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Abstract

Transformer models have driven breakthroughs across various language tasks by
their strong capability to learn rich contextual representations. Scaling them to
improve representation, however, often demands substantial memory and compute
costs, such as the Key-Value (KV) cache used during auto-regressive decoding.
Skip connections offer a promising way to improve representation without bloating
resource usage, yet most prior works either improve expressivity while leaving KV
costs unchanged, or reduce memory at the cost of weaker representation. In this
work, we propose SkipV 1Former, a Transformer variant that uses skip connections
from the first layer’s Value heads to strengthen model representation and reduce
KV cache. Specifically, from the second block onward, each layer reuses half of
its Value heads from the very first layer, while computing the other half as usual-
cutting Value projections and V cache by nearly 50 %. Theoretically, we show that
routing uncompressed first-layer Values into deeper layers restores information
lost to compression and accelerates the model’s implicit mesa-optimization-a key
pattern of Transformer in auto-regressive tasks. Empirically, across different model
scales, SkipV1Former delivers consistent reductions of approximately 25 % in KV
cache while improving perplexity relative to standard Multi-Head Attention (MHA)
Transformers and some advanced variants. Moreover, we propose a recipe for
uptraining existing MHA Transformer checkpoints to SkipV1Former with only 10-
15% additional compute. Finally, SkipV 1Former can seamlessly combine advanced
methods like Group-Query Attention and Multi-Latent Attention to achieve further
KV cache savings and performance improvement. When combined with YOCO, it
cuts KV cache size by nearly 50 % while still improving performance. The code is
available at: https://github.com/Zhoutong-Wu/SkipViFormer,

1 Introduction

Large Language Models (LLMs) built on Transformer architectures [[1] have achieved impressive
performance in a wide range of language tasks such as dialogue generation and complex reasoning.
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At their core, multi-head attention (MHA) [1] endows these models with a powerful ability to capture
rich contextual representations. While modern models are scaling to billions or trillions of parameters
[2, 13, 4] in pursuit of ever-stronger expressivity, their memory and computational demands grow
excessively large, limiting practical deployment. In particular, the need to cache large Key and Value
(KV) tensors in auto-regressive decoding presents a notable challenge for GPU memory [3].

Moreover, recent empirical studies suggest that beyond a certain scale, simply increasing model
size yields diminishing returns in downstream performance [6]. As a result, a growing body of
works is focusing on methods that boost model performance without a corresponding surge in
resource consumption. One promising technique is (cross-layer) skip connections, which route
features between non-adjacent layers to promote reuse. Existing skip-connection techniques in the
Transformer family mainly fall into two categories:

1. Feature-augmentation approaches: these methods concatenate or linearly fuse representa-
tions from earlier layers into later layers [7, 8], analogous to DenseNet [9] or U-Net [10]
designs in convolutional networks. By reusing feature maps, these skip connections bolster
model representation and improve performance. However, they fail to reduce KV cache
footprint compared to a standard Transformer of the same width and depth.

2. Layer-replacement approaches: these techniques selectively replace portions of a layer’s
Key or Value (or other components) with those drawn from other layers [[11,[12]]. They can
reduce the KV parameter counts and thus the KV caching consumption. However, naively
substituting layer outputs often leads to a drop in model quality, as it often weakens the
model representation.

This raises a natural question: Can we design a skip-connection scheme that simultaneously enriches
representations and reduces KV-cache/storage requirements? To achieve both goals simultaneously,
one must decide which parameters are relatively redundant to be replaced, while identifying which
intermediate features are critical to reuse for expressivity. In fact, by the No Free Lunch theorem
[13], there is no universal recipe for shrinking parameter counts and boosting representation across
all tasks. Such dual gains must exploit both the architecture and the task characteristics.

To address the problem, we propose SkipV 1Former (skip connection with Value-1), a simple yet
effective MHA Transformer variant that strategically integrates both objectives. In an L-layer
SkipV1Former, it replaces half of each layer’s Value heads (layer 2 to L) with the corresponding
heads from layer 1. This design cuts Value cache size and the trainable Value projection parameters
by nearly 50%, while preserving the total head count and architectural depth.

Based on the characteristics of auto-regressive tasks, we provide a theoretical analysis of the expres-
sivity of SkipV1Former by viewing Transformers as mesa-optimizer [14], i.e., self-attention block
can be interpreted as performing an optimization step on a latent objective function. We show that
feeding uncompressed first-layer Value signals to deeper blocks via skip connections restores lost
information and accelerates the mesa-optimization process.

Experiments on GPT-2 models demonstrate that SkipV1Former consistently lowers perplexity
compared to standard MHA Transformers and even matches or outperforms advanced feature-
augmentation methods—with ~25 % less KV cache. Under the same cache-saving regimes, it
significantly outperforms layer-replacement approaches like YOCO [15] and CLA [16]. Scaling to
the 3B LLaMA model, SkipV 1Former maintains improved perplexity and KV-cache efficiency versus
the vanilla MHA Transformer.

Moreover, we propose an uptraining method to train a SkipV 1Former from the checkpoint of an MHA
Transformer, using only around 10 - 15% of original pre-training compute. Finally, SkipV 1Former
can be seamlessly combined with other advanced KV-saving approaches like Group-Query Attention
and Multi-Latent Attention to attain even greater savings in KV cache and performance boost. By
combining the Key reusing mechanisms in YOCO, we further propose a variant of SkipV 1Former
that saves ~ 50% KV cache while improving model performance.

2 Related Works

Skip Connections in Transformers. Skip connections, which route the output of one layer directly
into deeper layers or sublayers, are utilized in the original Transformer for stabilizing training [1]].



Subsequent Transformer variants have leveraged skip connections to enrich representations by reusing
and propagating low-level features into higher layers [[7, |17, |18} [, [19, 20], leading to improved
performance. Some recent works further generalize skip connections to "hyper" connections that also
fuse connections from width [19]. Another main thread leverages skip connections to reduce inference
costs by parameter sharing or substituting [[16} [15, 21]]. In particular, sharing Keys and Values
across layers yields a straightforward and effective KV-cache reduction [[16}[15]]. Other approaches
approximate attention scores for similar efficiency gains [22l]. In addition, skip connections have also
been applied to combine Pre-LN and Post-LN advantages [23]] or mitigate over-smoothing problem
[24]. Among the above, the most related to our approach is ResFormer [25]], which linearly adds
the first layer’s Value to every subsequent layer’s Value, acquiring lower perplexity but without
theoretical grounding or KV cache savings. Our SkipV 1Former simultaneously enhances expressivity
and compresses KV cache, backed by both theoretical analysis and empirical validation.

KYV Cache Efficient Methods [26]. Key-Value (KV) cache, which stores the intermediate attention
Keys and Values during auto-regressive generation to avoid redundant computation, often dominates
GPU memory usage. To alleviate this, a range of compression techniques have been proposed,
including KV quantization [27} 28], efficient attention [29} 130} 31], sparsity methods [32} 133|134} 135]],
and KV sharing [36, [11} 37, 38, [39]]. Our approach falls into the KV sharing category, reducing
the number of cache entries via feature reuse and substitution. Representative KV sharing methods
include Multi-Query Attention (MQA) [36] and Group Query Attention (GQA) [[L1]], which share the
Keys and Values among all or a subset of heads in the same layer. Other works explore cross-layer
reuse—recycling KV states from adjacent layers—such as YOCO [[13]], Cross-Layer Attention (CLA)
[L6], and Layer-Condensed KV (LCKV) [21]. Some works also attempt to share latent cache across
different layers [40]. SkipV 1Former is the first to reuse half of every layer’s Value heads directly
from Value-1, which boosts model performance using less parameters.

Transformer as Mesa-Optimizer. In studies on in-context learning of Transformers, recent works
reveal that learned Transformers exhibit a "copying" behavior, whereby they aggregate or replicate
context tokens into one representation [14], then implicitly perform optimization steps—akin to
gradient descent [41} 42]] or Newton’s method [43]]—on a context-dependent loss. Subsequent
work has validated this meta-optimization view across a range of sequence-modeling tasks [[14}44]).
Building on the mesa-optimizer viewpoint, we analyze SkipV 1Former and show that its cross-layer
Value skip effectively accelerates implicit optimization with uncompressed first-layer signals.

3 SkipV1Former

3.1 Background and Notations

We begin by reviewing the architecture of multi-head attention (MHA) Transformer. Let X € RZx"
be the input to a Transformer block, where d is the embedding dimension and n is the sequence
length. Neglecting layer normalization for clarity, a standard H -head self-attention sublayer followed
by a feed-forward network (FFN) is

Q"=wiX, K'=WiX, V'=W{X, h=1,- H,

H
Attn(X) =X + Z WthsoftmaX((Kh)TQh),
h=1
FFN(X) = X + W, ReLU(W; X),

where W} € RdXdH,WS,W}},W(} € Réuxd W, e R™? W, € R¥™", dy is the dimension
of each head and r is the dimension of the hidden layer. Stacking L such blocks yields the full
Transformer architecture. We focus on decoder-only Transformers in this work.

3.2 Our Methods

Architecture. We now introduce our SkipV 1Former. In each layer ¢ = 2, --- | L, SkipV 1Former
interleaves half of that layer’s Value heads with the corresponding heads from layer 1, while computing
the remaining parts in the standard MHA manner. Formally, letting H' = H /2, the attention in block
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Figure 1: Overview of the SkipV 1Former architecture. Left: A full L-layer decoder, where each layer
from 2 to L interleaves half of its Value heads with the corresponding heads from layer 1. Center:
A zoomed-in view of the first and L-th layers, showing both the attention and the FFN sublayers.
Right: Detailed illustration of the cross-layer Value skip connection, with orange shading indicating
the first-layer Value heads that are injected into subsequent layers’ head sets.

1 becomes
H' H
Attn(X) = X + Z WV softmax ((K")TQ") + Z W Visoftmax((K")TQ"),
h=1 h=H'+1

where V7 refers to the value of the h-th head of the first layer. Figure|1|gives an illustration of the
architecture of SkipV1Former. Specifically, we use a fixed deterministic selection strategy: for layers
2-L we always keep heads 0- - - H’ and concatenate them with heads H' +1 ... H from layer 1. This
continuity ensures a stable and aligned head ordering across layers, which is more hardware-friendly
compared to other discontinuous methods [45]] such as random selection. We also compare other
head injection strategies in Appendix [C.4]

Since half of the heads in layers 2 — L are drawn from layer 1, SkipV 1Former cuts the number of Wy
parameters and Value cache by about 50% (i.e., 25% KV cache) without changing the total head count
H or layer depth L. We further propose a variant of SkipV 1Former that utilizes the Keys sharing
mechanism of YOCO (You Only Cache Once) [15] in Appendix [C.5] which saves another 25% KV
cache on top of SkipV 1Former (50% KV cache in total). We focus this paper on SkipV 1Former and
leave the YOCO-based variant to Appendix [C.5]

Relations to Previous Methods. Conceptually, SkipV 1Former can be seen as an extension of
ResFormer [235]], which blends every layer’s Value via a scalar interpolation, i.e.,

H
Atin(X) = X + Y Wh (AV" + (1 = )W) softmax ((K") Q")
h=1

for some A € R. In contrast, SkipV 1Former inserts H' first-layer heads directly into each deeper
layers, thereby saving nearly 25% of KV cache whereas ResFormer cannot. In Section[d] we provide
a theoretical analysis which not only motivates the specific design of SkipV 1Former, but also offers
insights into why ResFormer’s interpolation with first Value benefits model performance.

4 Why Skip Connection with First Value Head Helps

While it seems natural to view SkipV 1Former as more expressive than a variant that only reduces half
the heads without injecting first-layer Values, it is shown that skipping from the first layer’s Value
yields notably better performance than skipping from later layers (see Section[6.5)). This suggests
that the first layer is uniquely informative for information propagation.
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Figure 2: Standard MHA Transformer (left) compresses token pairs across layers, incurring informa-
tion loss in mesa-optimization, whereas SkipV 1Former (right) reintroduces raw token values into
deep layers, preserving information fidelity.

A potential clue lies in the "copying mechanism" studied in in-context learning (ICL) [46]]: early
Transformer layers often act to bind multiple adjacent tokens into compact representations [[14}47]).
This effect is especially prominent in shallow layers and underlies many ICL models’ assumptions.
For example, it is commonly assumed that input tokens take the form e; = (x;,y;) € R%+dy where
x; € R% and yj € R? are the sample and label of a training pair. Under this formulation, Oswald
et al. [41] show that, for a linear regression problem, i.e., y = W x +¢, a single linear attention layer
approximates a one-step gradient descent:

N
ej < (x5, i —nVLW)x;), LW) =35> [[Wx -y (1)

=1

That is, the layer updates the token as if performing one step of gradient descent on W to minimize
the regression loss. Subsequent works [48] 49| 142]] extend this mesa-optimization view to deeper and
nonlinear settings [48} 1491 42].

However, a key assumption in this analysis is that each token fully encodes its (x, y) pair—a condition
difficult to satisfy in practice due to limited embedding dimensionality. Compressing multiple tokens
into one inevitably incurs information loss, which can lead to degraded quality of optimization
updates in deeper layers.

SkipV1Former mitigates this by explicitly routing the first layer’s Value into every deeper layer. Since
the first layer processes the raw input tokens directly, its Value retain higher-fidelity representations
of the sample and label. The skip connection with first-layer Value allows the model to restore
much of the information lost through copying whereas existing residual connections cannot. This
preserves more of the causal structure between samples and labels, which in turn enhances the model’s
reasoning capabilities. The overall intuition is illustrated in Figure [2] Moreover, prior works [48]]
show that mesa-optimization gradients in Transformers primarily flow through the Value pathway.
This supports our design choice to interleave deeper layers’ Value with the first-layer Value.

We further formalize this intuition on a simplified model to derive concrete performance improvement.
Consider the linear regression problem in Eq. (I), where x;,y; € R and W ~ N(0, I2). Assume
that the embedding dimension is d, so there will be information loss in the compression for MHA
Transformer. For the model, consider a two-layer Attention-only Transformer with two heads per
layer and linear attention. Denote by L, and L, the expected squared-error loss on predicting y,,+1
of MHA Transformer and SkipV 1Former, respectively. We show that under this setup:

Theorem 1 (Informal). Assume that the first layer performs the copying mechanism, then there exists
an independent constant ¢ > 0, such that

min  Ly({WH, Wi Wi H)<  min  Li({Wh, Wi, W)}, H) —c.
Wh W Wh H WE Wi, W, H
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A formal statement and proof of the theorem are provided in Appendix [A] Theorem [I] shows that
SkipV 1Former can drive the prediction error at least ¢ lower than MHA Transformer on this task. In
the proof, we show that SkipV 1Former can realize an "uncompressed” GD—just as in the ideal one-
step update in Eq. (I). In this sense, SkipV 1Former performs equivalently as an MHA Transformer
with extra embedding dimension that can fully encode the (x,y) pair. Further discussions are
provided in Appendix [A]

5 Extensions & Practical Recipes

5.1 Uptraining from Pretrained MHA Checkpoints

Modern large language models are typically released with standard MHA Transformer checkpoints.
To train a SkipV 1Former from an MHA Transformer checkpoint, we follow a similar uptraining
strategy to that of Ainslie et al. [[L1] for Multi-Query Attention [36]]. Concretely, 1) Convert an MHA
Transformer checkpoint into a SkipV 1Former checkpoint by inserting a mean pool across every two
head projections in layers beyond the first. 2) Initialize the new SkipV 1Former layers with these
pooled weights while preserving the original first-layer Value projections and continue pretraining.
An illustration is shown in Figure 3] It is shown in Section that this uptraining can match the
perplexity of training from scratch using an additional 10%-15% of the original compute budget.

5.2 Combining with KV-Cache-Efficient Methods

Our first-value-head skip connection is compatible with most existing KV cache compression methods,
such as sparsity methods and same-layer KV sharing methods. In this Section, we consider Group-
Query Attention (GQA) [11]] and Multi-Latent Attention (MLA) [50]. We also consider YOCO in

Appendix

* Group-Query Attention: GQA divides query heads into groups, each sharing a single key
and value head. To integrate, we first replace half of the Value heads with those from the
first layer before grouping. Each group thus shares either a current-layer or first-layer Value
head, enabling shallow-layer reuse without disrupting GQA semantics.

* Multi-Latent Attention: MLA uses a low-rank joint compression c for attention keys and
values. To integrate with our technique, we interleave half of each layer’s c-dimensional
latent vector with the corresponding first-layer latent features, reducing the c-cache footprint.

See Figure [3|for an illustration. It is shown in Section [6.4that combining our methods with GQA or
MLA leads to another 25% or 50% reduction on KV cache and attaining lower perplexity. We also
experiment on TinyLlama-1.1B model in Appendix and observe similar improvements.
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Figure 4: Validation loss curves across four GPT-2 model sizes (125M, 200M, 355M, 550M) for
six architectures plotted over training iterations. Solid lines indicate KV-cache—efficient variants
(YOCO-V, CLA-V, SkipV 1Former), while dashed lines correspond to non-KV-cache-efficient models
(MHA Transformer, DenseFormer, ResFormer).

6 Experiments

In this section, we evaluate SkipV 1Former on GPT-2 [3]] and LLaMA models [4], examining primarily
pre-training dynamics and losses, inference memory, uptraining, and integration with KV-efficient
techniques.

6.1 Experiments on GPT-2 Series

Setup. We pretrain the models on OpenWebText2 [51], an open-source replication of OpenWeb-
TextCorpus comprising around 17B tokens. We also evaluate the pretrained checkpoints on a set of
standard downstream tasks in a zero-shot manner. We experiment on four model scales: 1) GPT2-S
(125 M) and GPT2-M (355 M), following the configurations in Radford et al. [2] 2) Two additional
intermediate variants for finer granularity: 200M and 550M.

For the architectures, we choose MHA Transformer as the baseline model. We pick two recent
feature-augmentation methods: DenseFormer [7] and ResFormer [25], and two KV-sharing methods:
YOCO [15] and Cross-Layer Attention (CLA) [[16] for comparisons. To ensure fair comparison in the
KV-cache-saving regime, we consider V-only YOCO and V-only CLA, aligning with SkipV 1Former’s
design. All models are trained using AdamW. More details are provided in Appendix [B.1]

Results. The per-iteration validation losses for six architectures during pretraining are presented in
Figure[d SkipV 1Former matches ResFormer in terms of final loss—achieving the lowest value overall.
Importantly, SkipV 1Former consistently outperforms both the baseline model and DenseFormer,
highlighting the benefit of our skip connection with the first-layer Value. In the same KV-saving
regime, SkipV 1Former significantly surpasses the lightweight cache-efficient methods YOCO and
CLA. Additionally, the validation-loss curve for SkipV 1Former is as smooth as those of the regular
models, demonstrating that our skip connection does not introduce any additional training instability.

We further evaluate these pretrained models in a zero-shot setting across standard downstream tasks
in Appendix|C] SkipV 1Former and ResFormer yield the strongest average performance.
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Figure 5: Validation Loss, Perplexity, and Loss Curve for LLaMA Models scaling from 60M to 3B.
SkipV 1Former consistently outperformed MHA Transformer with with reduced KV cache and fewer
parameters.
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6.2 Experiments on LLaMA Series

Setup. We further compare SkipV1Former and the baseline model MHA Transformer on LLaMA
series [4] to validate the effectiveness of our architecture. We pre-train on C4 dataset, a colossal,
cleaned version of Common Crawl’s web crawl corpus [52]]. We evaluate sizes from 60 M up to 3 B
parameters to test scalability. More details are provided in Appendix [B.2}

Results. Table[Saland Figure[Sb|report validation loss and perplexity across all sizes. SkipV 1Former
outperforms the baseline at every scale. On the small and medium models (60M—-350M), it achieves
notable reduction in validation loss of approximately 0.03—0.05. For larger models (1B-3B),
SkipV 1Former maintains a noticeable improvement regarding the model scale. Importantly, these
performance gains come alongside a reduction of approximately 25% in KV cache usage and around
4% in total parameter count. Furthermore, Table[I|reports the downstream task accuracy of the 3B
models, with results for other scales provided in Appendix [C.3] SkipV1Former also surpasses the
baseline in average downstream performance.

Table 1: Test accuracies (%) of 3B-scale models on downstream tasks, with overall average.
Model ARC-C ARC-E BoolQ Hella OBQA PIQA RTE SciQ Winogr | Avg
Baseline 21.0 49.5 55.5 34.5 18.6 68.4 53.1 775 493 47.5
SkipV 1Former 21.0 49.4 60.3 35.1 17.6 69.3 538 1791 49.5 48.3

6.3 Inference

GPU Memory. To validate real-world savings, we measure and compare GPU memory consump-
tion of SkipV 1Former and a baseline MHA Transformer across different dimensions. All experiments
are conducted on LLaMA variants using a single NVIDIA RTX A6000 GPU with 48 GB of memory,
and the results are summarized in Figure 6]

Figure [6a] plots KV cache size (in MB) as a function of sequence length. While both SkipV 1Former
and MHA Transformer exhibit linear cache growth, SkipV1Former’s slope is ~25 % lower than
that of MHA across all LLaMA variants, aligning with our theoretical predictions. Figure [6b]
plots per-token KV cache (KB) against model size (ranging from 350M to 7B parameters). Again,
SkipV 1Former maintains a ~25 % reduction at all scales, demonstrating uniform savings regardless
of model capacity. Finally, Figure [oc|provides a stacked breakdown of peak allocated memory in
inference without activation offloading. SkipV 1Former not only shrinks KV cache size but also
lowers the overall peak memory use by a noticeable margin of ~ 5.6GB.

Prefill Time and Throughput. We also evaluate inference speed in terms of prefill latency (time to
build the KV cache) and decoding throughput (tokens/s with cached KV states). Figure [7]reports
results across 60M—7B models. SkipV 1Former reduces prefill time by 5-8 ms/100 tokens due to
halved W4, projections, and achieves throughput within £2% of the baseline at practical batch sizes
(B = 8, 16), with occasional gains. These modest but consistent improvements are achieved without
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Figure 7: Inference speed of SkipV 1Former vs. baseline.

the additional computational overhead typically introduced by alternative KV-cache compression
methods (e.g., SVD-based), underscoring SkipV 1Former’s efficiency. This overhead is expected to
shrink with dedicated fused kernels. More details are provided in Appendix[B.2]

6.4 Extensions

Uptraining. We uptrain SkipV 1Formers from the 125M to 355M GPT2-MHA Transformer check-
points using our uptraining strategy in Section Results are shown in Figure [8] and further
experimental details are included in Appendix

As shown in Figure 8] uptraining requires only 10%—15% of the original compute budget to reach the
same validation loss as training from scratch. Furthermore, to match the final performance of a fully
trained MHA Transformer, SkipV 1Former requires only 5 %—10 % of the original training compute.
The checkpoint conversion process incurs negligible resources compared to full training. We also
compare alternative checkpoint conversion approaches in Appendix[B.2]

Combining with Existing Methods. The skip connection mechanism of our SkipV1Former can be
combined with other layer-replacement or low-rank methods such as GQA and MLA. We evaluate
the SkipV 1Former-GQA and SkipV1Former-MLA against their vanilla counterparts on the LlaMA
350M architecture on OpenWebText2. As shown in Table[2] the SkipV 1Former-version of GQA and
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Figure 8: Validation loss versus uptraining proportion for GPT2-125M, GPT2-200M, and GPT2-
355M models. The horizontal dashed lines mark the final validation losses of the pretrained baseline
(blue) and SkipV1Former (red) when trained from scratch.



Table 2: Performance and KV cache reduction when composing SkipV 1Former with GQA and MLA
on GPT2-355M. "A KV %" indicates cache reduction relative to the non-SkipV1 methods.

Models Val. Loss PPL Params KV Bytes/token A KV %
Transformer-GQA 2.912 18.39 3347M 98 304 B —
SkipV 1Former-GQA 2.893 18.04 3289M 74752 B —24.0%
Transformer-MLA 2.896 18.10 3374 M 13824 B —
SkipV 1Former-MLA 2.888 17.95 3344M 7680 B —44.4%

MLA achieve lower validation loss and reduce the KV bytes per token by a large margin. The total
parameter count is also reduced, benefiting from the lightweight nature of our skip mechanism. To
further align with recent practice, we also experiment with GQA using a group-of-4 configuration on
TinyLLaMA models. Results in Appendix [B.2]show that SkipV 1Former continues to outperform the
baseline under this setting, confirming the robustness of the method across different GQA schemes.
Additional results on combining SkipV 1Former with YOCO are provided in Appendix [C.5]

6.5 Ablations

Skip-Head Ratio. We vary the fraction of attention heads whose Value are replaced by first-layer
Values—from 25 % up to 75 %—on GPT2-355M. As shown in Figure Da] skipping more than 50
% of heads begins to hurt validation loss, while skipping fewer than 50 % also underperforms the
50% setting while consuming more memory. Hence, skipping exactly half of the heads seems to
achieve an optimal tradeoff between model quality and memory saving. Additional experiments on
LlaMA-1B models and discussions are provided in Appendix [B.2}

Relative Validation Loss vs. Proportion of Skip Heads

ion Loss vs Iteration

0.000

-- Baseline
—— Skipvl
—— Skipv2
— Skipvo

Skipv3
—— Skipv4

—e— Relative loss
—0.005 * Default (50%) 3.40

—0.010

—0.015

Relative Validation Loss
Validation Loss
w
W
g

|
o
o
N
o

25.0% 37.5% 50.0% 62.5% 75.0%
Proportion of Skip Heads 15000 20000 ZSOUﬁeraUOiDOUD 35000 40000
(a) Relative validation loss for cross-layer head (b) Validation loss per iteration for cross-layer V
ratio compared with baseline. The asterisk denotes at different layers and comparison with no skip
the default ratio of skip heads. (SkipVO0) and baseline.

Figure 9: Comparison of validation loss under different head and layer configurations.

Skip Connection with Different Layers. We further investigate the performance of reusing Values
of other layers (layer 2, 3, 4) as well as reusing no Values (SkipV0). As shown in Figure Ob} reusing
second-layer Values (SkipV2) brings only marginal gains, and removing skip connections while
halving the Value projection (SkipV0) severely degrades performance. Extending the skip to deeper
layers (SkipV3 & SkipV4) similarly yields weaker results than SkipV1. Together, these findings
highlight the unique importance of first-layer Values for cross-layer reuse.

7 Conclusions and Future Works

SkipV1Former demonstrates that strategic reuse of first-layer Value can simultaneously improve the
model’s representation capability and reduce KV cache size. This design enables deeper layers to
access information typically lost to aggressive compression, thereby enhancing the model’s inherent
mesa-optimization. Across different model scales, SkipV 1Former consistently outperforms MHA
Transformer and related variants while using less KV memory. Its "uptraining" methodology and
seamless integration with existing techniques further demonstrate its practical value and flexibility.

Looking forward, promising directions include kernel-level optimizations for faster inference, training-
free transformations to retrofit existing models, and applications in fine-tuning. We leave these to
future investigation and hope our study motivates broader exploration of cross-layer skip connections
in large-scale Transformer architectures.
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A Theoretical Analysis

A.1 Results and Proofs

In this section, we give a formal statement of Theorem [I]and the detailed proof. We first restate the
problem settings and assumptions.

We consider a set of in-context examples {(x;,y;)}:, where x;,y; € R and y; = W*x; + &;.
Here, W* is a shared coefficient matrix and ¢; is the additive Gaussian noise for each sequence. The
training input to the model is given by

E - (X1,Y1,"' ;ynaxn+1) S Rdx(2n+1)’

where each x; is sampled independently from A (0, I;), W* ~ N (W, I;2) for some deterministic
Wy € R4¥4 and ¢; ~ N(0, azfd) are i.i.d. Gaussian noise. For the model, we follow the common
simplifications [41], 48, [42] considering a two-layer linear attention Transformer with two heads
per layer and no residual connections. This simplified model preserves the key component—multi-
head attention—and is sufficient to highlight the differences in information flow between the stan-
dard MHA Transformer and SkipV 1Former. We train the model using only the in-context tokens

(X17y17 e ,Yn)-
For the MHA Transformer, the output of each transformer block is

2
TF(E) =Y WH"EP (ET(Wgh)TWg"E) L 1=1,2, @)
h=1
where P = (If)" 8) € REHDx @) b bl yhh ¢ Raxd for | — 1,2, and we omit

Wo since it can be incorporated into W‘l)h, making no difference in expressivity analysis.

Denote by 7 the distribution over input sequences F. For SkipV 1Former with 1 skip head, the output
can be expressed as:

E°" = W2LTF, (E)P (TFl(E)(Wi’l)TWéBTFl(E))

2,2 2,2\ T1172,2 )
+W2EP (TFl(E)(WK’ ) W TFl(E)) ,
where TF () is defined as in Eq. (Z)). The training loss function is:
Lic (W8 W W B ) = B [|HE™, — yaa ], @)

where k£ = 1 refers to the loss of standard Transformer, and k = 2 refers to that of SkipV1Former.
As stated in Section[d] we admit the copying mechanism and introduce the following assumption:

Assumption 1. The output of the first attention block is

Ax Ax, Ax,,
TFI(E): (Xh(Byi)? aX’rH(Byn) 7( 0+1>)a

where A € Ro%4 B € RUA=0xd gpd () < q < d.

Assumption [I)is close to real scenarios, as the embedding dimension of attention is kept the same as
that of token embedding [1]. Although we do not consider causal mask explicitly, we assume that the
copying mechanism is conducted on only y;s with previous tokens, maintaining the causal structure.
In Assumption [I] the information of the raw samples are compressed as Ax and By. Intuitively,
MHA can only solve the compressed regression problem with sample-label pairs (Ax, By), whereas
SkipV1Former can access the uncompressed x and y and solve the original problem and attain lower
loss.

Under Assumption [T} we drop the superscript [ in Eq. () and (3)). The formal version of our main
theorem is stated as follows:
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Theorem 2 (Formal). Assume that o43(Wy) > 2v/do and d is sufficiently large. Under Assumption
there exists a constant ¢ > 0 independent of A, B, W/, W}é, W"}, H, such that

Comin o Lo({W5, Wi, WL, H) < min  Li({W§, W, Wi}, H) —c,
WhWh Wi H WhWh Wi H

where Ly and Lo are defined as in Eq. (@).

The proof follows the analysis framework in [48]. We begin by rewriting the loss function in a more

convenient form. Define W" = HW{, M" = (W}) "W} (61) and set

n
Axix] AT Ax;y[ BT
Gip = XX, + M '
b ; o (BYiXiTAT Byiy, BT

for each input sequence D = (X1,y4," - ,¥,)- Then the loss of MHA Transformer can be simplified
as
5 2
Li(A,B,W, M) =E, |> W"G1 pM"Xp 11 — yns1| - ®)
h=1 F

Similarly, loss of SkipV 1Former can be expressed as

2
Ly(A, B,W, M) =B, | Y W"GE pM )41 = ynia (6)
h=1 F

-
where G} , = G pand G3 [, = Y7, xix] +yi (g;:) .

To prove the theorem, we present the following lemmas.

Lemma 1. Let Wp be the solution to ridge regression with regularization strength o on the
exemplars (X1, ,¥,,Xn+1)- For any matrices A and B, there exists a constant C > 0 independent
of A, B,W, M, such that

2 2
> WhG pM" —Wp
h=1

Li(A,B,W,M) =C+Ep , k=12

F

Proof. We denote

_ il 12 x _ (Gip - (Gip _ (M
W - (W 7W )7 CTYLD - ( Gl,D) ) GQ,D — ( G%,D ) M = M2 .

Using the law of total expectation, the loss can be written as
Li(A, B, W, M) = Ep sy By,y [I¥ni1 = WGk oMxuial[} | Dixasa ], k=12,

Define the function
g(U) = Eyn+1 [”UXTH-I - Yn+1||%‘ ‘ D7Xn+1] :

Since g(U) is a convex function, the minimizer of the function exists and we denote (any of) it by
Wp. The first-order optimality condition gives

0=Vug(U) =Ey,,, [2(U%n1 = Yns1)Xpp1 | Dy Xnia] -

For any matrix U, by taking the dot product of both sides with U — Wp, we obtain

Eyn+1 [Q(an+1 - YR+1)XI+1(U - VVD)—r ’ Daxn+1} =0. @)
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Therefore, we have the following decomposition
Ey,o, [I¥ns1 = WGhpMxnialh| D3
=Ey,. ., {HynJrl - WDanrl + WDXn+1 — W@k7DMxn+1||% ’D7Xn+l]
=Ey,py [[¥oer = Woxaallf + [Woxoesr = WG pMxial[f | DX

+2Ey, ., |:(Yn+1 — WpXns1)(WpXpi1 — WG pMx,i1)" ‘ D7Xn+1:| .
By setting U = Wék pM in Eq. (7)), the last term vanishes. Hence,
Lk(Aa B, VV’ M) = ED7xn+1 |:Eyn+1 {HWDXW+1 - Wék,DMxn+1 H%‘ ) D7 Xn+1}} + 07

where
C= EDaxn+lEyn+l |:||yn+1 - WDXn+1 H%‘ ‘ D, Xn+1:|
is independent of A, B, W, M.

Finally, since x,,+1 ~ N(0, I;), we have
~ - 2
Li(A,B,W,M)=C +Ep HWD — WGk,DMH .
F
O
We denote W" = (W}, Wl) and M" = (M}, M}), where W, M} € R?*% and W3 M} €

R?*(d=a) With these notations, the following lemma provides a further simplification of the loss for
both the standard MHA Transformer and the SkipV 1Former.

Lemma 2. For the standard Transformer, there exists a constant C1(A, B, W, M) > 0 such that

Li(A,B,W,M)=C+Cy +Ep HH1 - WDHi 7
where )

Hy=> (WMAXYTB M + WyBYXTATM}).

Similarly, for the SkipV1 Forr];;i; there exists a constant Cy(A, B, W, M) > 0 such that

Ly(A,B,W,M)=C+Cy+Ep HHz — WDHi :
where )

Hy=Y W'yXTA" M/
h=1

Proof. From Lemmaand the definition of G 1,0 (G1,p), we have
. - 2
Ly(A, B,W, M) = C + Ep [Wp ~ WG oM ||

2

2
=C+Ep|Wp-> W (XXT + (AX> (XTAT YTBT)) M"

BY
h=1 F
(3)
For any fixed A, B, W, M, define
2
M(X)=> (WhXXTM"+ WP AXXTAT M),
h=1
2
Na(v) = S WEBYY BT ML, ©
h=1

2
Ns(X,Y) =Y (WPAXY ' B"M}+ WPBYXTATM}).
h=1
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Then Eq. (8) becomes

. 2
Li(4, B,W, M) = C + Ep [Wp — Ni(X) - Na(¥) = Na(X, V)|
From the definition of WD, it is known that WD =YXT (XX T4ol d)*l almost everywhere. Using

this identity, we observe that Wp — N3(X, Y') is an odd-degree function in Y, while Ny (X) 4+ No(Y)
is an even-degree function in Y. Hence,

R 2
Li(A, B,W, M) = C +Ep||[Wp = No(X,Y)||_+Ep [N (X) + Na(Y)][}.

The first part of the lemma follows by setting H; = N3 and C; = Ep || N1 (X) + No(Y) H2F

Similarly, for the SkipV 1Former, we can decompose Wég) p M into components of odd and even
degree in Y. A direct calculation yields

N 2
Ly(4, B, W, M) = C + Ep ||[Wp — Ny(X, V)| +Ep [N} (X) + Ny(¥)][3,

where
2

N{(X) =) (WrXxXTM"+ W/ AXXTAT M),

h=1
(10)
Ny(Y)=WiBYY ' 'B'M} +W?YY B M2,

Ny(X,Y)=WIAXYTB M} + Wy BYXTAT M} + WYX T AT M3
The second part of the lemma follows by taking Hy = Nj and Co = Ep || N{(X) + Né(Y)H;

O
. o i Jves
Next, for any matrices W" = (W}, W) € R¥*24 and M" = (Mlh) € R?®™d for h = 1,2, we
2
define
s XYTY on
_ h
h(W,M)thlW (YXT >M.
We focus on )
LW, ) :ED“VT/D—h(W,M)"F (11)

in the following analysis. We first present Lemmas 3 and 4 from [48] and treat them as one lemma as
follows.

Lemma 3 (Lemma 3 and 4 in [48]]). There exists scalars t1 and to, such that for any 1, it holds that
Ep [X(YT).;(Y)i, X"] =t11pe, Ep {X(YT):,i(WD)i,:] =toly2,
where Y, . denotes the i-th row and Y. ; denotes the i-th column of Y. Moreover, for any 1, by setting

\ _ Ep(Wp)i X(Y7).;
O Ep(Y) XTX(YT). ;'

it holds that
Ep [)\iX(YT):7i(Y)i7:XT - X(YT):7¢(WD)Z-7:} —0.

Lemma 4. There exists a constant C3 > 0 which is independent of W, M, such that

- - - - 2
LOW,NI) = Cs + Ep HAYXT - h(W,M)HF ,
where A = diag{\1,--- , \q} and

\ - ED(WD)i,:X<YT):,i
! ED(Y)L:XTX(YT):J.
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~ ~ 2
Proof. We denote L'(W, M) = Ep HAYXT - h(W,M)HF and G, = (Y %T

T
XY ) for

simplicity. Our goal is to show that
Yo iy LW, M) =V iy L' (W, M).
We first consider the gradient with respect to 17!
Vi LOW, B) = 2Ep |(h(W, M) = Wp) (1) TG |
Vi L' (W, M) = 2Ep, [(h(W, M) — AYXTY(MYT G ]
Thus it suffices to prove
b [Wp(i1)TGp| =Ep [AY XTI TGy, (12)
which breaks down into:
Ep [VAVD(Mll)TXYT}

Ep [AYXT(Mf)TXYT} , (13)
Ep [WD(MQ)TYXT} —Ep [AYXT(]\Z/%)TYXT} . (14)
We first prove Eq. (T3). it suffices to show:
tr (IED [(M V(XYY (W) D _ (ED [(M1 )XY T (AYX T, D . Vi, j.
When i # j, using the i.i.d. Gaussianity of W and ¢;, we obtain:
Ep [(v7). Y. | X] = 0.
Thus we have
Ep [(XY )W) =Ep [(XYT).5(AYX )], Vi
When ¢ = j, by Lemma@, we also have
Ep [(XY7).i(Wp)i,| =Ep [(XYT)(AYX )], Vi
Thus Eq. (T3) holds.
For Eq. (T4), it is equivalent to
Ep [(Wp)i (M) YXT] =Ep [(AYX "), (3)TYX ], Vi,
which can be further written as
Ep | (Wp)i. f:((Mg)T):’j(YXT)j,: =Ep |(AYXT); Ed: P ShTH IR 7
j=1 j=1
By the commutativity of the dot product, the above expressions can be rearranged as

d d
Ep | > (Mg);:(Wh).a(YXT)j.| =Ep | > (M3);.(XYTA)(YXT),,
Jj=1 j=1
From the above discussion, we obtain

D |(W5)i(YX )5 =Ep [(XYTAL(YX T )5] Vi
which completes the proof of Eq. (T4).
It remains to show that V 1 L(W, M) = V g L' (W, M). Similarly, this is equivalent to showing
b [(GR) W) Wp| =Ep [(Gp) T (W) TAYXT]

This can be shown using essentially the same technique as above. In particular, by setting W =0,
we have

N 2
Cs = Ep HWDHF —Ep |AYX T
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We now turn back to the proof of Theorem [I]

Proof of Theorem[I} By the definition of loss of standard MHA Transformer and SkipV 1Former in
Eq. (3) and (6) and the form of L(W, M) in Eq. (I1)), we immediately obtain

~ 2 ~ o~ o~
min  Ep HWD ~ N(X, Y)H > min L(W, M).
A,B,W,M F  W,M

On the other hand, when
A=I,B=0,W!= f%A,WQ =AM'=1,M?*=1,
it follows from Eq. (T0) that
N{(X)=0,N)(Y)=0,N5(X,Y) =AY X",
Therefore, from Lemma we know that

min  Lo(A,B,W, M) =C + Cs.
A,BW,M

For the MHA Transformer, when a = d, implying B = 0, we can conclude from Lemma|2| that

Ly(A,B,W,M) > C + Ep |Wp|| = 0+ €y + Ep AYXT.

When a < d, noting from the definition that M" = W} (A) , the rank of N3(X,Y) is at most a.

0
Moreover, by Lemma and the fact that N3(X,Y) is a special case of h(W, M), it holds
Ep [Wp = No(X,Y)|| = Cs + Ep [AYXT = Ny(X, V)|
> C3+Ep|[AYX T — R(AYX )|,

where R,(AY X ) denotes the best rank-a approximation to AY X " under the Frobenius norm.
Denote by ¢ = Ep|[AYX T — R,(AY X T)||%, which is a constant independent of A, B, W, M.
Since Cy(A, B,W, M) > 0, we have

Ly(A,B,W,M) > C + C3 + c= Ly(A, B,W, M) +c.

It remains to show that ¢ > 0. First, we show that |\;| > 0. Recall that Wp = Y X T (XX T +021)~1,
so we have

Ep [(WD)Z»7;X(YT):7Z} —Ep [Yi. X" (XX + 027 'X(Y )],
=Ep [Wi, XX"(XXT +0* ) ' XX (W) ;] +Ep [, X (XX T +021) 7' X (e7).4] -
By diagonalizing X X T, one can show that
XXT(XXT 4+ IXXT = XX -6
Thus, we can derive
Ex [XXT(XXT +0°) 7 'XX ] mEx[XX" —0%I] = (d—0?)I.

We also have X T (XX " + 021)71X = 0. Combining these results, we conclude that |\;| > 0.
Now, since A is a full-rank matrix, we obtain

Ep[[AYX " — Ry(AYX ")||Z > min |\ * - Ep||[YX T — R (YXT)|%.

By the Eckart-Young theorem [S3]], we have
2

>Ep [o3(YXT)],

d

Z o(YXT)

i1=a+1

EpllyXT - Ry(YX )|} > Ep
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where o;(Y X T) denotes the i-th singular value of YX . Since YXT = WXXT + X', by
Weyl’s inequality, we further have

loa(YX ") —og(W*XXT)| < [leX 2.
For o4(W*X X ), since 04(AB) > 04(A)oq(B), we have
oa(W*XXT) > aq(W*)o3(X).

By Edelman’s Theorem [54]], for X ~ N(0, I;2), it holds that o4(X) ~ © (id) when d is large.

Thus, we have
cad(W*XX ") > aq(WHQ (d71),

with high probability. Since W ~ (U, 61;2), from the assumption that o4(Wp) > 2v/do, we have
Ep [oa(W*XX") — [[eX||2] > 0.

Combining all the above results, we have shown that ¢ > 0, thus completing the proof.

A.2 Discussions

In this section, we discuss the implications and relations to the analysis in other works of our
theoretical findings. A high-level basis of our analysis centers on the interplay between Transformer
architecture and the tasks it solves, in particular, auto-regressive tasks. Appendix [C.6| preliminarily
shows that SkipV 1Former fails to boost performance on non-autoregressive tasks, indirectly support
its design’s focus on auto-regressive. In addition, the importance of the first layer is also confirmed in
[S5]. They similarly attribute in-context learning to a two-phase process: the first layer preprocesses
context examples, while deeper layers perform iterative optimization steps.

In another related work, Zhou et al. [25] explain ResFormer’s (akin to our skip connection with
first-layer Values) gains via its ability in alleviating attention concentration in multi-head attention.
While it is not clear whether there is a theoretical connection between their explanations and our
analysis, Zhou et al. also confirm first-layer information loss, which is consistent with our analysis of
copying-induced compression.

Due to the essential difficulty in analyzing the behavior of multi-layer Transformers in ICL [42],
we focus on a simplified two-layer model without residual connection in Theorem 2}-a tractable yet
still instructive framework. While one may worry that omitting residual connections could affect
deeper layers, several clues suggest that our analysis may still extend to standard Transformers. First,
the “linear copying” mechanism in Assumption |l|appears at the first-layer output of standard deep
Transformers with residual connections (see Figure 2 of [14]]). Second, for simplified one-layer
Transformers with and without residuals, it has been shown, respectively in [48] and [42], that both
models implement a single gradient-descent step on a least-squares objective at optimality. In other
words, removing residual connections does not appear to impair the representational capacity of
Transformers for in-context learning, suggesting that our simplification is reasonable to an extent.
Regarding the two-layer simplified model, if we assume that a multi-layer Transformer performs
one gradient-descent step per layer, our analysis naturally generalizes to deeper models by applying
the same proof technique as in Theorem [2] Furthermore, Appendix [C.1] presents a linear-probe
experiment on deeper models that provides empirical support for our analysis.

B Details and Additional Results for Section

B.1 GPT-2 Series

Pretraining. We provide implementation details of our GPT-2 pretraining setup, following the
training framework in [[7]. Table 3| presents the main hyperparameters of the model and optimizer
used in training. The hidden dimension of the FFN is set as 4 x the embedding size. All the models
are trained using BF16 format and AdamW optimizer [56] with 8; = 0.9, S = 0.95 and weight
decay 0.1. We adopt a warmup ratio of 10% and a cosine annealing schedule with a decay factor of
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Params Embed Heads Layers Steps Data Amount Peak LR

125M 768 12 12 40K 5B le-3
200M 1024 16 12 40K 5B le-3
355M 1024 16 24 40K 5B le-3
550M 1200 20 28 40K 5B 6e-4

Table 3: Hyperparameters of GPT-2 models in pretraining. "Data Amount" refers to the total number
of tokens used during pretraining.

10% of the peak learning rate. The batchsize is 120 and the sequence length is 1024. We also use
dropout as 0.2 and flash attention [57]. The experiments are conducted on 6x48 GB A6000 GPUs.

The architectures used in our experiments (DenseFormer, YOCO, CLA) are as follows:

* DenseFormer: DenseFormer enhances Transformer efficiency by introducing Depth
Weighted Averaging (DWA) after each block. This mechanism computes a weighted average
of the current and past representations, allowing the model to achieve lower perplexity
without increasing its size.

* YOCO (You Only Cache Once): YOCO proposes a decoder-decoder architecture that
caches key-value pairs only once. It consists of a self-decoder and a cross-decoder, where
the self-decoder computes the first % layers using efficient attention and the cross-decoder

computes the rest % layers by replacing the K, V in each of last % with %’s K, V.

* CLA (Cross-Layer Attention): CLA reduces the size of the key-value cache in Trans-
formers by sharing Keys and Values for every [ adjacent layers. [ is typically set as 2 or
3.

To maintain the same KV-cache saving regime, we consider V-only YOCO, which does not incorporate
efficient attention and only reuses the value in the last % layers, and V-only CLA, which shares the
value across every two adjacent layers, achieving a 25% reduction in KV cache size compared to the
baseline.

Uptraining. For uptraining GPT2-125M to GPT2-355M models, we perform a grid search over
learning rates {8e-5, le-4, 1.5e-4, 2e-4}, where le-4 is the final learning rate of our pretraining.
Among these, a learning rate of 1.5e-4 yields the best performance consistently across all three model
sizes. Dropout is disabled during uptraining, while all other hyperparameters remain consistent with
the pretraining configuration. To initialize the uptrained models, we also experiment with several
strategies for converting the pretrained checkpoints:

* Mean VO: Apply average pooling over every two head projections and their corresponding
columns in Wy, and zero out the remaining columns.

 Top V: Select the H' rows with the largest norm of head projections Wy, to be the new head
projections.

 Top VO: Select the H' head projections in Wy, and the H' output columns in W, with the
highest norms.

* SVD: Construct a best H'-rank approximation to the original W, Wy, using SVD.

All the above approaches are conducted on every layer beyond the first. Empirically, all of the above
strategies are outperformed by our method introduced in Section[C.3] as evidenced by their higher
initial losses. The comparisons of the converted checkpoints’ initial loss are shown in Figure

B.2 LlaMA Series

Pretraining. We adopt the training framework from [58]] and provide the following details regarding
the models and hyperparameters. Table ] summarizes the key hyperparameters of the models and
optimizers used during training. All the models are trained using BF16 format and AdamW optimizer
with 81 = 0.9, B2 = 0.95 and no dropout. For the 60M - 350M models, we apply no weight decay
and gradient clipping, with a peak learning rate 2e-3. For the 1B and 3B models, we set weight
decay to 0.1 and gradient clipping to 1.0, with a peak learning rate of 1e-3 and 5e-4, respectively. A
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Initial Loss of Different Methods
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Figure 10: Comparison of initial loss values across different methods. The "Mean V" method
corresponds to our baseline strategy described in the main text.

warmup ratio of 10% is used, along with a cosine annealing schedule decaying to 10% of the peak
learning rate. The batchsize is 512 and sequence length is 1024 for all models. We also use Rotary
Positional Embedding (RoPE) [59] and flash attention. The experiments are conducted on 8 x80 GB
A800 GPUs.

Params Hidden Intermediate Heads Layers Steps Data Amount Peak LR

60M 512 1376 8 8 25K 1.3B 2e-3
130M 768 2048 12 12 5K 2.6B 2e-3
350M 1024 2736 16 24 15K 7.8B 2e-3
1.3B 2048 5461 32 24 25K 13.1B le-3
3B 2560 6848 32 32 30K 15.7B Se-4

Table 4: Hyperparameters of LIaMA models in pretraining. "Data Amount" refers to the total number
of tokens used during pretraining.

We tune the learning rate from a set {2e-3, le-3, Se-4} for all models and choose the best learning rate
based on the validation loss of the baseline model. We observe that the influence of hyperparameters
on SkipV1Former is nearly identical to that on the standard MHA Transformer.

To further assess robustness, we also pretrain LLaMA-1B models with different random seeds
and perform a preliminary significance check. As shown in Table [5] SkipV1Former consistently
outperforms the baseline by a similar margin under both seeds, indicating that the observed gains
are not seed-dependent. In addition, similar trends are observed on TinyLLaMA-1.1B (see Table [6).
These results confirm the improvement of SkipV 1Former on accuracy.

Combining with GQA and MLA. We first provide a brief introduction to GQA and MLA. GQA
divides the query heads into G groups. Each group shares a single KV pair, reducing memory usage
while maintaining performance. Mathematically, for each group g, the attention output is computed
as:

head; ; = Attention(W2Q;, WK K, W, V),

Table 5: Validation loss of LLaMA-1B models under different random seeds. Reported mean +
standard deviation is across three runs.

Model Seed 42 Seed 100  Seed 2025 Mean =+ Std
Baseline 2.723 2.753 2.744 2.740 + 0.015
SkipV1Former  2.711 2.743 2.732 2.729 + 0.016
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Table 6: Validation loss for TinyLLaMA models with GQA-4 configuration.
Model 1.1B 315M 125M

TinyLLaMA (baseline) 2.750 2.936 3.420
TinyLLaMA-SkipV1 2.742 2916 3.370

where @); is the i-th query head, WgQ JWE W;/ are the projection matrices for the g-th group, K
and V' are the shared Key and Value for the group. The final output of GQA is computed in the same
manner as that of MHA Transformer.

MLA introduces a low-rank compression of the Key and Value to reduce the memory footprint of the
KV cache during inference. Instead of caching the full Keys and Values, MLA projects them into
lower-dimensional latent spaces. Mathematically, let X € R?*"™ be the input of an MLA layer. The
inference of the layer can be expressed as

OEV _ WwDPKV x
KC — WUchKV

K% = RoPE(WKEX),
K=[K" K],
VC — WUVCKV

where we omit the splitting of multi-heads. Here, XV € R9*" is the compressed latent tensor
for Keys and Values; d. < d indicates the KV compression dimension; WPEV ¢ R4*4 denotes
the down-projection matrix; WUE WUV ¢ R4*de are the up-projection matrices for the Keys and
Values, respectively; WX R ¢ R4z x4 g the matrix used to produce the decoupled key that carries
Rotary Positional Embedding (RoPE); and [-, -] dentoes concatenation. In MLA, only the C*V and
K™ need to be cached during generation.

We pretrain Base-GQA and Base-MLA, as well as their SkipV 1Former counterparts, on LLaMA-
350M with the OpenWebText2 dataset. The optimizer hyperparameters follow those used for
GPT2-355M. In the experiments, GQA models share the same keys and values between every two
heads for all layers, i.e., G = H/2. MLA models adopt d. = 256 and dg = 32.

For clarity, we detail how the total parameter counts in Table [2| are obtained. Each Transformer
block contains an attention module and a feed-forward network (FFN). In the GPT2-355M setting,
dmodel = 1024, head dimension = 64, and FFN hidden size dg = 4096.

GQA baseline. With 24 layers and 16 query heads, we have Wg € RI024x1024 "y 117, ¢
R1024x512 (due to head sharing), and Wy € R1024x1024 oiying ~3.7M parameters per layer for
attention. The FFN adds ~8.4M per layer from Wy € R4096x1024 and 1y, € R1024x4096 Qyer 24
layers this yields ~101M (attention) + ~201M (FFN), plus embeddings/norms for a total of 334.7M.
SkipV1Former halves Wy, from layer 2 onward, i.e., 23 x (1024 x 256) = 6.0M fewer parameters,
giving 328.9M.

MLA baseline. Here Values use a low-rank latent d, = 256, with W¥" € R1024%256 and WP €
[R256x1024 (,(0.52M per layer), plus Wq, Wx, Wo, so attention totals ~3.9M per layer and FFN
~8.4M. This gives about 93M + 201M = 337.4M overall. SkipV1Former-MLA halves d,. to 128
from layer 2 onward, reducing ~3.0M parameters, for a total of 334.4M.

As the above setting corresponds to the group-of-2 GQA scheme in LLaMA (v1), while more recent
models such as LLaMA-2 and LLaMA-3 employ a group-of-4 configuration, where keys and values
are further shared across four heads. To align with this more realistic setting, we additionally conduct
experiments on TinyLLaMA models with group-of-4 GQA. Specifically, we compare SkipV 1Former
against the baseline on TinyLLaMA-1.1B, and also evaluate smaller 315M and 125M TinyLLaMA
variants with the same modification strategy as used for LLaMA-130M/350M with LLaMA-1.1B.

The results, summarized in Table[6] show that SkipV 1Former continues to outperform the baseline
models by a margin comparable to that observed for GQA-2 (Table [2). This confirms that the
effectiveness of cross-layer Value injection remains robust under more advanced GQA configurations.
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Figure 11: Comparison of KV caching mechanisms during autoregressive decoding.

Table 7: Validation loss of LLaMA-1B models under different skip-head ratios.
Skip Ratio  25%  50% (default) 75%  Baseline

Val. Loss  2.716 2.711 2.717 2.723

KV Caching Mechanism in SkipV1Former. During autoregressive decoding, SkipV1Former
differs from the standard Transformer in how Value tensors are cached and retrieved.

Standard Transformer. For each new token x; € RY, the cached Value tensor is V[1 : t — 1] €

Rbs* Hx(t=1)xd which stores the Values of tokens z1, . . ., 2;_1. The Value of z; is simply appended
along the sequence dimension, producing V'[1 : ¢].

SkipV1Former. In contrast, SkipV 1Former maintains two sets of cached buffers: (i) the first half of
the heads for every layer, Vl’l:H/2[1 :t—1]forl =1,..., L, and (ii) the second-half heads of the
first layer, V' 1-H/2+1:H [1:t— 1]. When processing x;, these buffers are extended along the sequence
dimension to include the new token, yielding V1:#/2[1 : t] and V1 H/2+1:H[] . ¢], They are then
concatenated along the head dimension to form the full set of Values used in attention at step . An
illustration is provided in Figure [T T]

This design effectively reuses first-layer Value information across all deeper layers via per-head
concatenation, which is absent in the standard Transformer. Conceptually, the difference is not in
appending along the sequence dimension—which both models share—but in the additional cross-
layer head stitching. While this introduces minor overhead compared to standard V-cache extension,
it is an implementation detail rather than a kernel-level limitation, and can be optimized further with
fused kernels.

Ablations. In the main text, we adopt a 50% skip-head ratio as the default setting. Since the total
number of concatenated V' heads is fixed, a larger skip ratio implies a stronger reduction in the
embedding dimension of Wy, from layer 2 onward. Skipping fewer than 50% of heads offers limited
memory savings, while skipping all heads corresponds to SVFormer [25]], which suffers from clear
performance degradation. Intuitively, too few skipped heads restrict deeper layers by limiting the
copying mechanism, whereas too many skipped heads hinder their ability to process the full data flow.
Empirically, a 50% ratio achieves a near-optimal tradeoff between memory efficiency and model
quality.

To further validate this finding, we extend the ablation to a larger 1B-parameter LLaMA model.
Table [/| reports validation loss under 25%, 50%, and 75% skip ratios, together with the baseline.
Consistent with the GPT2-355M results, the 50% ratio again provides a near-optimal tradeoff.
Notably, the 75% ratio still improves upon the baseline while further reducing memory cost compared
to the default 50% ratio, making it a viable option in highly memory-constrained scenarios.
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C Additional Experiments

C.1 Linear Probe

In this section, we validate our theoretical findings from Section[4]by examining the mesa-optimization
behavior in Transformers using linear probes [60]]. We follow the methodology outlined in [[14} |43].
Specifically, we extract the output from each layer of a pretrained GPT2-125M model and train a
linear probe on top. The probe consists of a layer normalization followed by a linear classification
head. The learning rate is tuned over the set {le-4, 2e-4, 3e-4}, and training is conducted for 4000
steps, with all other hyperparameters remaining consistent with those used during pretraining.

Figure[I2]illustrates the validation loss of the probe across each layer. For both the baseline model
and SkipV 1Former, the probe loss decreases monotonically with layer depth, indicating progressively
refined internal representations. The trend can be roughly divided into two phases:

* Layers 0-6: In these early layers, the probe loss fluctuates between the base and
SkipV1Former models. This behavior suggests that the shallow layers are transforming the
input into representations conducive to mesa-optimization [61].

* Layers 7-11: In these deeper layers, the probe loss for SkipV 1Former shows a consistently
steeper downward trend compared to the baseline. This indicates that SkipV 1Former has
accelerated the mesa-optimization process, resulting in more rapidly improving representa-
tions.

These observations empirically support our theoretical analysis, demonstrating that SkipV 1Former
enhances the efficiency of mesa-optimization in deeper layers.
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Figure 12: Layerwise linear probe on a 12-layer GPT2 model. We train a linear probe on the
output of each layer (1-12) and plot validation loss for both the Baseline model and SkipV 1Former.
On the right, we zoom into layers 7—12 and overlay best-fit lines. The steeper negative slope
for SkipV 1Former indicates a faster decrease in probe loss—evidence that its cross-layer V reuse
strengthens the model’s mesa-optimization, yielding more rapidly improving representations at deeper
layers.

C.2 Visualization

To further interpret how cross-layer Value skips in SkipV1Former affect attention patterns and
information propagation, we visualize both head—head and token—token similarity matrices at selected
layers. These visualizations reveal changes in head diversity and the degree of “oversmoothing”
[62! 163] across layers.

Figure [T3] shows that SkipV 1Former exhibits lower inter-head similarity, indicating higher head
diversity. This can be attributed to the injection of uncompressed first-layer Values into deeper layers,
which promotes the diversity of Value in deeper layers. Meanwhile, Figure |14{ shows that, apart from
a few tokens, SkipV 1Former reduces the overall token similarity compared to the baseline, alleviating
the oversmoothing effect. By supplying deeper layers with original first-layer Values, tokens are
less dependent on copying redundant information from neighboring positions, thus preserving more
distinct features.
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Beyond these similarity analyses, we also provide additional insights into the role of selected heads
in SkipV1Former. Prior works have identified previous-token copying heads and induction heads in
autoregressive tasks [47]. Specifically, Olsson et al. found that there exists a circuit implemented by
two sorts of heads:

* Previous-token copying head: it finds the previous instance of the current token A and the
token that came after (call it B).

* Induction head: it “completes the pattern” by predicting B after the current A.

This characterization is closely related to our theoretical analysis of a ‘copying mechanism’ in Section
Al We hypothesize that the skipping heads in SkipV 1Former play a similar role to previous-token
copying heads—Ileveraging layer 1’s complete raw information to facilitate pattern recall—while
the remaining heads in layers 2—L operate more like induction heads. In this way, SkipV 1Former
effectively replaces some of the redundant copying heads in deeper layers and preserves the more
functionally important induction heads.

Overall, our visualizations and analysis together suggest that SkipV 1Former’s cross-layer Value reuse
encourages greater head specialization and mitigates representation collapse across tokens—two key
factors underpinning its improved representational capacity.
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Figure 13: Head—head cosine similarity at layer 12, comparing Baseline and SkipV 1Former.
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Figure 14: Token—token cosine similarity at layer 12, comparing Baseline and SkipV 1Former.
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C.3 Downstream Evaluation

GPT2-Series. We assess the performance of our pretrained GPT-2 models across several standard
downstream tasks, including HellaSwag, ARC-Challenge, ARC-Easy, PIQA, Winogrande, OBQA,
and SciQ. The results are presented in Tables[§|to[TT] Notably, SkipV 1Former and ResFormer models
consistently achieve the highest average accuracy across various model scales, aligning with their
performance during pretraining.

LlaMA-Series. Similarly, we evaluate the 60M to 1B parameter LLaMA models on downstream
tasks such as ARC-Challenge, ARC-Easy, BoolQ, HellaSwag, OBQA, PIQA, RTE, SciQ, and
Winogrande. As detailed in Table[I2] SkipV 1Former consistently outperforms the baseline models,
demonstrating improved average accuracy across these tasks.

Table 8: Zero-shot accuracy of six GPT2-125Ms variants across seven benchmark tasks. “Avg.”
reports the mean accuracy over all tasks. Best performance per column is in bold.

Model HellaSwag ARC-C ARC-E PIQA Winogrande Obqga Sciq | Avg.
Baseline 27.2 17.5 40.9 60.1 51.0 14.6  67.7 | 39.9
SkipV 1Former 27.3 18.0 40.9 60.1 51.5 150 67.6 | 40.1
ResFormer 27.3 18.2 4.9 60.2 50.5 142  67.2 | 40.1
DenseFormer 27.3 18.6 40.7 59.7 51.1 15.8 653 | 39.8
YOCO 27.2 17.6 394 59.6 52.0 144  66.2 | 39.5
CLA 27.2 19.1 39.9 59.4 493 144  67.0 | 39.5

Table 9: Zero-shot accuracy of six GPT2-200Ms variants across seven benchmark tasks. “Avg.”
reports the mean accuracy over all tasks. Best performance per column is in bold.

Model HellaSwag ARC-C ARC-E PIQA Winogrande Obqga Sciq | Avg.
Baseline 27.6 18.9 42.1 61.4 50.4 13.8  69.2 | 40.5
SkipV 1Former 28.0 17.7 43.7 60.1 49.0 148 722 | 40.8
ResFormer 27.9 18.6 42.0 61.8 51.2 164 69.6 | 41.1
DenseFormer 27.6 18.5 41.2 60.6 51.3 16.2  66.8 | 40.3
YOCO 27.6 18.3 41.4 60.3 51.5 16.0  69.3 | 40.6
CLA 27.5 17.7 40.7 60.2 50.7 152  66.9 | 39.8

Table 10: Zero-shot accuracy of six GPT2-355M variants across seven benchmark tasks. “Avg.”
reports the mean accuracy over all tasks. Best performance per column is in bold.

Model HellaSwag ARC-C ARC-E PIQA Winogrande Obqga Sciq | Avg.
Baseline 28.6 21.0 422 61.5 51.3 16.6 71.6 | 41.8
SkipV 1Former 29.1 18.9 43.6 62.6 52.5 158 73,5 | 423
ResFormer 28.8 19.8 42.5 62.2 50.9 148 71.8 | 41.5
DenseFormer 28.7 19.7 44 4 61.3 51.5 164  70.7 | 41.8
YOCO 28.5 18.8 42.4 61.4 51.0 154 68.6 | 40.9
CLA 28.5 19.4 41.7 61.3 51.0 158 69.3 | 41.0

C.4 Alternative Head Injection Strategies

In this section, we investigate different head injection strategies other than our default strategy, which
directly concatenates the second-half Value heads of layer 1 to the first half Value heads of layer 2 -
L. Specifically, we evaluate

* Pooling: Inject the head-wise average of the first half and second half heads in layer 1.

* Dynamic: For the i-th layer, inject head 7 from layer 1 into position ¢ + H/2 in a rotating
manner.

* Odd/Even: Use layer 1’s first-half heads for odd-indexed layers and its second-half heads
for even-indexed layers.

» SkipV1 + ResFormer: On top of SkipV 1Former, linearly add the first-half heads from layer 1
to the first-half heads of all subsequent layers.

28



Table 11: Zero-shot accuracy of six GPT2-550Ms variants across seven benchmark tasks. “Avg.”
reports the mean accuracy over all tasks. Best performance per column is in bold.

Model HellaSwag ARC-C ARC-E PIQA Winogrande Obga Sciq | Avg.
Baseline 29.5 19.9 46.9 62.8 51.1 16.6 724 | 42.7
SkipV1Former 29.6 18.5 46.1 62.7 514 17.6 739 | 42.8
ResFormer 30.1 19.3 47.1 63.7 52.2 17.0 734 | 43.2
DenseFormer 294 20.6 44.2 62.2 49.8 158 727 | 42.1
YOCO 29.2 19.7 45.0 62.2 50.5 150 715 | 419
CLA 28.8 19.0 43.2 62.1 51.5 15.8 72.1 | 41.8

Table 12: Test accuracies (%) of 60M - 1B scale models on downstream tasks, with overall average.

Model [ ARC-C ARC-E BoolQ Hella OBQA PIQA RTE SciQ Winogr | Avg
Baseline-1B 19.3 44.5 60.2 31.0 17.2 66.3 534 71.6 52.0 46.2
SkipV 1Former-1B 19.3 44.1 59.6 31.2 17.4 66.9 523 738 50.9 46.2
Baseline-350M 19.7 45.1 59.4 30.1 16.6 64.3 509 71.8 51.4 45.5
SkipV 1Former-350M 20.8 449 53.0 30.9 18.0 66.3 52.7 745 51.5 45.8
Baseline-130M 194 37.1 50.3 27.2 16.0 60.9 49.8 65.6 52.0 42.0
SkipV 1Former-130M 17.8 393 61.3 27.7 14.8 61.9 53.8 68.5 49.8 439
Baseline-60M 17.8 33.0 45.3 26.2 13.6 59.3 59.2 58.8 50.9 40.5
SkipV 1Former-60M 16.7 33.0 60.1 26.6 12.8 58.9 523 643 51.0 41.7

Table[T3]shows that there is no substantial improvement of these strategies over the simple second half
scheme. Moreover, our default injection strategy selects preserves a consistent head ordering across
layers, which is more hardware friendly than discontinuous schemes like random head selection
[45]. In all, simply injecting only the second half heads has achieved certain model performance
improvement while being more hardware-friendly.

C.5 Skip Connections with both K and V

In this section, we investigate methods to further reduce the Key-Value (KV) cache size by using
skip connections on both Keys and Values. A straightforward approach is to reuse the first layer’s K
and V in all subsequent layers via skip connections. We term this architecture as SkipKV1Former.
Additionally, we propose SkipV1-YOCO, which combines the Keys sharing mechanism in YOCO
[L5] (see Appendix with our skip connection approach for the first Value in SkipV 1Former.
Specifically, the first 5 layers of SKipV1-YOCO are the same as those in SkipV 1Former, while the

rest % layers computes attention by:

H' T H T
Attn(X) = X + ngvhsoftmax ((KZ/Q) Qh> + Z WhV[rsoftmax ((KZ/Q) Qh> .
h=1 H'+1

Both SkipKV1Former and SkipV1-YOCO reduce the KV cache size for approximately 50%. We
pretrain SkipKV1Former and SkipV1-YOCO on GPT2-125M to GPT2-355M using the same hyper-
parameter settings as in our GPT2 pretraining experiments.

Figure [T5] illustrates the performance of these models across three different scales. Both
SkipKV 1Former and SkipV1-YOCO are outperformed by SkipV 1Former, indicating that skip con-
nections on Keys may lead to performance degradation. On the other hand, SkipV1-YOCO shows
only a slight performance drop compared to SkipV 1Former and still outperforms the baseline model,
whereas SkipKV 1Former exhibits inferior performance even compared to the baseline model. The
relatively strong performance of SkipV1-YOCO suggests that selective reuse of Keys (as in YOCO)
may mitigate performance degradation, pointing to a promising direction for further KV cache
reduction.

Method | SkipV1l Pooling Dynamic Odd/Even SkipV1 + ResFormer
Val. Loss 2.885 2.881 2.885 2.883 2.889
Table 13: Validation loss of different head injection strategies on LLaMA-350M model.
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Figure 15: Validation loss over training iterations for GPT2-125M, GPT2-200M, and GPT2-355M
models, comparing SkipV1-YOCO and SkipKV 1Former with the MHA baseline (blue line) and
SkipV 1Former (red line).

C.6 Vision Transformer

Although the design and theoretical analysis of SkipV 1Former target towards auto-regressive tasks, in
this section we conduct experiments on vision tasks for completeness. We train a ViT-Tiny model [64]
on CIFAR-10 and CIFAR-100 from scratch to preliminarily test the performance of SkipV 1Former on
vision tasks. Specifically, our Vit-Tiny model has 12 layers and 3 heads per layer, with a hidden size
192 and an MLP of dimension 768. The total number of parameters is 5.5M. Though CIFAR datasets
are generally considered too small for ViT [[65]], our comparisons between SKipV 1Former and the
baseline model are controlled and fair. We train the models using AdamW with 5; = 0.9, 52 = 0.999
and weight decay 0.1. The peak learning rate is le-3, with a 10% warmup ratio and cosine annealing
that decays to 10% of the peak. We use a batch size of 1024 and train for 15000 steps, i.e., 300
epochs.

Figure [I6]shows test accuracy over training on CIFAR-10 and CIFAR-100. SkipV 1Former does not
outperform the standard MHA Transformer. This indirectly supports our theoretical analysis, which
is rooted in the mesa-optimization behavior observed in trained Transformers for auto-regressive
tasks. In non-autoregressive tasks, accessing information from the first layer cannot preserve the
causal structure between samples and labels. Instead, the raw features from the first layer are less
processed and may disrupt the hierarchical feature extraction that vision Transformers rely on, leading
to degraded performance when being injected to deeper layers. Designing an effective skip connection
scheme for vision Transformers may require a deeper understanding of how information flows through
the learned architecture.
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Figure 16: Accuracy per iteration of the baseline versus SkipV 1Former on a Vision Transformer:
results on CIFAR-10 (left) and CIFAR-100 (right).
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: See Abstract and Introduction, where enumerates the contributions.
Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: See Section ] and Appendix [A] We mention that we study a simplified 2-layer
Transformer due to technical issues.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: See Appendix [A]for all the assumptions and proofs.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Justification: See Section [6] and Appendix [B] We provide details of our
experiment.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: We promise to release the code after publication. We have provided sufficient
details and instructions for the repreduction of the main experimental results.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See Section[6]and Appendix [B]and Appendix [C]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We tune the learning rate for most our experiments. Due to limited computing
resources, we are not able to run the experiments many times to derive the error bars.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

33


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: See Appendix [B]
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: This paper only include experiments on public open datasets, i.e., OpenWeb-
Text2 and C4.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: This paper mainly focus on the fundamental architecture of Transformer.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This paper focuses on fundamental Transformer architecture.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: See Appendix [B]
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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14.

15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer:

Justification: We introduce new assets, including model code and training implementations.
However, we do not release them at submission time. We commit to releasing the full
codebase upon publication.

Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification:
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification:
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: We only use LLM for writing and formatting purposes.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

37


https://neurips.cc/Conferences/2025/LLM

	Introduction
	Related Works
	SkipV1Former
	Background and Notations
	Our Methods

	Why Skip Connection with First Value Head Helps
	Extensions & Practical Recipes
	Uptraining from Pretrained MHA Checkpoints
	Combining with KV-Cache-Efficient Methods

	Experiments
	Experiments on GPT-2 Series
	Experiments on LLaMA Series
	Inference
	Extensions
	Ablations

	Conclusions and Future Works
	Theoretical Analysis
	Results and Proofs
	Discussions

	Details and Additional Results for Section 6
	GPT-2 Series
	LlaMA Series

	Additional Experiments
	Linear Probe
	Visualization
	Downstream Evaluation
	Alternative Head Injection Strategies
	Skip Connections with both K and V
	Vision Transformer


