achieves lower vali-
dation loss than the baseline. This indicates that
JREG enhances the quality of middle-layer repre-
sentations and utilizes parameters more effectively.
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seed Method ARC-e BoolQ HellaSwag LAMBADA PIQA RACE SocialIQA SciQ SWAG avg

Baseline 43.8 60.1 31.4 37.4 66.9 28.7 38.6 76.9 41.4 46.7123 JREG 43.6 61.0 31.1 37.8 65.8 75.8 41.4 79.3 41.8 47.5

Baseline 43.5 55.4 31.3 37.9 66.1 28.6 37.7 75.8 41.4 46.4777 JREG 42.7 61.0 31.4 37.6 64.6 30 37.9 75.7 41.8 47.0

Baseline 43 53.7 31.5 37.6 64.7 28.3 37.2 78.0 41.6 46.2888 JREG 44.3 57.7 31.3 38.3 65.6 27.9 37.9 77.5 41.7 46.9

Baseline 43.4 55.3 31.2 36.3 65.5 28.5 37.2 80.4 41.6 46.62025 JREG 43.4 59.2 31.6 37.1 65.0 29.1 38.4 76.3 41.6 46.9

Baseline 44.7 56.7 31.6 37.5 66.6 27.9 37.0 78.8 41.2 46.910000 JREG 44.9 59.4 31.3 36.6 65.1 28.7 38.6 78.3 41.3 47.1

Table 18: Results of evaluating downstream task performance for a 170M parameter model pre-trained on the
WebOrganizer corpus and trained with five different random seeds.

Layer index 1 2 3 4 5 6 7 8 9 10 11 12

Baseline 27.19 6.72 6.43 6.90 6.28 8.59 5.24 5.76 6.14 4.96 5.09 12.41

JREG (α = 0.0) 2.84 1.7 1.64 1.58 1.4 1.51 2.04 1.66 1.94 1.94 2.58 3.79
∆ℓ -24.35 -5.02 -4.79 -5.32 -4.88 -7.08 -3.20 -4.10 -4.20 -3.02 -2.51 -8.62

JREG (α = 0.1) 4.86 2.54 1.86 2.03 1.71 1.89 1.53 1.91 1.72 2.05 2.29 2.77
∆ℓ -22.45 -4.38 -4.29 -4.97 -4.66 -7.04 -3.05 -4.26 -4.42 -3.29 -3.11 -9.71

JREG (α = 0.3) 13.79 4.67 4.35 3.60 2.93 2.28 2.66 1.78 1.74 1.47 1.46 1.56
∆ℓ -13.4 -2.05 -2.08 -3.30 -3.35 -6.31 -2.58 -3.98 -4.40 -3.49 -3.63 -10.85

JREG (α = 0.5) 21.43 6.40 6.35 6.30 5.07 3.98 4.00 2.39 2.13 1.61 1.29 1.09
∆ℓ -5.76 -0.32 -0.08 -0.60 -1.21 -4.61 -1.24 -3.37 -4.01 -3.35 -3.80 -11.32

JREG (α = 1.0) 29.3 6.84 6.35 7.85 7.14 6.85 8.52 5.16 3.99 2.32 1.37 0.67
∆ℓ 2.11 0.12 -0.08 0.95 0.86 -1.74 3.28 -0.60 -2.15 -2.64 -3.72 -11.74

JREG (α = 3.0) 27.14 7.21 5.99 8.01 7.23 6.12 8.01 6.16 7.54 7.68 3.47 0.46
∆ℓ -0.05 0.49 -0.44 1.11 0.95 -2.47 2.77 0.40 1.40 2.72 -1.62 -11.95

Table 19: Displacement Ψℓ for the baseline and JREG on 170M model trained on Weborganizer
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Model α 50k 100k 150k 200k

Baseline - 3.96 4.74 5.76 7.32
0.0 0.49 0.53 0.9 1.21
0.1 0.19 0.35 0.59 0.72
0.3 0.00 0.03 0.11 0.10
0.5 0.00 0.00 0.00 0.00
1.0 0.00 0.00 0.00 0.00

170M JREG

3.0 0.00 0.00 0.00 0.00

(a) ζL

Model α 50k 100k 150k 200k

Baseline - 4.01 4.88 5.88 7.45
0.0 0.77 0.91 1.41 1.85
0.1 0.31 0.50 0.81 1.03
0.3 0.00 0.03 0.11 0.10
0.5 0.00 0.00 0.00 0.00
1.0 0.00 0.00 0.00 0.00

170M JREG

3.0 0.00 0.00 0.00 0.00

(b) ζL−1

Model α 50k 100k 150k 200k

Baseline - 4.01 4.88 5.88 7.45
0.0 0.77 0.91 1.41 1.85
0.1 0.31 0.50 0.81 1.03
0.3 0.00 0.03 0.11 0.10
0.5 0.00 0.00 0.00 0.00
1.0 0.00 0.00 0.00 0.00

170M JREG

3.0 0.00 0.25 0.13 0.14

(c) ζL−2

Table 20: Checkpoint-wise jump rate of models pre-trained on Weborganizer

1258



2 4 6 8 10 12
Layer

0.0
0.2
0.4 50K

100K
150K 200K

(a) Baseline

2 4 6 8 10 12
Layer

0.0
0.2
0.4 50K

100K
150K 200K

(b) JREG (α = 0.0)

2 4 6 8 10 12
Layer

0.0
0.2
0.4 50K

100K
150K 200K

(c) JREG (α = 0.1)

2 4 6 8 10 12
Layer

0.0
0.2
0.4 50K

100K
150K 200K

(d) JREG (α = 0.3)

2 4 6 8 10 12
Layer

0.0
0.2
0.4 50K

100K
150K 200K

(e) JREG (α = 0.5)

2 4 6 8 10 12
Layer

0.0
0.2
0.4 50K

100K
150K 200K

(f) JREG (α = 1.0)

2 4 6 8 10 12
Layer

0.0
0.2
0.4 50K

100K
150K 200K

(g) JREG (α = 3.0)

Figure 10: Checkpoint-wise hidden state displacement
on 170M model
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Figure 11: Checkpoint-wise hidden state displacement
on 1B model
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Figure 12: Checkpoint-wise hidden state displacement
on 3.4B model
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Figure 13: Layer-wise displacement Ψℓ. Blue line and green line represent the results for baseline and JREG,
respectively.
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Figure 14: 170M checkpoint-wise hidden state displace-
ment pretrained on Weborganizer.
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(f) 170M model (α = 3.0)
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(g) 1B model (α = 1.0)
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Figure 15: Validation loss at each layer when inference is stopped at hℓ. Lower values indicate better performance.
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