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Abstract

Self-attention selects information freely across
the sequence, but across depth, Transformers
merely add each layer’s output to the residual
stream, so later layers cannot selectively reuse
earlier-layer representations. Recent cross-
layer methods improve this flow but operate
on hidden states outside attention, adding state
beyond the key-value cache at inference—a
cost that becomes increasingly salient as mod-
ern LLMs compress the cache with grouped-
query and multi-head latent attention. We
introduce Depth-Attention, which performs
this selection inside the attention module it-
self: before a layer attends over the sequence,
its query attends along depth over the keys of
earlier layers at the same position and mixes
their values into the value that self-attention
then reads. Because Depth-Attention reuses
the standard attention queries, keys, and value-
cache slots, storing depth-mixed values in place
of the original values, it adds no parameters
and introduces no persistent inference state be-
yond the standard key-value cache—the same
cache size as a vanilla decoder and less than
hidden-state-based cross-layer methods. On
Qwen3-style decoders at 1.5B and 3B param-
eters, Depth-Attention attains the lowest per-
plexity and the highest average downstream ac-
curacy, improving over the vanilla Transformer
by up to 2.3 accuracy points and surpassing
strong cross-layer baselines (mHC, Attention
Residuals, DenseFormer) in perplexity and av-
erage accuracy, while adding under 0.01% extra
arithmetic FLOPs and no additional persistent
inference state. The gains hold from 360M to
3B parameters, persist at a 60B-token training
budget, and extend to LLaMA-style decoders
and looped Transformers.'

} Corresponding Author.

1 Introduction

Transformer language models rely on self-attention
to dynamically select information across the se-
quence dimension (Vaswani et al., 2017). Across
depth, however, information flows far less selec-
tively: standard decoders propagate earlier-layer
information only through residual connections (He
et al., 2016), collapsing all previous layers into a
single hidden state, so deeper layers cannot selec-
tively retrieve the representation of any individual
earlier layer.

A growing line of work makes this depth-wise
flow more explicit. DenseFormer (Pagliardini et al.,
2024) aggregates the outputs of preceding layers
through learned depth-wise averaging, and Hyper-
Connections (Zhu et al., 2025) replace the single
residual path with multiple interacting streams that
exchange information across depths; most recently,
Attention Residuals (Kimi Team et al., 2026) make
depth-wise selection adaptive by replacing fixed
residual accumulation with a softmax attention over
preceding layer outputs. These mechanisms all op-
erate on hidden states, however: they require access
to earlier layers’ hidden representations, which lie
outside the key-value cache. At inference, a model
must therefore maintain or recompute this extra
state on top of its key-value cache—an overhead
that grows in relative terms as modern LL.Ms ag-
gressively shrink the cache with grouped-query at-
tention (GQA) (Ainslie et al., 2023) or multi-head
latent attention (MLA) (DeepSeek-Al, 2024). It
raises a natural question: can a layer reuse the keys
and values it already stores to carry information
across depth, without adding any memory at infer-
ence?

We propose Depth-Attention, which performs

this depth-wise selection inside the attention mod-
ule itself. Before a layer mixes information across
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'The code is available at https://github.com/
LUMIA-Group/Depth-Attention.
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the sequence with self-attention, it uses the current-
layer query to attend, along depth, over the keys of
earlier layers at the same token position, and mixes
their values into an updated value state—the same
attention operation as self-attention, but applied
across layers instead of across the sequence. The
layer then runs standard causal self-attention on
this depth-mixed value, leaving its queries, keys,
and the causal mask unchanged. Because Depth At-
tention reuses the queries and keys of self-attention
and stores its depth-mixed values in place of the
originals in the V cache, it adds no parameters
and its only persistent inference state is the stan-
dard key-value cache, the same size as a vanilla
decoder’s—in contrast to hidden-state methods,
which carry additional state on top of the cache
in the form of widened residual streams or retained
earlier-layer representations.

Across Qwen3 (Yang et al., 2025) architecture
at 1.5B and 3B parameters, Depth-Attention at-
tains the best average downstream accuracy and the
lowest perplexity against the vanilla Transformer
and recent cross-layer methods such as manifold-
constrained hyper-connections (mHC) (Xie et al.,
2025) and Attention Residuals, while incurring
lower compute and memory overhead than these
baselines.

2 Related Work

Residual connections (He et al., 2016) are the stan-
dard mechanism for passing information across
layers in deep networks. In Transformer de-
coders (Vaswani et al., 2017), each block up-
dates the hidden state by adding its newly com-
puted transformation to the representation inherited
from the previous block. This design greatly im-
proves the optimization of deep models, and a large
body of work has further studied how normaliza-
tion placement (Xiong et al., 2020), residual scal-
ing (Wang et al., 2024), gating (Bachlechner et al.,
2021), and skip-connection variants affect training
stability (Xie et al., 2023). However, the standard
residual pathway also compresses the computation
history into a single hidden state. After the infor-
mation produced by earlier layers has been merged
into this state, later layers have no direct way to
revisit a specific earlier representation.

A straightforward solution is to expose
intermediate representations more explicitly.
DenseNet (Huang et al., 2017) connects each layer
to all preceding feature maps, allowing later layers

to reuse earlier computations directly, while Peters
et al. (2018) and Zhou et al. (2025) learn scalar
combinations of representations from different
layers. Transformer variants follow a similar
intuition. DenseFormer (Pagliardini et al., 2024)
and ANCRe (Zhang et al., 2026) introduce learned
layer-wise coefficients to combine historical
representations, and RealFormer (He et al., 2021)
carries attention scores across consecutive layers.
These methods suggest that intermediate-layer
representations provide useful information beyond
the final hidden state. Nevertheless, many of them
either use input-independent layer weights or prop-
agate attention scores, rather than enabling each
token to selectively choose the value information it
reads from previous layers.

More recent architectures introduce more
flexible cross-layer communication. Hyper-
Connections and its variants (Zhu et al., 2025; Xie
et al., 2025) replace the single residual state with
multiple interacting streams. MUDDFormer (Xiao
et al., 2025) predicts position-dependent connec-
tion weights for separated query, key, value, and
residual streams. Other methods, including LAu-
ReL (Menghani et al., 2025), Dreamer (Knupp
et al., 2026), and Attention Residuals (Kimi Team
et al., 2026), design more specialized mechanisms
for reusing earlier activations or layer outputs.
These approaches improve access to intermedi-
ate representations from different perspectives, but
their cross-layer reuse is still mainly built on hid-
den representations. When applied to deep autore-
gressive models, retaining or communicating such
intermediate hidden states can introduce additional
memory or communication overhead.

Most closely related, the contemporaneous
Mixture-of-Depths Attention (MoDA) (Zhu et al.,
2026) jointly attends over sequence-level and
depth-level key-value states within a single unified
attention operator, whereas Depth-Attention leaves
causal self-attention unchanged and reuses the ex-
isting attention states; a detailed mechanism, cost,
and matched empirical comparison is provided in
Appendix J.

Depth-Attention follows the same general direc-
tion of making earlier-layer information more ac-
cessible, but places the cross-layer interaction at the
value-state level. Instead of storing an additional
history of full hidden states, it reuses value states
in a form compatible with the existing KV-cache
structure. This allows the model to mix informa-
tion across layers while avoiding the extra memory
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cost associated with hidden-state-based reuse.

3 Methodology

3.1 Overview

Self-attention lets each token mix information
across the sequence, but offers no comparable
mechanism across depth. Depth-Attention fills
this gap with an analogous operation along the
depth dimension (Figure 1): at a fixed token posi-
tion, the current-layer query attends over the keys
of the current and earlier layers and mixes their
values into a single depth-mixed value. A layer
first applies Depth-Attention to update its value,
then runs standard causal self-attention that reads
from this depth-mixed value, leaving the queries,
keys, and causal mask unchanged. Because Depth-
Attention reuses the query and key already com-
puted by self-attention, and stores the depth-mixed
value in the same V-cache slot as the original, it
adds no parameters and its only persistent inference
state is the standard key-value cache, unchanged in
size from a vanilla decoder’s.

3.2 Depth-Attention

Consider a decoder layer £ operating on a sequence
of length T', with query, key, and value states

Qe, Ky, Vy € RTX4, (1)

where d is the head dimension; qé, k:g, and v}f denote
the states of the token at position .
Depth-Attention is a standard attention operation
applied along the depth dimension at a fixed token
position. For the token at position ¢ in layer ¢, the
current query qé attends over the keys from the
current and earlier layers at the same position:

QE Kt

t J ;

o ; = softmax;j<y ( 7 > , 1<L 2
’ d

Using these depth-attention weights, Depth-
Attention forms a depth-mixed value by reading
from the current-layer value and the depth-mixed
values of earlier layers:

~t t .t t ~t
UE = O{&[UZ + Z amvj. (3)
j<t

The current layer contributes its own value v,
while each earlier layer j < £ contributes its depth-
mixed value ff]t-, so that information accumulated at
shallower depths is propagated upward. Applying

this to every position gives the depth-mixed value
state 1713 e RTxd,

The layer then performs standard causal self-
attention, reading from the depth-mixed value
while keeping the original queries and keys:

O, = CausalAttn (Qg, Ky, XN/g) . 4)

Depth-Attention thus replaces only the value con-
sumed by self-attention: the queries, keys, and
causal mask remain those of a vanilla decoder. At
inference, layer ¢ stores its depth-mixed value V
in the standard V-cache slot in place of Vjy; be-
cause the two have identical shape, this reuses the
existing key-value cache without enlarging it. Sub-
sequent tokens read V; from that slot both as the
value of layer £’s causal self-attention and, when
needed, as the depth source for any later layer that
mixes through it—so Depth-Attention introduces
no persistent inference state beyond what a vanilla
decoder already maintains. Because the attention
runs over the depth dimension, whose size (the
number of layers) is far smaller than the sequence
length 7', its overhead is negligible compared with
sequence-wise self-attention. In practice, the in-
dex j in the equations above ranges over a sparse
strided subset of earlier layers rather than the full
J < {; the form of the operation is unchanged,
only the number of source layers summed over, as
detailed in the next subsection.

3.3 Efficient Implementation

Sparse depth sources via stride. Although the
per-layer overhead of Depth-Attention is asymp-
totically negligible, allowing layer £ to attend to
every earlier layer makes the depth source set grow
with £. This inflates activation memory and—under
pipeline parallelism, where consecutive layers live
on different devices—the cross-stage communica-
tion required to fetch earlier-layer keys and values.
To bound both costs, we restrict the depth sources
to a fixed strided set of layers shared across the
network. Specifically, given a stride s, layer £ at-
tends to its own value together with the values of
earlier layers whose indices are multiples of s, i.e.,
layers 0, s, 2s, ... below £. This keeps the number
of candidate depth sources small while preserving
access to representations spanning different depths.
We find that this sparsification does not hurt model
quality compared with denser source sets: our ab-
lations (Figure 4) show that a stride of s = L/2,
where L is the total number of layers, gives the best
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Figure 1: Overview of Depth-Attention. Standard self-attention mixes information across sequence positions within
each layer, whereas Depth-Attention performs a complementary operation across model depths at the same token
position. For token position ¢ in layer £, the current-layer query ¢/ attends to keys from the current layer together
with a fixed strided set of shallower layers whose indices are multiples of s, i.e., {kf} U {k! | 7 < £, j mod s = 0},
and uses the resulting depth-wise attention weights to combine the current value with previously depth-mixed
values into Ef. Because the depth source set is sparse, Depth-Attention adds only O(T'L/s) operations per layer,
which is negligible compared with the O(T) cost of token-level self-attention. Applying this operation to all token

positions produces the depth-mixed value state V};, which replaces the original value state V; in the subsequent causal
self-attention while keeping the queries, keys, and causal mask unchanged. Depth-Attention can be seamlessly
integrated into Transformer layers with negligible overhead.

results, and we use this setting as the default for all
subsequent experiments unless otherwise specified.

Grouped-query attention. Modern LLMs
widely adopt grouped-query attention (GQA),
which shrinks the key-value cache by letting
g query heads share a single key-value head.
Depth-Attention adapts naturally to this setting:
we average each group of g queries into a single
query so that the depth-wise attention runs at the
key-value head resolution. Because the key-value
dimension is several times smaller than the hidden
size, performing Depth-Attention at this resolution
further shrinks both its extra compute and its extra
memory, making our method especially efficient in
this widely-used regime.

4 Experiments

Our experiments are organized into five parts. First,
we conduct large-scale pretraining experiments on
Qwen3-style architectures at 1.5B and 3B scales,
comparing Depth-Attention with vanilla Trans-

former decoders and representative cross-layer
baselines. Second, we analyze the efficiency of
Depth-Attention from both theoretical and empiri-
cal perspectives, covering computation, training
wall-clock overhead, inference throughput, and
memory usage. Third, we study the scaling be-
havior of Depth-Attention across model sizes, eval-
uating whether its gains remain consistent on differ-
ent model scales. Fourth, we visualize the learned
depth-attention weights to examine how the model
uses shallower value sources when constructing
depth-mixed value states. Finally, we evaluate
Depth-Attention in a looped Transformer setting,
testing whether the same depth-wise value mixing
mechanism can extend to recurrent depth induced
by parameter sharing.

4.1 Main Results

We first evaluate Depth-Attention on Qwen3-
style decoder architectures (Yang et al., 2025)
at 1.5B and 3B scales. All models are trained
from scratch for 32B tokens on the Pile (Gao
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et al.,, 2020) under the same pretraining proto-
col, including the same training data, optimiza-
tion schedule, and hyperparameters. We compare
Depth-Attention with the vanilla Transformer de-
coder and representative cross-layer baselines, in-
cluding manifold-constrained hyper-connections
(mHC) (Xie et al., 2025), Attention Residu-
als (Kimi Team et al., 2026), and DenseFormer-
style dense layer reuse (Pagliardini et al., 2024).

We report Pile validation perplexity to measure
language modeling quality, and evaluate down-
stream performance under both zero-shot and
five-shot settings, including LAMBADA (Paperno
et al., 2016), PIQA (Bisk et al., 2020), Wino-
Grande (Sakaguchi et al., 2021), SciQ (Welbl et al.,
2017), HellaSwag (Zellers et al., 2019), ARC-
Easy, ARC-Challenge (Clark et al., 2018), and
RACE (Lai et al., 2017). Detailed model configu-
rations and training hyperparameters are provided
in Appendix A.

As shown in Table 1, Depth-Attention attains the
best perplexity and the best average downstream
accuracy against the vanilla Transformer and all
cross-layer baselines on both 1.5B and 3B Qwen3-
style models, under both zero-shot and five-shot
evaluation; per-task trends are mixed, but no indi-
vidual baseline matches Depth-Attention’s average
at either scale or evaluation setting.

Paired statistical analyses on the 3B per-example
predictions (task-stratified paired bootstrap and
paired permutation tests, Appendix D) confirm
that the improvements over the vanilla Transformer
are significant in both shot settings, and the im-
provement over a strong hidden-state baseline,
DenseFormer, is significant in the zero-shot setting.
These results demonstrate that Depth-Attention ef-
fectively improves model performance by enrich-
ing current-layer value states through depth-wise
value mixing. The advantages also carry over to
supervised fine-tuning: after identical Alpaca SFT
and GSMSK fine-tuning, the 3B Depth-Attention
model achieves higher MT-Bench and GSM8K
scores than its vanilla counterpart (Appendices F
and G).

4.2 Efficiency Analysis

Theoretical overhead. We compare three
sources of overhead that cross-layer mechanisms
add to a vanilla decoder: extra computation
(FLOPs), extra activation I/O, and extra memory
for long contexts. Table 2 reports the per-token
extra FLOPs and I/O at a target layer /, instantiates

their totals for one token under our 3B Qwen3-
style configuration, and lists the theoretical extra
memory required to prefill a 128K-token context.
Depth-Attention adds far less computation and
activation I/O than representative cross-layer
baselines. Moreover, because it reuses the standard
key-value cache, Depth-Attention adds no persis-
tent state at inference: its extra prefill memory is
zero, whereas the hidden-state baselines require
gigabytes of additional memory at long context
(up to 24 GiB for DenseFormer at 128K tokens).
Detailed derivations are provided in Appendix B.

Training wall-clock. Since none of the cross-
layer baselines provides an official kernel-fused
implementation, we benchmark every method—
including Depth-Attention—under a common ref-
erence PyTorch implementation, with no custom
kernels. This setting penalizes all methods rel-
ative to a fully optimized stack, but it isolates
the methodological overhead and puts every base-
line on the same footing as our method; the num-
bers below should therefore be read as controlled
reference-implementation comparisons rather than
production-optimized latency. To rule out con-
founds from memory-induced batch differences,
all methods are measured on the 3B Qwen3-style
configuration under a fully matched setting: larger-
memory GPUs, identical microbatch size, gradient
accumulation, global batch size, sequence length,
training data, optimizer settings, hardware, and
software stack, with each method timed for 200
training steps after warm-up. As shown in Ta-
ble 3, Depth-Attention adds only +9.12% wall-
clock overhead—the smallest of any cross-layer
mechanism by a wide margin: DenseFormer and
Attention Residuals are roughly 5x—6x further
from vanilla than Depth-Attention, and mHC is
roughly 35x further. A dedicated fused kernel,
which we leave to future work, would likely close
even this small gap. The measurement protocol
is described in Appendix L, and a systems-level
analysis of the interaction with activation check-
pointing, pipeline and tensor parallelism, and fused
attention kernels is given in Appendix K.

Inference efficiency. We further measure the em-
pirical inference cost of Depth-Attention on the
trained 3B Qwen3-style model. With batch size
64, prefill length 2048, and decode length 2048,
total generation time rises from 526.6 s to 532.8 s—
an overhead of only +1.18%—while peak GPU
memory during prefill is unchanged at 30.6 GB.
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Wino Hella ARC- ARC-
Size Method PPL| LAMBADA PIQA Grande SciQ Swag Easy Challenge RACE Avg.
Zero-shot evaluation
1.5B Vanilla 8.17 55.02 68.61 54.85 84.10 36.57 54.08 23.72 33.11 51.26
1.5B mHC 7.88 57.77 69.10 56.75 86.60 37.88 56.52 24.83 33.59 52.88
1.5B Attention Residuals  7.78 58.49 69.86 56.04 8590 38.80 57.07 24.15 32.06 52.80
1.5B  DenseFormer 7.88 56.34 69.26 5627 8540 3847 56.36 25.43 33.78 52.66
1.5B Depth-Attention 7.77 59.89 70.24 5572 88.20 38.86 58.50 24.49 3292 53.60
3B Vanilla 7.55 58.86 70.57 5596 86.60 39.84 59.13 25.34 33.78 53.76
3B mHC 7.30 61.73 70.89  56.75 85.60 41.11 60.06 27.30 33.97 54.68
3B Attention Residuals ~ 7.27 61.60 71.82 5699 86.70 41.32 60.52 27.65 33.49 55.01
3B DenseFormer 7.35 59.91 71.82  58.17 86.90 4095 59.43 26.11 3435 54.70
3B Depth-Attention 7.25 62.25 7236 60.38 88.00 41.88 60.14 25.51 35.02 55.69
Five-shot evaluation
1.5B Vanilla - 48.71 69.48 5328 90.10 36.60 57.95 25.09 31.96 51.65
1.5B mHC - 51.06 70.08  56.67 91.80 38.24 59.30 27.30 33.01 53.43
1.5B  Attention Residuals - 53.13 70.08 56.43 9190 38.55 60.19 26.02 33.01 53.66
1.5B  DenseFormer - 52.71 71.16 56.67 91.00 38.37 58.46 26.45 34.45 53.66
1.5B  Depth-Attention - 54.05 70.51 5556 91.50 38.59 59.55 25.94 34.07 53.72
3B Vanilla - 53.23 71.16 5501 91.20 39.79 61.53 27.90 3349 54.16
3B mHC - 56.76 71.87 58.64 9350 40.86 62.58 27.22 33.78 55.65
3B Attention Residuals - 55.73 72.63 5746 9270 41.07 64.31 28.67 3483 5592
3B DenseFormer - 54.12 72.47  5§59.27 9190 40.71 63.80 27.99 3445 5559
3B Depth-Attention - 57.40 7291 59.19 92.80 41.51 63.22 26.71 35.60 56.17

Table 1: Main results on Qwen3-style architectures. We report validation perplexity and downstream accuracy under
zero-shot and five-shot evaluation settings. Since perplexity is independent of the shot setting, we report it only in
the zero-shot block and use “~” in the five-shot block. All downstream numbers are accuracies in percentage. Avg.
is averaged over the eight downstream tasks shown in the table.

Combined with the negligible extra arithmetic cost
(+0.004% FLOPs, normalized by the standard
dense one-token decoding estimate 2N (Kaplan
et al., 2020)), Depth-Attention adds essentially no
latency and no additional persistent inference state,
consistent with the structural fact that it stores its
depth-mixed values in the standard V-cache slot
rather than in any new buffer or wider residual
stream.

4.3 Scaling Behavior

We further evaluate whether the benefit of Depth-
Attention persists across model scales. To this end,
we train Qwen-style decoder architectures at multi-
ple model sizes under the same pretraining setting,
and compare Depth-Attention with the correspond-
ing vanilla Transformer baseline. Detailed model
configurations and optimization hyperparameters
are provided in Appendix C.

As shown in Figure 2, Depth-Attention consis-
tently achieves lower validation loss than vanilla
Transformers across all tested model sizes. This
improvement remains stable from 360M to 3B
parameters, indicating that the benefit of depth-

wise value mixing persists as the model scales
up. The advantage also does not vanish when
the training-data budget grows: pretraining the 3B
models for 60B tokens—the compute-optimal bud-
get suggested by Hoffmann et al. (2022)—Depth-
Attention still lowers perplexity from 7.08 to 6.90
and improves the eight-task average by 1.16 points
(Appendix E). Moreover, the gains are not specific
to the Qwen-style architecture: Depth-Attention
yields comparable validation-loss reductions on
LLaMA-style decoders under matched settings
(Appendix H). These results suggest that Depth-
Attention improves the scaling behavior of Trans-
former decoders by enriching current-layer value
states with information from earlier depths.

4.4 Analysis of Depth-Attention Weights

To examine whether Depth-Attention actually uses
shallower value sources, we visualize the learned
depth-attention weights of the trained 3B model
in Figure 3. To quantify how each target layer
uses sources in its depth source set, we calculate
the average depth-attention weight for every target-
source layer pair over tokens, heads, and evaluation
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Layer-¢ 3B Extra Layer-( 3B Extra 128K Prefill
Method Extra FLOPs FLOPs / Token Extra I/0 1/0 / Token Extra Memory
Depth-Attention O((£/s + 1)diy) 2.40x10° O((4/s + 1)dxy) 282 KiB 0 GiB
DenseFormer O(ldmodel) 5.01x10° O (ldmoder) 4.97 MiB 24.0 GiB
Attention Residuals O(R¢dmodel) 4.26x10° O(Redmodel) 4.44 MiB 4.0 GiB
mHC O(N3dwmoder) 4.72x107 O(Ndmodel) 8.63 MiB 1.5 GiB

Table 2: Theoretical comparison of additional computation, activation I/O, and long-context memory beyond the
vanilla Transformer decoder. The FLOPs and I/O formulas report the extra per-token overhead at target layer ¢,
while the 3B columns instantiate the total overhead for one token over the full model. Extra I/O denotes additional
activation read/write over the vanilla decoder; for methods that replace the standard residual connection, we subtract
the vanilla residual I/O. The 128K-prefill memory column reports the extra persistent memory required to prefill a
128K-token context. The estimates use our 3B Qwen3-style configuration with L = 48, dy0de1 = 2048, dy, = 512,
and Depth-Attention stride s = 24. Here Ry is the number of residual blocks used by Attention Residuals at layer ¢,
and N is the number of mHC streams. Detailed derivations are provided in Appendix B.

Seconds Time Tokens/s Extra Inference Prefill
Method /step overhead /GPU Method FLOPs Time (s) Memory (GB)
Vanilla 2.335+0.382 - 14,032 Vanilla 0 526.6 30.6
Depth-Attention 2.548+0.383 +9.12% 12,860 Depth-Attention  2.40x 10° 532.8 30.6
DenseFormer 3.449+0.559 +47.71% 9,501
Attention Residuals 3.684+1.317 +57.77% 8,895  Overhead +0.004%  +1.18% +0.000
mHC 9.774+1.190 +318.59% 3,353

Table 3: Per-step training wall-clock and per-GPU token
throughput on the 3B Qwen3-style configuration under a
common reference PyTorch implementation (no custom
kernels), measured in a fully matched setting: identical
microbatch size, gradient accumulation, global batch
size, sequence length, data, optimizer, hardware, and
software stack for every method; we report mean and
step-level standard deviation over 200 steps after warm-
up. Among cross-layer mechanisms, Depth-Attention is
the only one whose training overhead stays below 10%;
all others incur 48%-319%.

samples.

As shown in Figure 3, the learned weights are
not concentrated solely on the current-layer source.
Besides the diagonal pattern, deeper target layers
assign clear weight to shallower source layers, with
a particularly visible band around the intermediate
layers. This shows that Depth-Attention does not
collapse to the vanilla current-layer computation;
instead, it learns to enrich the current-layer value
state with information from earlier depths.

4.5 Depth-Attention in Looped Transformers

Looped, or recurrent, Transformers have recently
attracted renewed interest as a way to increase ef-
fective depth through parameter sharing rather than
by adding new layers (Giannou et al., 2023; Zeng
et al., 2026; Bae et al., 2025). Depth-Attention
applies directly to this setting: when a layer is ex-

Table 4: Inference efficiency on the 3B Qwen3-style
model. Inference time is measured with batch size 64,
prefill length 2048, and decode length 2048, including
both prefill and decoding. Prefill memory reports peak
GPU memory during prefill. Extra FLOPs denotes the
additional depth-wise attention FLOPs per token; the
overhead is normalized by the standard dense one-token
decoding estimate 2N .

ecuted repeatedly, the value states it produced at
earlier loop steps serve as additional depth sources,
which the current step mixes into its value be-
fore standard causal self-attention. On a 500M
looped Transformer with three loops, adding Depth-
Attention lowers the validation loss from 2.208 to
2.194, showing that depth-wise value mixing re-
mains effective when depth is induced by recur-
rence rather than by stacking layers.

5 Ablation Studies

We conduct controlled ablation studies using the
same 500M Qwen-style configuration and train-
ing setup as in subsection 4.3. All other settings
are kept unchanged, allowing us to isolate which
design choices of Depth-Attention contribute to
the observed improvement. Specifically, we study
three factors: the construction of the depth source
list, the depth-mixing rule, and the attention states
updated by depth mixing. To verify that the conclu-
sions drawn at this scale remain stable at the main
experimental scales, we additionally repeat the
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Figure 2: Scaling behavior on Qwen-style architectures.
Depth-Attention consistently shifts the validation-loss
scaling curve downward compared with vanilla Trans-
formers. Dashed lines denote fitted scaling trends, and
the black dashed segment indicates the estimated param-
eter reduction required for vanilla baseline to match the
validation loss of the 1.5B Depth-Attention.

depth-mixing-object ablation on the 1.5B model;
the conclusion is unchanged, with value-only mix-
ing again performing best (Appendix I).

Stride. We first study how the density of the
depth source list affects performance. Specifically,
we compare four Depth-Attention variants: using
only the first-layer source, the default half-depth
stride, a denser quarter-depth stride, and the full-
source setting with stride 1. This ablation tests
whether exposing each layer to more historical
value states leads to consistent gains, and whether
a sparse source list is sufficient to capture most of
the benefit. As shown in Figure 4, the half-depth
stride achieves the lowest validation loss. Using
only the first-layer source performs slightly worse,
suggesting that an overly sparse source list does
not provide enough useful intermediate-depth in-
formation. However, making the source list denser
does not further improve performance: both the
quarter-depth and full-source settings yield slightly
higher validation loss than the half-depth setting.
This suggests that overly dense source lists may
introduce redundant or less useful historical value
states. Overall, the results indicate that both too few
and too many depth sources are suboptimal, while
a moderate source density works best. For this
reason, we use the half-depth stride as the default
setting. All four depth-mixing variants still out-
perform vanilla attention (validation loss 2.2348),
indicating that the benefit of depth-wise value reuse

Depth-Attention V source weights

1.0
44
40
0.8
36 -
=
L 32 o
3 2
0.6
T 28 r =
||
24 = O E—— O
S - 5
S 20 ..l o
: : os &
n 16 .l. ©
[ ] (]
12 " =
- L0.2
8 ..l '
L]
4 -~
|}
O - ——— N — Lo.o
0 4 8 12 16 20 24 28 32 36 40 44

Target layer

Figure 3: Visualization of learned depth-attention
weights in the trained 3B Depth-Attention model. Each
entry denotes the average depth-attention weight from
a target layer to a source layer. Off-diagonal weights
indicate that the model uses shallower value sources
when constructing depth-mixed value states.
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Figure 4: Ablation on the stride of the depth source list
using the 5S00M model. The half-depth stride achieves
the lowest validation loss, while both overly sparse and
overly dense source lists perform slightly worse.

is robust across different source-list designs.

Depth-mixing rule. We next ablate the rule used
to mix value states across the depth source list.
Keeping the same source-list configuration, we
compare vanilla attention, a uniform-mixing vari-
ant that simply averages all source values, and
Depth-Attention, which computes per-head soft-
max weights over the depth source list. This abla-
tion examines whether adaptive depth-wise value
mixing is more effective than merely exposing pre-
vious value states with fixed uniform weights. As
shown in Table 5, uniform mixing already improves
over the vanilla baseline, indicating that reusing
previous value states is beneficial. Depth-Attention
further reduces the validation loss, showing that
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Method Mixing rule Val. loss
Vanilla - 2.2348
Uniform Mix Uniform weights 2.2153

Depth-Attention Per-head softmax mixing 2.2115

Table 5: Ablation on the depth-mixing rule using the
500M model. Uniform Mix and Depth-Attention use
the same depth source list, while differing only in how
source values are mixed.

Method Updated state Val. loss
Vanilla - 2.2348
Key-only Kmix 2.2354
Key-value Kiix, Vimix 2.2198
Value-only Vinix 2.2115

Table 6: Ablation on the attention state updated by depth
mixing using the S00M model. All variants use the
same depth-routing weights, but apply them to different
attention states.

per-head softmax depth mixing is more effective
than a fixed average over the same source list.

Depth-mixing object. Finally, we ablate which
attention states should be updated by depth mix-
ing. Besides the proposed value-only update, we
compare key-only and key-value variants, where
the same depth-routing weights are used to con-
struct mixed key states. This ablation tests whether
Depth-Attention should modify the keys used for
temporal attention, or instead preserve the current-
layer keys while reusing historical value states. As
shown in Table 6, value-only mixing achieves the
best validation loss, showing that using values for
depth mixing is beneficial. In contrast, mixing
keys either hurts performance or weakens the gain,
suggesting that Depth-Attention should preserve
current-layer keys while updating only values.

6 Conclusion

We introduced Depth-Attention, a simple way to
bring adaptive, content-based selection to the depth
dimension of Transformer decoders. Instead of
modifying the residual stream, each layer’s query
attends along depth over the keys of earlier lay-
ers and mixes their values into the value state that
self-attention reads, reusing the queries, keys, and
values the model already computes. This makes
cross-layer reuse attention-native: it adds no pa-
rameters, keeps standard key-value cache as its
only persistent inference state (the same size as a
vanilla decoder’s, in contrast to methods that widen
the residual stream or retain earlier-layer hidden

states), and leaves the causal attention pattern un-
changed. On Qwen3-style decoders at 1.5B and 3B
parameters, Depth-Attention attains the best results
over the vanilla Transformer and strong cross-layer
baselines—at a small fraction of their compute
and memory cost; the benefits hold across model
scales, persist under a larger 60B-token training
budget, transfer to LLaMA-style decoders, extend
to looped Transformers, and carry over to instruc-
tion following and mathematical reasoning after
supervised fine-tuning.
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Limitations

Our study has several limitations. First, although
Depth-Attention adds negligible FLOPs and no per-
sistent state beyond the key-value cache in theory,
our current implementation is not fused into the
attention kernel, so the measured training and infer-
ence overhead is larger than the asymptotic analysis
suggests; a dedicated kernel would likely recover
most of this gap. Second, our evaluation mainly
covers dense Qwen-style decoders up to 3B param-
eters trained for up to 60B tokens, together with
smaller LLaMA-style models (360M and 500M);
whether the gains persist on substantially larger
models and sparse mixture-of-experts architectures
remains to be confirmed. These restrictions are pri-
marily due to our limited computational resources
rather than any inherent constraint of the method.
Finally, we mix only value states and select depth
sources with a fixed stride; learned source selec-
tion and richer cross-layer interactions remain open,
although our ablations indicate that value-only mix-
ing is the most effective variant we examined.

Ethical Considerations

This work proposes an architectural modification to
improve the performance and efficiency of Trans-
former language models. The method does not
involve human-subject studies, private user data, or
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the collection of new datasets, and it is not designed
for sensitive applications such as surveillance, pro-
filing, or decision making about individuals. Since
Depth-Attention only changes how intermediate
value states are reused across layers, it does not
introduce additional ethical risks beyond those al-
ready associated with standard language models.
Nevertheless, systems using it should be evaluated
for bias, harmful outputs, and misuse before de-
ployment.
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A Main Experiment Details

For the main experiments in Section 4, we pro-
vide the model configurations and training hyper-
parameters used for the 1.5B and 3B Qwen3-style
models in Table 7. The baseline-specific settings
are summarized in Table 8. For each model scale,
all methods use the same base architecture and
training setup, differing only in the corresponding
cross-layer mechanism.

We choose the baseline-specific hyperparame-
ters by following the recommended or commonly
used practical configurations in the correspond-
ing papers, while keeping the base architecture,
data, optimizer, training budget, sequence length,
and precision fixed across methods. For Dense-
Former (Pagliardini et al., 2024), we use the full
1x1 setting, where a DWA module is applied af-
ter every Transformer block and aggregates the
current block output, all previous block outputs,
and the input embedding. For Attention Residu-
als (Kimi Team et al., 2026), we use the practical
Block AttnRes variant with eight stored block rep-
resentations. In the Attention Residuals implemen-
tation, the block size counts attention and MLP
residual sublayers; since each Transformer layer
contains two such residual sublayers, our 48-layer
model with block size 12 gives 2L /12 = 8 blocks,
matching the recommended practical setting. For
mHC (Xie et al., 2025), we use the expansion rate
n = 4, following the standard mHC configuration.
These choices give each baseline a strong practi-
cal configuration from its original design, rather
than weakening the baselines through additional
sparsification or smaller cross-layer state.

B Overhead Derivations and Benchmark
Details

This appendix provides the derivations for the the-
oretical overhead estimates in Table 2 and the em-
pirical efficiency measurements in Table 4. All
theoretical estimates report the additional cost be-
yond a vanilla Transformer decoder.

B.1 Common Counting Assumptions

We use the following notation. Let L be the number
of Transformer layers, d;,04e1 be the hidden dimen-
sion, and dy be the total key-value dimension used
by the grouped-query attention cache. For our 3B
Qwen3-style configuration, we use

L =48,

dnodel = 2048, dyy = 512.

For long-context memory estimates, we use a pre-
fill length of

T = 128K = 131072

tokens. All memory and activation-I/O estimates
assume 16-bit activations, so each scalar takes

b=2

bytes. This is consistent with the FP16 precision
used in our experiments.

We count one multiply-add as two FLOPs. We
focus on the dominant vector dot products and
weighted sums, and omit lower-order scalar op-
erations such as the softmax normalization over a
small number of depth sources. For the normal-
ized FLOPs overhead in Table 4, we follow the
standard scaling-law compute approximation that
dense language-model training costs about 6N D
FLOPs for N parameters and D tokens (Kaplan
et al., 2020). Since training consists of a forward
pass and a backward pass, this corresponds to a
dense forward cost of about 2N FLOPs per token.
Therefore, for a 3B model, the standard dense one-
token forward/decode estimate is

2N =2 x 3 x10% =6 x 10°.

B.2 Depth-Attention

For a target layer ¢, Depth-Attention mixes value
states from a depth source set Dy. Let

M, = |Dy|

denote the number of depth sources at layer ¢. In
our implementation, the depth source set is main-
tained with stride s = 24, giving the layer-wise
asymptotic cost

O((€/5 + 1)dxy) -

At each target layer, Depth-Attention performs
two dominant operations along the depth dimen-
sion. First, it computes depth-wise scores between
the current query and the source keys:

wKp,,
which costs approximately
2M, ¢ dkv

FLOPs. Second, it computes the weighted sum
over source values:

a/Vp,,
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Configuration / Hyperparameter 1.5B 3B

Model configuration
Architecture Qwen3-style decoder Qwen3-style decoder
Hidden size 1536 2048
Intermediate size 4096 6912
Number of hidden layers 48 48
Number of attention heads 24 32
Number of key-value heads 6 8
GQA group size 4 4
Activation function SiLU SiLU
Vocabulary size 50304 50304
Maximum sequence length 2048 2048
Maximum position embeddings 2048 2048
RMSNorm epsilon 1.0 x 1075 1.0 x 1075
Initializer range 0.01 0.01
Tie word embeddings False False
BOS / EOS token id 0/0 0/0
Padding token id 1 1
Model dtype FP16 FP16
Depth-Attention stride 24 24

Training hyperparameters
Training data The Pile The Pile
Training tokens 32B 32B
Training steps 15625 15625
Global batch size 1024 1024
Sequence length 2048 2048
Optimizer AdamW AdamW
Learning rate 1.0x 1073 1.0x 1073
Learning rate schedule cosine decay cosine decay
Warmup ratio 0.02 0.02
Adam [ 0.9 0.9
Adam f2 0.95 0.95
Weight decay 0.1 0.1
Gradient clipping 1.0 1.0
Precision FP16 FP16

Table 7: Model configurations and training hyperparameters for the main 1.5B and 3B Qwen3-style experiments.
Depth-Attention-specific entries apply only to our method; the vanilla Transformer and cross-layer baselines use the
same base architecture with their corresponding mechanism enabled.

which also costs approximately Thus, the total extra FLOPs are
2M, dy L
v CDepth = 4dy, Z M,
=1
FLOPs. Therefore, the extra FLOPs at layer £ are =4 x 512 x 117
= 2.40 x 10°, ®)

CPP™ ~ AMydy, .
which gives 2.40 x 10° extra FLOPs per token.

Using the exact depth source schedule of our 3B For activation I/O, Depth-Attention reads the
model, we have source keys and source values and writes the mixed
value state. Thus the extra I/O at layer £ is counted
I as
M, =117.
EZ:; BYP™ by, (2M + 1).
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Attention

Setting Vanilla Depth-Attention DenseFormer Residuals mHC
Depth-wise Dense hidden-state Block-wise residual ~ Residual-stream

Cross-layer mechanism - value mixing reuse aggregation mixing

Main hyperparameter - Stride s = 24 Depth-weighted averaging Block size 12 4 streams

Base architecture
Training setup

Same as Table 7

Same data, token budget, optimizer, schedule, and hyperparameters

Table 8: Baseline-specific settings used in the main experiments. All methods share the same base model configura-
tions and training hyperparameters in Table 7. mHC denotes manifold-constrained hyper-connections.

Summing over all layers gives

L
BPepth — g, <2 > M+ L)

=1
=2 X512 x (2 x 117 + 48)

— 288768 bytes

~ 282 KiB. (6)

Depth-Attention does not require storing addi-
tional hidden states during inference. The mixed
value state replaces the standard value state in the
ordinary key-value cache, and the current-layer key
is unchanged. Therefore, the extra persistent mem-
ory for a 128K-token prefill is

0 GiB.

B.3 DenseFormer

DenseFormer-like dense cross-layer mechanisms
aggregate hidden states from many previous layers.
For a target layer ¢, we count the number of acces-
sible hidden states as approximately ¢ + 1, giving
the layer-wise cost

O(gdmodel)-

The main computation is the weighted aggre-
gation of dy,de1- dimensional hidden states. The
per-layer FLOPs are

C?ense ~ 2(€ + 1)dmodel-

We define

L

Sbense = » _(£+1) = 1224,
/=1

The total extra FLOPs are then
CDense = deodeISDense

=2 x 2048 x 1224
=5.01 x 106, (7)

which gives 5.01 x 10° extra FLOPs per token.

For activation I/O, DenseFormer reads the previ-
ous hidden states and writes the aggregated hidden
state. Thus,

BP" = bdodel (Spense + L)
= 2 % 2048 x (1224 + 48)
= 5.21 x 10° bytes
~ 4.97 MiB. (8)

For long-context prefill, DenseFormer must keep
the hidden states of all layers. The extra persistent
memory is therefore

MPerse — TLd o qerb.

Plugging in T = 131072, L = 48, diyodel = 2048,
and b = 2, we obtain

MPense — 131072 x 48 x 2048 x 2 bytes
= 24.0 GiB. 9)

B.4 Attention Residuals

Attention Residuals attends over a set of residual
blocks at each target layer. Let R, denote the num-
ber of residual blocks used at layer ¢. Its layer-wise
cost is therefore

) (Rf dmodel) .

The dominant operations are residual-block scor-
ing and the weighted sum over residual representa-
tions. We count these as

ResAttn
Cg ESAL ~ 4R6dm0de1-

We denote the total number of residual blocks used
across all target layers by

L

SRes = Z Ry = 520.
=1
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The total extra FLOPs are

CResAttn = 4dmodelSRes
=4 x 2048 x 520

= 4.26 x 106, (10)

which gives 4.26 x 105 extra FLOPs per token.

The extra activation I/O is computed by count-
ing the residual-block states read by the attention
module and the additional residual-attention out-
puts written by the module. After subtracting the
standard vanilla residual I/O, we obtain

BRESAUD o bl odel (2SRes + 21L)
= 2 % 2048 x (2 x 520 4 2 x 48)

= 4.65 x 10° bytes

~ 4.44 MiB. (11)

For the 128K-prefill memory estimate, Attention
Residuals stores a fixed set of residual-block hidden
states. In our comparison, the number of stored
residual blocks is R = 8, so the extra persistent
memory is

MReSAttn — TRdmodelb~

Plugging in T' = 131072, R = 8, dodel = 2048,
and b = 2, we obtain

MEesARN — 13172 x 8 x 2048 X 2 bytes
= 4.0 GiB. (12)

B.5 mHC

For mHC, let n denote the total number of residual
streams. Following the standard mHC configu-
ration, we use an expansion rate of n = 4, i.e.,
the model maintains four residual streams in total.
The method introduces interactions among these
streams, giving a layer-wise stream-mixing compu-
tation cost of
O(ngdmodel)

and an activation I/O cost of

O(ndmodel) .

Using the operation count of the mHC stream-
mixing module under this configuration, the extra
FLOPs over the full model are

C™HC ~ 4,72 x 107

extra FLOPs per token. The corresponding activa-
tion I/O count gives

B™HC 8 63 MiB

extra I/O per token.

For long-context prefill, mHC needs to keep mul-
tiple residual streams. Since a vanilla Transformer
already has one residual stream, the extra persis-
tent memory over vanilla comes from the additional
n — 1 streams:

M™HC — T(n — 1)dioderd.

With T = 131072, n = 4, dnodel = 2048, and
b=2,

M™HC — 131072 (4—1) x 2048 x2 = 1.5 GiB.

Thus, although mHC maintains four residual
streams in total, its reported extra memory over
a vanilla Transformer corresponds to the three ad-
ditional streams.

B.6 Empirical Benchmark Details

We further measure the practical efficiency of the
trained 3B Qwen3-style model. All empirical num-
bers in Table 4 are measured on trained checkpoints
under the same hardware and software environ-
ment.

For inference, we use batch size 64, prefill length
2048, and decode length 2048. We use one warmup
run and two repeated measurement runs. The table
reports the total wall-clock generation time, includ-
ing both prefill and decoding. The vanilla model
takes

526.6 s,

while Depth-Attention takes
532.8 s.

The relative inference overhead is therefore

532.8 — 526.6

1 = 1.18%.
5366 x 100% 8%

The prefill peak memory is
30.6 GB

for both vanilla and Depth-Attention, so the re-
ported prefill-memory overhead is

0.0 GB.

Finally, the extra FLOPs entry in Table 4 uses
the theoretical Depth-Attention estimate derived
above:

2.40 x 10°
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extra FLOPs per token. The overhead row nor-
malizes this value by the standard dense one-token
forward estimate 2N for a 3B model:

2.40 x 105

— =5 _
IR 100 - 4.0 x 107” = 0.004%.

This explains why the theoretical arithmetic over-
head is negligible even though the measured train-
ing wall-clock overhead is larger: the practical
overhead is mainly caused by additional activa-
tion reads/writes, kernel launches, and non-fused
depth-wise operations rather than by dense matrix-
multiplication FLOPs.

C Scaling Experiment Details

For the scaling experiments in subsection 4.3, we
provide the model configurations and training hy-
perparameters used for the Qwen-style scaling
analysis in Table 9. For each model size, Depth-
Attention and the vanilla Transformer use the same
base configuration and optimization setup, differ-
ing only in whether depth-wise value mixing is en-
abled. The Qwen-style scaling experiments include
360M, 500M, and 710M models. The earlier 160M
setting is not included in the final scaling analysis.
The larger 1.5B and 3B Qwen3-style models follow
the configurations and training setup in Table 7.

D Statistical Significance of the Main
Results

To assess the robustness of the improvements re-
ported in Table 1, we conduct paired statistical
analyses using the per-example predictions from
the 3B evaluations. Specifically, we use a task-
stratified paired bootstrap with 10,000 resamples to
construct 95% confidence intervals, together with a
paired permutation test using 10,000 permutations.
All reported differences are computed from the av-
erage score across the evaluated tasks. The results
are summarized in Table 10.

Depth-Attention significantly outperforms the
vanilla Transformer in both the zero-shot and five-
shot settings. Compared with DenseFormer, the
improvement is also statistically significant in the
zero-shot setting. In the five-shot setting, Depth-
Attention maintains a positive gain of +0.58 pp,
with the confidence interval only narrowly cross-
ing zero, providing suggestive evidence that the
improvement remains positive.

E Pretraining with a 60B-Token Budget

The main experiments train all models for 32B to-
kens. To examine whether the advantage of Depth-
Attention persists under a substantially larger
training-data budget, we additionally train the 3B
vanilla Transformer and 3B Depth-Attention mod-
els from scratch for 60B tokens—approximately
the compute-optimal budget for a 3B model sug-
gested by the scaling analysis of Hoffmann et al.
(2022)—under identical data, optimization, and
model settings. We evaluate the resulting check-
points using both language-modeling perplexity
and the same downstream benchmark suite as in
the main paper. The results are shown in Table 11.

After 60B tokens of pretraining, Depth-Attention
continues to outperform the vanilla Transformer. It
reduces perplexity by 0.18 and improves the eight-
task downstream average by 1.16 points, improv-
ing six tasks, tying on PIQA, and trailing only on
WinoGrande. These results demonstrate that the ad-
vantage of Depth-Attention is not restricted to the
early stage of pretraining and remains observable
at the 60B-token training budget; together with the
stable gains across model sizes in Figure 2, they
indicate that the benefit has not saturated when scal-
ing either the model size or the amount of training
data.

F Instruction Tuning and MT-Bench
Evaluation

To examine whether the pretraining advantage of
Depth-Attention is retained after instruction tuning,
we perform controlled full-parameter supervised
fine-tuning (SFT) of the 3B vanilla Transformer
and Depth-Attention models pretrained for 60B
tokens (Appendix E). Both models are fine-tuned
on the same 51,699-example Alpaca dataset (Taori
et al., 2023) for three epochs, with identical opti-
mization, batch, prompt-template, seed, and gen-
eration settings. We then evaluate both models on
the official 80-question MT-Bench set (Zheng et al.,
2023), scoring all responses with the same GPT-5.4
judge under identical judging prompts. Figure 5
visualizes the per-category scores, and Table 12
lists the exact numbers.

Depth-Attention improves the overall MT-Bench
average from 2.18 to 2.66 (+0.48), with gains in
seven of the eight categories and a tie on Writ-
ing. The largest improvement occurs in Reasoning
(4+2.05), followed by Humanities (+0.60), Math
(40.40), and Roleplay (+0.35). At the same time,
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Configuration / Hyperparameter

360M

500M

710M

Model configuration

Architecture Qwen-style decoder Qwen-style decoder Qwen-style decoder
Hidden size 960 1152 1280
Intermediate size 2540 3072 3072
Number of hidden layers 24 24 32
Number of attention heads 15 18 20
Number of key-value heads 15 18 20
GQA group size 1 1 1
Activation function SiLU SiLU SiLU
Vocabulary size 50304 50304 50304
Maximum sequence length 2048 2048 2048
Maximum position embeddings 2048 2048 2048
RMSNorm epsilon 1.0 x 1075 1.0 x 1075 1.0 x 1075
Initializer range 0.02 0.02 0.02
Tie word embeddings False False False
BOS / EOS token id 0/0 0/0 0/0
Padding token id 1 1 1
Model dtype FP16 FP16 FP16
Depth-Attention stride 12 12 16
Training hyperparameters
Training data The Pile The Pile The Pile
Training tokens 32B 32B 32B
Training steps 15625 15625 15625
Global batch size 1024 1024 1024
Sequence length 2048 2048 2048
Optimizer AdamW AdamW AdamW
Learning rate 1.5x 1073 1.0x 1073 1.0 x 1073
Learning rate schedule cosine decay cosine decay cosine decay
Warmup ratio 0.02 0.02 0.02
Adam S 0.9 0.9 0.9
Adam f2 0.95 0.95 0.95
Weight decay 0.1 0.1 0.1
Gradient clipping 1.0 1.0 1.0
Precision FP16 FP16 FP16

Table 9: Model configurations and training hyperparameters for the Qwen-style scaling experiments. Depth-
Attention-specific entries apply only to our method; vanilla baselines use the same base configurations with
depth-wise value mixing disabled. The 1.5B and 3B scaling points use the main-experiment setup in Table 7.

the results identify settings in which the bene-
fit is limited: Writing remains unchanged, while
STEM and Extraction show only modest gains, so
the improvement is not uniform across generation
categories. Together with the GSM8K results in
Appendix G, these findings suggest that Depth-
Attention provides particularly pronounced gains
on reasoning-oriented tasks, and that its pretraining
advantage is retained after instruction tuning rather
than being restricted to pretrained-model evalua-
tion.

G Mathematical Reasoning on GSM8K

To evaluate mathematical reasoning, we fine-
tune the 3B wvanilla Transformer and Depth-
Attention checkpoints pretrained for 60B tokens

(Appendix E) on the official GSMS8K training
set (Cobbe et al., 2021) for three epochs using iden-
tical SFT hyperparameters, and evaluate the result-
ing models under both 0-shot and 8-shot settings.
The results are shown in Table 13.

Depth-Attention achieves clearly higher GSM8K
accuracy under both evaluation settings after the
same task-specific fine-tuning (4-3.41 points O-shot
and +2.96 points 8-shot), consistent with the pro-
nounced Reasoning gains observed on MT-Bench
(Appendix F).

H Transfer to LLaMA-Style
Architectures

Depth-Attention does not rely on any Qwen-
specific component: it operates only on the stan-
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Setting Comparison Difference (pp) 95% bootstrap CI (pp) Permutation (p)
3B zero-shot Depth-Attention — Vanilla +1.93 [+1.31, +2.57] < 0.001
3B zero-shot Depth-Attention — DenseFormer +0.99 [4+0.35, +1.64] 0.0021
3B five-shot Depth-Attention — Vanilla +2.01 [+1.40, +2.61] < 0.001
3B five-shot Depth-Attention — DenseFormer +0.58 [—0.04, +1.20] 0.0643

Table 10: Paired statistical analyses of the 3B main results, based on per-example predictions. Confidence intervals
use a task-stratified paired bootstrap with 10,000 resamples; p-values use a paired permutation test with 10,000
permutations. Differences are computed on the average score across the evaluated downstream tasks.

Metric / Task Vanilla Depth-Attention
Perplexity | 7.08 6.90
LAMBADA 62.72 65.28
PIQA 72.80 72.80
WinoGrande 60.70 60.22
SciQ 88.40 90.20
HellaSwag 43.53 44.20
ARC-Easy 62.25 63.34
ARC-Challenge 27.05 28.84
RACE 34.07 35.89
8-task average 56.44 57.60

Table 11: Results of pretraining the 3B models for 60B
tokens under identical settings. Downstream numbers
are zero-shot accuracies in percentage.

Category Vanilla Depth-Attn. Difference
Writing 3.50 3.50 +-0.00
Roleplay 2.75 3.10 +0.35
Reasoning 1.95 4.00 +2.05
Math 1.15 1.55 +0.40
Coding 1.45 1.70 +0.25
Extraction 1.80 1.95 +0.15
STEM 2.50 2.60 +0.10
Humanities 2.30 2.90 +0.60
Average 2.18 2.66 +0.48

Table 12: MT-Bench scores of the 3B models after
identical Alpaca SFT, judged by the same GPT-5.4 judge
on the official 80-question set.

dard query, key, and value states available in
decoder-only Transformer layers. To examine
whether the improvement is specific to the Qwen-
style architecture, we additionally train Depth-
Attention on LLaMA-style (Touvron et al., 2023)
models at the 360M and 500M scales under
matched training settings. The results are shown in
Table 14.

Depth-Attention consistently improves the
LLaMA-style models, with validation-loss reduc-
tions comparable to those observed on the Qwen-
style models. These results provide direct evidence
that its benefit is not specific to Qwen3 and trans-

Writing

Humanities Roleplay

STEM Reasoning

Extraction 4 Math

Coding

= Vanilla (avg. 2.18) =@= Depth-Attention (avg. 2.66)

Figure 5: MT-Bench scores by category after identical
Alpaca SFT of the 3B models pretrained for 60B tokens.
Depth-Attention improves seven of the eight categories
and ties on Writing, with the largest gain on Reasoning
(+2.05).

Setting Vanilla Depth-Attn. Improvement
0-shot 13.57 16.98 +3.41
8-shot 10.61 13.57 +2.96

Table 13: GSM8K accuracy (%) of the 3B models after
identical fine-tuning on the official GSMS8K training set
for three epochs.

fers across different dense decoder architectures.
Comprehensive validation on sparse mixture-of-
experts architectures remains an important direc-
tion for future work.

I Depth-Mixing-Object Ablation at 1.5B

The controlled ablations in the main paper are con-
ducted on the 500M model due to the substantial
cost of fully pretraining every ablation variant at
larger scales; this practice is also common in large-
scale architecture studies. To verify that the design
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Architecture  Size Vanilla Depth-Attn. Diff.

Qwen-style 360M 2278 2.252 —0.026
Qwen-style 500M  2.236 2.212 —0.024
LLaMA-style 360M  2.286 2.262 —0.024
LLaMA-style 500M  2.244 2.224 —0.020

Table 14: Validation language-modeling loss of
vanilla and Depth-Attention models on Qwen-style and
LLaMA-style architectures under matched training set-
tings.

Variant Validation loss
Vanilla 2.1005
Key-only 2.1162
Key-value 2.0804
Value-only 2.0503

Table 15: Depth-mixing-object ablation repeated on the
1.5B model. Value-only mixing remains the best variant,
matching the conclusion obtained at S00M.

conclusion transfers to a larger scale, we repeat
the depth-mixing-object ablation of Table 6 on the
1.5B model. All variants use identical training data,
token budgets, hyperparameters, and evaluation set-
tings; the only difference is the state updated by
depth mixing. The results are shown in Table 15.

The conclusion remains unchanged at the 1.5B
scale: value-only mixing achieves the lowest val-
idation loss, outperforming vanilla, key-only, and
key—value mixing. The advantage of updating only
the value states is therefore preserved, rather than
diluted, as the model scale increases.

J Comparison with MoDA

Mixture-of-Depths Attention (MoDA) (Zhu et al.,
2026) is contemporaneous work that was developed
independently of ours. Although both approaches
enable adaptive cross-layer retrieval, their mecha-
nisms differ substantially:

* Depth-Attention first mixes value states across
depth and then applies unchanged standard
causal self-attention, whereas MoDA jointly
attends to sequence-level key-value states and
historical depth-level key-value states within
a single unified attention operator.

* Depth-Attention reuses the existing attention
states and writes the mixed value into the or-
dinary V-cache slot, whereas default MoDA
additionally projects FFN states into separate
depth key-value representations.

Architectural cost comparison. Table 16 sum-
marizes the resulting architectural costs. Here
my = [¢/s] + 1 denotes the number of depth
sources at layer £ under this uniform approximation,
and the numerical estimates use our 3B configu-
ration with L = 48, dyoqel = 2048, dy, = 512,
stride s = 24, and 16-bit states; we count one
multiply-add as two FLOPs, consistently with Ta-
ble 2.2 Under this configuration, Depth-Attention
introduces no additional parameters or persistent
inference state, requires approximately three orders
of magnitude fewer extra FLOPs, and retains the
standard causal-attention interface.

Matched empirical comparison. We further
train 3B Depth-Attention and default MoDA mod-
els from scratch for 60B tokens using matched data,
optimization, and evaluation settings. The results
are shown in Table 17.

Under the same 60B-token pretraining budget,
Depth-Attention achieves lower perplexity and out-
performs MoDA on all eight downstream tasks,
improving the macro-average accuracy by 1.05
points. Together with its substantially lower param-
eter, computation, activation-1/O, and persistent-
memory overhead, these results indicate that Depth-
Attention and MoDA have materially different
mechanisms and that Depth-Attention provides a
more favorable accuracy—efficiency trade-off under
our matched evaluation.

K Systems-Level Analysis

This appendix analyzes how Depth-Attention in-
teracts with large-scale training infrastructure, cov-
ering pipeline parallelism, tensor parallelism, ac-
tivation checkpointing, and fused causal-attention
kernels.

Pipeline parallelism. The main systems advan-
tage of Depth-Attention is that it communicates
only a sparse set of key-value states at the GQA
KV-head width, rather than full-width hidden states
or multiple residual streams. Let d denote the hid-
den size, dy., the total KV-head dimension, and A,
the number of historical Depth-Attention sources
crossing pipeline boundary b. Table 18 compares
the maximum additional forward payload beyond
a vanilla pipeline.

’The Depth-Attention totals here (2.42 x 10° FLOPs,
284 KiB) use the uniform source-count approximation m, =
[€/s] + 1, whereas Table 2 uses the exact per-layer source
schedule (3°, M, = 117), yielding the marginally smaller
totals 2.40 x 10° and 282 KiB.
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Aspect

Depth-Attention

Default MoDA

Extra parameters

Specialized fused sequence—depth kernel

None
No; standard causal attention
remains unchanged

2Ldmodeldiy = 100.7TM
Yes; its reported efficient implementation

uses a specialized joint sequence—depth kernel

Layer-£ extra FLOPs dmediy 8€dmodel + 4dmodeldiy
3B extra FLOPs / token 2.42 x 10° 2.20 x 108
Layer-£ extra activation I/O b(2me + 1)dky b(4ldyy + dmodel + 2diy)
3B extra activation I/O / token 284 KiB 4.69 MiB
128K-prefill extra persistent memory 0 GiB 12.0 GiB

Table 16: Architectural cost comparison between Depth-Attention and default MoDA under our 3B configuration
(L =48, dnodel = 2048, dy, = 512, stride s = 24, 16-bit states), counting one multiply-add as two FLOPs.

Metric / Task Depth-Attn. MoDA Diff.
Perplexity | 6.90 7.02 —0.12
LAMBADA 65.28 63.75 +1.53
PIQA 72.80 72.09 +0.71
WinoGrande 60.22 58.33 +1.89
SciQ 90.20 89.60 +0.60
HellaSwag 44.20 43.63 +0.57
ARC-Easy 63.34 62.25 +1.09
ARC-Challenge 28.84 2747 +1.37
RACE 35.89 35.31 +0.58
8-task average 57.60 56.55 +1.05

Table 17: Matched 60B-token pretraining comparison
between 3B Depth-Attention and default MoDA un-
der identical data, optimization, and evaluation settings.
Downstream numbers are zero-shot accuracies in per-
centage.

The maximum additional pipeline payload of
Depth-Attention is approximately 47x smaller
than DenseFormer, 8 x smaller than Block AttnRes,
and 3x smaller than mHC. As in the cross-stage
caching strategy used by Block AttnRes, each se-
lected key-value source can be transmitted once and
cached by downstream stages, avoiding repeated
transfers to multiple target layers.

Tensor parallelism. Under standard head-wise
tensor parallelism, each rank owns the query heads
and corresponding GQA KV-head shards. Depth
scoring and value mixing are therefore rank-local
and introduce no additional tensor-parallel collec-
tive communication. The resulting mixed value
then follows the unchanged causal-attention and
output-projection tensor-parallel paths.

Activation checkpointing. Depth-Attention is
compatible with standard activation checkpointing.
The depth logits, softmax weights, and mixed-value
intermediates can be discarded during the forward
pass and recomputed during backward, while only

the sparse source key-value dependencies must re-
main accessible.

Fused causal attention. Depth-Attention leaves
the causal-attention query, key, mask, and kernel in-
terface unchanged. Existing fused causal-attention
kernels can therefore be used without modification,
with depth mixing implemented as a lightweight
preceding operation.

Empirical profiling. To verify these properties
empirically, we profiled the 3B vanilla Transformer
and Depth-Attention models under matched train-
ing settings; the results are shown in Table 19.

Activation checkpointing remains fully effective:
when checkpointing is enabled, Depth-Attention
adds only 0.26% peak memory relative to vanilla,
while maintaining a throughput overhead compa-
rable to that in the non-checkpointed setting. The
fused causal-attention kernel runtime also remains
comparable, confirming that Depth-Attention does
not cause a fallback from the existing optimized
causal-attention kernel. Overall, Depth-Attention
is directly compatible with activation checkpoint-
ing, head-wise tensor parallelism, and existing
fused causal-attention implementations; pipeline
parallelism introduces sparse cross-stage key-value
dependencies, but their communication volume is
tightly bounded by the small KV width and sparse
source schedule and can be further reduced through
incremental cross-stage caching.

L Wall-Clock Measurement Protocol

The training wall-clock comparison in Table 3 uses
the following protocol. To eliminate differences
in batch hyperparameters, all methods are rerun
on larger-memory GPUs using exactly the same
microbatch size, gradient accumulation, global
batch size, sequence length, training data, opti-
mizer settings, hardware, and software stack, on
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Method Additional cross-stage payload =~ Maximum in our 3B configuration = 2K-token sequence

Depth-Attention 2Apdy, with Ap < 2 4dxy = d (4 KiB/token) 8 MiB

DenseFormer (L—-1)d 47d (188 KiB/token) 376 MiB
Block AttnRes (IV = 8) Nd 8d (32 KiB/token) 64 MiB
mHC (n = 4) (n—1)d 3d (12 KiB/token) 24 MiB

Table 18: Maximum additional forward pipeline payload beyond a vanilla pipeline, using our 3B configuration with
L =48, d = 2048, dy, = 512, stride s = 24, and FP16 communication.

System setting Metric Vanilla Depth-Attention Difference
Checkpointing off Peak memory (GiB/GPU) 122.60 127.53 +4.02%
Checkpointing off Throughput (tokens/s/GPU) 17,161.97 15,719.50 —8.41%
Checkpointing on Peak memory (GiB/GPU) 36.07 36.16 +0.26%
Checkpointing on Throughput (tokens/s/GPU) 13,218.84 12,244.10 —7.37%
Fused causal attention Kernel runtime (ms/step) 55.50 54.10 —2.52%

Table 19: Systems profiling of the 3B models under matched training settings.

the 3B Qwen3-style configuration. After warm-up,
each method is measured for 200 training steps,
and we report the mean and step-level standard
deviation. We do not interpret these measure-
ments as production-optimized latency: special-
ized fused CUDA kernels may improve the ab-
solute runtime of all methods. This setting nev-
ertheless remains practically relevant because de-
veloping and maintaining method-specific fused
kernels is non-trivial, and such kernels may not
be readily available across training frameworks
and hardware platforms. More importantly, ker-
nel optimization does not eliminate the underlying
architectural costs reported in Table 2—additional
arithmetic, activation I/O, and persistent inference
state—and Depth-Attention has substantially lower
costs along all three dimensions. Its low overhead
without a custom depth-mixing kernel reflects the
simplicity of the design and leaves additional room
for production optimization.
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