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Abstract

Parameter-efficient fine-tuning (PEFT) typi-
cally relies on additive weight perturbation.
However, in dynamic deployment environ-
ments like multi-tenant cloud serving or mo-
bile edge devices, additive methods force
a dilemma: merge weights and lose task-
switching flexibility, or remain unmerged and
suffer severe parallel-branching latency. To
break this bottleneck, we propose Latent Task
Embedding (LatTE), which shifts the PEFT
design axis to geometric expansion. Instead
of perturbing frozen parameters, LatTE con-
catenates a task-specific auxiliary embedding
to the input and expands the corresponding
weight matrices. This structural fusion ensures
the forward pass remains a single, optimized
matrix multiplication, bypassing the routing
overhead of unmerged adapters. Furthermore,
LatTE natively supports router-free, intra-batch
multi-tasking by isolating tasks into distinct
subspaces controlled via binary masking. Ex-
tensive evaluations across 1B to 14B parameter
models demonstrate that LatTE matches highly
optimized baselines like LoRA, while raising
throughput by 1.7× over routed multi-adapter
LoRA under heterogeneous-task batching.

1 Introduction

Parameter-efficient fine-tuning (PEFT) has estab-
lished itself as the standard for adapting large lan-
guage models (LLMs) to downstream tasks. By
updating only a fraction of the total parameters,
methods such as LoRA (Hu et al., 2022) have made
large-scale adaptation computationally tractable.
However, nearly all existing weight-based PEFT
methods share a fundamental geometric perspec-
tive: they view adaptation as an additive pertur-
bation to frozen base weights (e.g., adding a low-
rank delta ∆W ). While empirically successful,
this additive paradigm imposes severe structural
constraints during real-world deployment.

* Equal contribution

When serving multiple tasks, additive methods
face an unavoidable deployment dilemma. Adapter
weights can be mathematically merged into the
base parameters to achieve zero inference overhead,
but this locks the model into a static, single-task
state, precluding the rapid task switching required
in modern applications. Conversely, keeping the
weights unmerged preserves dynamic flexibility but
introduces significant computational overhead, as
the model must compute and route parallel adapta-
tion branches.

In highly parallelized multi-tenant serving envi-
ronments, this routing overhead destroys batching
efficiency. Furthermore, on memory-constrained
edge devices, such as mobile NPUs and CPUs
where memory bandwidth and power consumption
are strict bottlenecks, the latency penalty of parallel
branch computation is often prohibitive.

In this work, we ask: Is additive perturbation
the only viable geometric operation for PEFT? We
propose Latent Task Embedding (LatTE), which
explores a fundamentally different design axis: ge-
ometric expansion of the hidden representation
space. Instead of perturbing the parameter space,
LatTE concatenates a small, task-specific auxiliary
embedding to the input and extends the correspond-
ing weight matrices to process this expanded repre-
sentation.

Critically, because the adaptation is fused into
the expanded dimension, the forward pass remains
a single, optimized matrix multiplication. LatTE
preserves the inference structure of the base model
without requiring weight merging. This architec-
tural shift offers distinct structural properties ab-
sent from additive PEFT. Because adaptation oc-
curs in auxiliary dimensions, multiple tasks occupy
disjoint subspaces of the expanded representation.
This enables seamless intra-batch multi-tasking:
heterogeneous requests can be processed in a sin-
gle forward pass via simple masking, removing the
routing logic and reducing the latency penalty that
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(a) Base (b) LoRA (c) LatTE (d) Forward pass of LatTE

Figure 1: (a-c) The comparison of the forward pass through a single weight for the base, LoRA, and LatTE model.
While the A and B matrices in LoRA are expressed conventionally as trapezoids to emphasize their low ranks,
they are identical in the matrix dimensions with the A and B in LatTE. (d) The forward pass a MLP model with
LatTE. We have omitted the non-linearity between the layers for simplicity. The shaded region can be conceptually
regarded as a single LoRA unit.

unmerged additive methods incur.
We position LatTE not as an attempt to artifi-

cially inflate accuracy beyond LoRA, which al-
ready approaches full fine-tuning performance, but
as a structurally distinct alternative designed to
break the deployment bottleneck. LatTE offers a
new point on the accuracy-efficiency Pareto fron-
tier, preserving state-of-the-art accuracy while fun-
damentally optimizing the computational graph for
dynamic deployment.

Our contributions are threefold:

1. We identify geometric expansion as a com-
plementary design axis to additive perturba-
tion in PEFT, formalizing the structural and
hardware execution differences between these
approaches.

2. We propose LatTE, a novel PEFT method that
expands latent embeddings to create auxiliary
adaptation subspaces, achieving single-path
inference – one matrix multiplication per layer
– without weight merging.

3. We demonstrate through extensive evaluations
on scales ranging from 1B to 14B param-
eters that LatTE matches the accuracy of
strong PEFT baselines. Furthermore, our hard-
ware profiling confirms that LatTE avoids the
∼25% latency penalty of unmerged LoRA,
and that under heterogeneous-task batching it
reaches 1.7× the throughput of routed multi-
adapter LoRA.

2 Related Works

Parameter-Efficient Fine-Tuning (PEFT).
PEFT methods update only a small fraction of
the model’s parameters during fine-tuning while
keeping the rest frozen. This enables adaptation to
new tasks with minimal computational overhead.
We broadly categorize existing PEFT methods into
the following classes:

• Module-based methods introduce additional
trainable modules (adapters) to the model ar-
chitecture. The adapters mostly consist of a
down- and up-projection with a nonlinearity
in between. There are serial adapter (Houlsby
et al., 2019; Pfeiffer et al., 2021) and parallel
adapter (He et al., 2022) based on how the
adapter is attached to the base module. CIAT
(Zhu et al., 2021) and CoDA (Lei et al., 2023)
are also variants of the parallel adapter.

• Weight-based methods aim to efficiently up-
date the weights of the model, often acting as a
direct approximation of full fine-tuning (FFT).
The updates can be additive or multiplicative.
LoRA (Hu et al., 2022) and its variants (Zhang
et al., 2023b; Liu et al., 2024a; Kopiczko
et al., 2024; Li et al., 2024) are additive meth-
ods. Multiplicative-update method includes
OFT (Qiu et al., 2023), BOFT (Liu et al.,
2024b), and HRA (Yuan et al., 2024). Se-
lective fine-tuning is another group of method
which updates a subset of weight elements, of-
ten by masking (Guo et al., 2021; Sung et al.,
2021; Lawton et al., 2023).
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• Representation-based methods use represen-
tations as a tool for fine-tuning. Soft-prompt
methods, where learnable embeddings are pre-
fixed to the prompt, include prefix-tuning (Li
and Liang, 2021), prompt-tuning (Lester et al.,
2021), and p-tuning (Liu et al., 2022b). An-
other group modifies or edits intermediate rep-
resentations, such as (IA)3 (Liu et al., 2022a),
SSF (Lian et al., 2022), and ReFT (Wu et al.,
2024c).

Network Expansion vs. Adaptation. While
modifying a network’s architecture is a well-known
technique, prior expansion methods like Net2Net
(Chen et al., 2015) and LLaMA-Pro (Wu et al.,
2024a) expand model depth or width to increase
overall capacity for continued pre-training or full-
parameter tuning. In contrast, LatTE keeps the
base model entirely frozen, utilizing controlled di-
mension expansion specifically as a mechanism for
parameter-efficient, multi-task adaptation.

Inference-Efficient PEFT. Recent works have
recognized the need for reducing inference-time
overhead in PEFT. SPLoRA (Hedegaard et al.,
2024) and CA-LoRA (Zhao et al., 2024) combine
LoRA with pruning or quantization for faster in-
ference. However, these are often engineering so-
lutions that sacrifice precision or require special-
ized kernels. Zero-latency PEFT methods like PaFi
and HiWi (Liao et al., 2023) partially update the
original model as in FFT. zFLoRA (Gowda et al.,
2025) fuses low-rank adapter branches into the base
computation, and GAWS (Alsuradi et al., 2026)
traces unmerged-adapter latency to segmented ker-
nel launches and narrows it with a grouped weight-
sharing design.

Multi-Adapter and Multi-Task Adaptation.
Scenarios involving multiple downstream tasks of-
ten demand flexible and composable fine-tuning
strategies. MAD-X (Pfeiffer et al., 2020) and
Adapter Fusion (Pfeiffer et al., 2021) allow for
combining multiple adapters, yet require additional
merging logic. Mixture of Expert (MoE) style com-
binations of multiple task LoRAs (Wu et al., 2024b;
Xu et al., 2025) typically introduce routers or gating
networks, adding both parameter count and runtime
logic. LatTE supports multi-tasking intrinsically:
different tasks are assigned specific slots in the
auxiliary embedding space, controlled via simple
masking. This allows for deterministic, router-free
multi-adapter inference that scales efficiently with

the number of tasks.

3 Our Method

We propose LatTE, a fine-tuning method in which
a task-specific auxiliary embedding is concatenated
to the original token embeddings. This increases
the embedding dimensionality, which correspond-
ingly expands the associated weight matrices. The
fine-tuned knowledge is thus stored in the addi-
tional weight parameters introduced by this expan-
sion, and the interaction with the original forward
pass is mediated by the auxiliary embedding. Ar-
chitecturally, LatTE resembles LoRA and other
weight-based PEFT methods, as it modifies indi-
vidual weights without altering the model’s overall
structure (see Figure 1). However, a unique fea-
ture of LatTE is that the forward pass through one
weight is calculated by a single matrix multiplica-
tion while keeping the original weight frozen. This
enables inference-time performance comparable
to that of the original model, making LatTE both
efficient and scalable.

The comparison between the base model, LoRA,
and LatTE is illustrated in Figure 1 (a-c), which
shows the forward pass through a single weight
matrix W ∈ Rd×k. Given an input embedding
x ∈ Rk, the base model computes the output
y ∈ Rd as y = Wx. In LoRA, task-specific in-
formation is introduced via a low-rank adapter,
yielding: y = Wx + BAx, where A ∈ Rr×k

and B ∈ Rd×r, and r is the low-rank dimen-
sion. In LatTE, the input embedding is concate-
nated with an auxiliary embedding x̄ ∈ Rr to form
[x; x̄] ∈ Rk+r. The forward pass is computed in
the expanded embedding space:

[
y
ȳ

]
=

[
W B
A C

] [
x
x̄

]
, (1)

where A, B, and C ∈ Rr×r are trainable matri-
ces. For convenience, we denote the expanded

vectors and matrix as x =

[
x
x̄

]
, y =

[
y
ȳ

]
, and

W =

[
W B
A C

]
, so that Eq. (1) simplifies to the

familiar linear form y = Wx. In Figure 1 (c),
the block matrix W is highlighted with a yellow
dashed outline. We deliberately set the auxiliary
embedding dimension r to match the low-rank di-
mension used in LoRA, allowing for a fair param-
eter comparison. LoRA introduces (d+ k)r addi-
tional parameters per weight matrix, while LatTE
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adds (d + k + r)r: exactly r2 more per adapted
matrix, contributed by C. This term is small un-
der the common assumption r ≪ min(d, k) (at
r = 16, d = k = 3584 it is 0.2% of the adapter
budget). LatTE’s advantage lies in the computation
graph – a single matrix multiplication per layer –
with a marginal parameter cost, and Section 4.3
shows that removing C, which matches LoRA’s
count exactly, loses no accuracy.

This block matrix formulation fundamentally al-
ters the physical computation graph compared to
additive adapters. While LoRA applies a localized
low-rank update at each individual layer, LatTE
effectively distributes a single low-rank transfor-
mation across two consecutive layers “off-phase.”
The auxiliary representation x̄ acts as a continu-
ous working memory: instead of computing a delta
and discarding the state, the first expanded weight
matrix creates the auxiliary state, which is then
carried forward, compressed, and interacted with
in the subsequent layer’s expanded weight matrix.
This structural distribution across network depth
is what enables the single-path computation graph.
The recombination into a single low-rank update is
exact only without an intervening nonlinearity, so
we treat the off-phase reading as design intuition
rather than an identity.

We define fin and fout applied once per forward
pass:

fin(x) = [x; c], fout([y; ȳ]) = y +Bȳ,

where c is a learnable constant vector. The matrix
B in fout is a separate trainable parameter. We
initialize A with Kaiming-uniform initialization
and B,C with zeros, ensuring the initial forward
pass exactly matches the base model. This spe-
cific initialization strategy was chosen to directly
mirror the default configuration of LoRA in the
Huggingface PEFT library, ensuring a strictly fair
empirical comparison without requiring extensive
hyperparameter searches to account for initializa-
tion sensitivity.

3.1 Application to the multi-layer perceptron
With the LatTE building block in place, we now
apply it to a multilayer perceptron (MLP) network.
Consider an L-layer MLP with weight matrices
Wi for 1 ≤ i ≤ L and an activation function σ.
Given an input embedding x, the MLP computes
the output as:

y = WL · σ(WL−1 · σ(· · ·σ(W1x))).

Figure 2: The two strategies on allocating the additional
dimension of Wx (yellow) to attention heads. Here, the
vertical dimension represents the context length.

Figure 3: Masking (black squares) in intra-batch multi-
adapter scenario. The mask symbol indicates where
masking should be applied for Transformers.

To incorporate LatTE, we replace each Wi with its
expanded counterpart Wi and insert the expansion
and compression functions fin and fout at the input
and output, respectively. The input embedding is
first expanded from a d-dimensional vector to a
(d + r)-dimensional one by fin, then propagated
through the network using the sequence of Wi

matrices. The final embedding is compressed back
to a d-dimensional output by fout. The resulting
output becomes:

y = fout (WL · σ(WL−1 · σ(· · ·σ(W1fin(x))))) .
(2)

The feed-forward network (FFN) block in a
Transformer architecture (Vaswani et al., 2017) is
typically a two-layer MLP of the form:

FFNσ(x,W1,W2) = W2 · σ(W1x).

Modern LLMs, including those used in our ex-
periments (Grattafiori et al., 2024; Yang et al.,
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2024), often use the SwiGLU activation func-
tion (Shazeer, 2020), a variant of the Gated Lin-
ear Unit (GLU) (Dauphin et al., 2017) based on
Swish (Ramachandran et al., 2017). A single FFN
using SwiGLU can be expressed as:

FFNSwiGLU(x,W, V,W2)

= W2 · (Swish1(Wx)⊗ V x),

where Swishβ(x) = x · sigmoid(βx) and ⊗ de-
notes the element-wise (Hadamard) product. Ap-
plying LatTE to this FFN block involves replacing
each weight matrix with its expanded form. The
resulting forward pass becomes:

FFNSwiGLU(x,W,V,W2)

= W2 · (Swish1(Wx)⊗Vx). (3)

3.2 Application to the attention module
Unlike MLP layers – where applying LatTE is
straightforward and leaves little room for design
choices beyond fin and fout – the attention mod-
ule presents several implementation options. The
core strategy remains the same: expand the embed-
ding dimension and replace the weight matrices
with their extended counterparts. However, the
key challenge lies in how to allocate the auxiliary
embedding dimensions across the attention heads.

Assume a standard multi-head attention (MHA)
mechanism with H heads, where the per-head di-
mension is dH = d/H . The usual output of an
MHA layer can be written as:

H∑

h=1

(WO
h )⊤W V

h x · softmax
(
(WK

h x)⊤WQ
h x

)
,

where Wh denotes the h-th row-wise split sub-
matrix of a full weight matrix W , i.e., Wh =
W [(h− 1)dH : hdH , :]. When the embedding di-
mension increases from d to d+ r, we must adjust
the MHA configuration so that dH′ = (d+ r)/H ′

holds. Two simple approaches can achieve this:
1. More heads: We introduce additional heads

to accommodate the extra dimensions. Specifically,
we add ⌈r/dH⌉ new heads solely for the auxiliary
representation. This isolates the task embedding
from the original heads.

2. Wider heads: We distribute the auxiliary
dimension across the existing H heads by increas-
ing the head dimension dH . To ensure compatibil-
ity with rotary positional embeddings (RoPE) (Su
et al., 2024), which rotate pairs of elements, the

expansion must be even. Thus, we increase each
head’s dimension by 2⌈r/(2H)⌉.

If r is not divisible by dH (the more-heads case)
or by 2H (the wider-heads case), the unmatched
dimensions are zero-padded. Figure 2 provides a
schematic of these two integration strategies.

With the application of LatTE to both FFN and
attention layers explained, we are now ready to
implement it in Transformer-based LLMs. In diffu-
sion models, PEFT is typically applied to the text
encoder and the cross-attention modules within the
U-Net architecture (Ruiz et al., 2023; Zhang et al.,
2023a; Mou et al., 2024). This means that the same
recipe used for LLMs can be applied to diffusion
models as well.

3.3 Comparison with LoRA
We provide theoretical context for LatTE by draw-
ing comparisons with LoRA. The intuition behind
LoRA stems from the observation that the intrin-
sic dimension of many NLP tasks is significantly
lower than the dimension of large pretrained mod-
els (Aghajanyan et al., 2021). Building on this,
LoRA hypothesizes that the required weight up-
dates for task adaptation also lie in a low-rank sub-
space (Hu et al., 2022). However, the argument
in Aghajanyan et al. (2021) supports a low intrin-
sic dimension as a necessary, but not sufficient,
condition for low-rank adaptation to be effective.

Interestingly, LatTE can also be interpreted as
a composition of low-rank updates. As illustrated
in Figure 1 (d), when examining the green-shaded
information flow over two layers (omitting acti-
vation for simplicity), the input embedding x is
transformed by a low-rank operation BA and rein-
tegrated with the base embedding. Thus, while
LoRA applies a single low-rank update per layer,
LatTE effectively performs two low-rank transfor-
mations across two layers. This structural similar-
ity suggests that the same theoretical motivation
underlying LoRA – namely, that task-specific trans-
formations can be captured in low-rank subspaces –
also supports the design of LatTE.

Beyond the qualitative arguments presented
above, we provide two formal results establish-
ing cases where the expressive power of LatTE is
equivalent to that of LoRA. Both are stated for
simplified settings, and therefore lower-bound the
expressivity of the deployed configuration.

Theorem 1 For linear models, the minimum
low-rank dimension required for adapter models to
exactly recover the FFT target is identical for both
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Model Fintuning Params (%)
Accuracy

OBQA BoolQ PIQA SIQA Hella. Wino. ARC-e ARC-c ave.

Qwen2.5-3B

Prompt 0.0021 77.04 80.46 80.60 73.54 69.95 62.63 93.82 82.98 77.63
Serial 0.7546 86.70 86.86 85.81 79.20 91.99 79.99 93.39 83.53 85.93

Parallel 0.7546 85.90 87.08 85.77 79.77 92.26 82.75 94.03 83.32 86.36
OFT 0.7025 87.50 87.58 85.69 78.97 92.36 82.44 93.98 83.49 86.50

BOFT 0.7025 87.90 87.74 86.29 79.86 92.01 82.06 93.81 83.21 86.61
LoRA 0.7546 87.15 87.50 86.28 79.38 92.46 83.11 93.61 83.29 86.60

LatTE-m 0.7573 86.04 87.60 85.58 79.02 91.98 84.35 93.60 83.12 86.41
LatTE-w 0.7573 86.80 87.97 85.73 78.67 92.20 83.94 94.14 83.55 86.63

Qwen2.5-7B

Prompt 0.0015 86.50 85.85 86.04 76.67 81.59 68.01 96.20 89.57 83.81
Serial 0.5273 92.84 89.45 89.40 81.88 94.03 85.83 96.19 89.18 89.85

Parallel 0.5273 92.04 89.30 89.15 81.26 94.01 87.83 96.50 89.76 89.98
OFT 0.4943 91.84 89.04 90.08 80.99 93.84 85.65 96.68 89.80 89.74

BOFT 0.4943 92.35 89.46 89.67 79.94 94.14 86.15 96.39 89.69 89.72
LoRA 0.5303 92.55 89.59 90.22 81.94 93.84 86.76 96.57 90.29 90.22

LatTE-m 0.5317 91.84 89.81 90.08 81.28 94.52 87.49 96.74 90.76 90.32
LatTE-w 0.5317 92.60 89.49 90.59 80.73 94.67 87.86 97.00 90.25 90.40

Llama-3.2-3B

Prompt 0.0031 71.64 79.30 77.20 67.41 62.12 60.10 85.47 72.54 71.97
Serial 0.7550 82.10 86.73 84.22 77.19 89.61 80.84 88.90 77.52 83.39

Parallel 0.7550 82.10 87.50 83.42 77.79 90.66 82.57 89.27 78.65 83.99
OFT 0.7666 84.84 88.44 85.01 79.17 90.91 82.89 91.25 79.82 85.29

BOFT 0.7666 86.30 88.76 85.55 78.51 91.32 81.77 90.88 78.82 85.24
LoRA 0.7568 84.44 88.56 85.61 77.94 91.41 83.78 89.82 78.07 84.95

LatTE-m 0.7599 85.70 88.35 85.36 78.39 91.42 84.89 89.98 79.24 85.42
LatTE-w 0.7599 86.40 88.74 85.23 79.21 91.15 84.47 90.49 79.76 85.68

Llama-3.1-8B

Prompt 0.0016 82.35 86.12 84.48 77.38 83.29 72.26 92.56 80.87 82.41
Serial 0.4570 89.70 88.73 87.81 80.45 93.61 84.35 94.00 83.92 87.82

Parallel 0.4570 89.75 88.87 88.15 81.35 94.10 86.03 93.80 84.91 88.37
OFT 0.4492 89.00 89.30 88.45 81.54 93.79 84.02 94.43 84.68 88.15

BOFT 0.4492 88.90 89.72 88.75 80.81 93.58 84.85 94.32 83.94 88.11
LoRA 0.4570 88.90 89.09 88.85 80.92 94.31 87.23 93.81 84.85 88.50

LatTE-m 0.4585 90.15 89.63 88.80 80.80 94.39 88.38 94.14 84.45 88.84
LatTE-w 0.4585 90.60 89.33 88.87 80.28 94.25 86.68 94.73 84.47 88.65

Table 1: Accuracy results on the commonsense QA benchmark, with eight diverse reasoning tasks. Adapters are
applied to all layers.

LoRA and LatTE.
Theorem 2. Any attention matrix produced by

LoRA can be represented as an attention matrix
from LatTE, given that x̄ is a linear transform of x.

They remain simplified expressivity evidence,
where the evidence for the full nonlinear archi-
tecture is empirical (Tables 1 and 2). Proofs are
provided in Appendix A.

3.4 Intra-Batch Multi-Task Masking

Beyond single-task inference speed, LatTE natively
supports efficient intra-batch multi-tasking without
routing logic. In dynamic serving environments, it
is highly challenging to process multiple adapters
within a single batch (e.g., Task A for User 1, Task
B for User 2) using standard unmerged methods.

Because LatTE’s structure expands the represen-
tation space rather than perturbing the base weights,
distinct tasks can be assigned distinct, disjoint slots
in the auxiliary embedding space (e.g., allocating
m×r auxiliary dimensions for m distinct tasks). A
batch containing heterogeneous requests can then

be processed in a single forward pass by applying
a binary mask to the auxiliary attention heads and
MLP blocks. This task mask ensures that input
tokens only interact with their designated auxiliary
weights. This architectural property allows deter-
ministic, router-free multi-tasking, avoiding the
gating networks and per-task routing computation
required by standard multi-adapter architectures.
Because the mask zeroes every interaction outside
a request’s own auxiliary slot, a masked hetero-
geneous batch is numerically identical to running
each request in a single-task batch, up to floating-
point error; we verified this empirically, so the
accuracies in Tables 1 and 2 transfer unchanged to
the multi-task setting.

4 Experiments

We evaluate LatTE across three distinct domains to
demonstrate its versatility: general commonsense
reasoning, complex chain-of-thought (CoT) reason-
ing, and generative capabilities in text-to-image
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Model Fintuning Params (%)
Accuracy

AOuA GPQA MATH GSM8K SVAMP ave.

Qwen2.5-1.5B

Prompt 0.0016 37.80 24.24 37.80 54.80 72.33 45.39
Serial 0.2982 42.13 25.25 42.40 65.00 71.67 49.29

Parallel 0.2982 50.79 29.29 45.00 63.00 70.67 51.75
OFT 0.2847 40.09 30.81 39.40 52.40 64.00 45.34

BOFT 0.2847 41.34 28.79 39.60 54.00 68.00 46.35
LoRA 0.2991 49.61 31.82 42.40 61.80 74.00 51.92

LatTE-m 0.3003 50.79 31.31 40.80 62.60 73.67 51.83
LatTE-w 0.3003 49.61 30.30 43.20 63.80 73.00 51.98

Qwen2.5-3B

Prompt 0.0011 46.85 25.76 49.20 67.00 70.67 51.89
Serial 0.1877 49.61 26.26 52.80 76.40 78.67 56.75

Parallel 0.1877 48.43 28.79 49.60 73.00 83.33 56.63
OFT 0.1821 43.31 22.73 49.00 65.40 72.67 50.62

BOFT 0.1821 45.67 28.79 48.20 65.60 71.00 51.85
LoRA 0.1886 45.28 28.28 51.40 73.60 81.33 55.98

LatTE-m 0.1894 49.61 30.30 53.20 71.00 80.33 56.89
LatTE-w 0.1894 48.03 26.26 52.40 73.80 78.33 55.77

Llama-3.2-1B

Prompt 0.0027 21.46 25.25 - 36.10 53.50 34.08
Serial 0.3991 18.11 25.00 - 37.10 55.33 33.89

Parallel 0.3991 31.50 36.77 - 36.70 50.67 36.41
OFT 0.3979 25.20 24.49 - 34.10 52.67 34.11

BOFT 0.3979 25.98 20.96 - 34.40 52.17 33.38
LoRA 0.3991 22.24 24.24 - 37.70 56.00 35.05

LatTE-m 0.4009 24.80 22.22 - 38.10 57.17 35.57
LatTE-w 0.4009 24.41 22.22 - 38.50 56.00 35.28

Llama-3.2-3B

Prompt 0.0015 54.92 23.74 40.60 71.20 78.83 53.86
Serial 0.1874 51.57 30.56 37.10 69.10 78.83 53.43

Parallel 0.1874 51.38 27.78 39.10 67.70 81.33 53.46
OFT 0.1977 48.62 28.54 39.60 69.90 81.33 53.60

BOFT 0.1977 50.59 28.54 37.20 68.00 78.67 52.60
LoRA 0.1892 50.59 27.78 39.30 68.10 78.17 52.79

LatTE-m 0.1902 45.67 26.26 39.10 67.70 79.67 51.68
LatTE-w 0.1902 45.47 30.56 39.70 69.30 81.50 53.31

Table 2: Accuracy on multiple-choice and arithmetic reasoning benchmarks using various PEFT methods. MATH
results for Llama-1B is omitted as it replied in forms which cannot be parsed in all methods.

models.

For natural language processing (NLP), we con-
duct experiments using the Llama 3 (Grattafiori
et al., 2024) and Qwen2.5 (Yang et al., 2024) lan-
guage models, covering a range of model sizes
from 1B to 14B parameters. For text-to-image
generation (T2I), we fine-tune Stable Diffusion
v1.5 (Rombach et al., 2022) as the base model.
All fine-tuning is performed on 4 NVIDIA H100
GPUs, and inference is conducted using a single
H100.

We compare both variants of LatTE – more
heads (LatTE-m) and wider heads (LatTE-w) –
against several strong PEFT baselines. The base-
line methods include prompt tuning (Lester et al.,
2021), serial (Houlsby et al., 2019) and parallel (He
et al., 2022) adapters, OFT (Qiu et al., 2023),
BOFT (Liu et al., 2024b), and LoRA (Hu et al.,
2022). We follow the training setups from the
respective references and use official implemen-

tations from the Huggingface PEFT library (Man-
grulkar et al., 2022) for prompt tuning, LoRA, OFT,
and BOFT.

Unless otherwise stated, we set the rank r = 16
for both LatTE and LoRA. For a fair comparison,
the adapter hidden size and the block sizes for OFT
and BOFT are chosen such that the number of train-
able parameters closely matches that of LatTE and
LoRA; we use 2 blocks for BOFT by default. All
models are trained for up to 20 epochs for com-
monsense QA and 4 epochs for reasoning, and we
report results using the best checkpoint selected via
measuring with 4 different seeds.

4.1 Commonsense QA
We first assess general knowledge adaptation us-
ing the commonsense QA, a multiple-choice ques-
tion answering task. Models are fine-tuned on
the Commonsense 170K dataset (Hu et al., 2023),
which comprises eight distinct QA benchmarks:
OBQA (Mihaylov et al., 2018), BoolQ (Clark et al.,
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Figure 4: QA task score and inference speed on
Qwen2.5-7B.

2019), PIQA (Bisk et al., 2020), SIQA (Sap et al.,
2019), HellaSwag (Zellers et al., 2019), Wino-
Grande (Sakaguchi et al., 2021), ARC-easy, and
ARC-challenge (Clark et al., 2018). These datasets
focus on direct-answer selection without requir-
ing chain-of-thought (CoT) reasoning (Wei et al.,
2022).

Table 1 presents the performance of Llama-
3.2-3B, Llama-3.1-8B and Qwen2.5-3B/7B mod-
els fine-tuned with LatTE and baseline meth-
ods. Across all model sizes and configurations,
LatTE consistently matches the performance of
established PEFT baselines. Notably, LatTE-w
achieves the highest average performance on three
of the four models and ranks second on the remain-
ing model.

Beyond final accuracy, we observe that LatTE
converges rapidly. As detailed in Appendix B,
LatTE frequently reaches peak performance within
a single epoch, significantly reducing the computa-
tional budget required for adaptation compared to
other baselines.

4.2 Multiple-Choice and Arithmetic
Reasoning

To test the method’s capacity for complex rea-
soning, we evaluate on math and logic bench-
marks using Chain-of-Thought (CoT) prompt-
ing. We construct the training set by filtering ex-
amples from the Llama-Nemotron-Post-Training-
Dataset (Bercovich et al., 2025), selecting those
whose answers contain numeric characters and do
not involve blank spaces. This filtering yields ap-
proximately 0.3M examples per epoch for training.

We evaluate on five benchmarks: AQuA (Ling
et al., 2017), GPQA (Rein et al., 2024), MATH-
500 (Lightman et al., 2023), GSM8K (Cobbe et al.,

2021), and SVAMP (Patel et al., 2021). Following
standard practice, evaluation is based on the accu-
racy of the final answer, independent of the CoT
content. Table 2 presents results for Llama-3.2-
1B/3B and Qwen2.5-1.5B/3B. The results demon-
strate that LatTE remains effective in reasoning-
heavy tasks.

4.3 Equal-Parameter and Cross-Layer
Ablations

Two confounds could explain LatTE’s parity with
LoRA without the expansion mechanism itself do-
ing any work: the extra r2 parameters contributed
by C, and over-parameterization masking the cross-
layer role of the auxiliary stream. We isolate both
on Qwen2.5-3B with the commonsense QA suite,
re-running LoRA and LatTE-w in a single fixed
environment and seed; per-benchmark results are
given in Table 6 in Appendix B. First, setting
C = 0 makes LatTE’s trainable parameter count ex-
actly equal to LoRA’s (d+ k)r per adapted matrix,
yet accuracy does not degrade (86.98 avg. against
86.89 for full LatTE-w and 86.59 for LoRA): parity
is not attributable to the additional parameters. Sec-
ond, to test cross-layer persistence, we apply fin
and fout at every layer boundary rather than once at
the network input and output, which resets the aux-
iliary state to the learned constant c at each layer –
a local, input-dependent correction with cross-layer
information flow removed. Both variants fall below
full LatTE-w and below LoRA (85.85 and 85.94),
indicating that the persistence of the auxiliary state
across layers is a functioning component of the
method; characterizing what it transports is left to
future work.

4.4 Efficiency and Scalability
Inference Latency. A key advantage of LatTE
is that it preserves the base model’s computation
graph structure – a single matrix multiplication
per layer – without the need for separate adapter
branches. We quantify this by measuring the
Time-Per-Output-Token (TPOT) on a Qwen2.5-7B
model.

Figure 4 plots TPOT with the QA score with
7, 14, and 28 layers of adapters applied. We mea-
sured the inference time of 100 token generation
with 10k context length, and averaged over 10 tri-
als. OFT and BOFT results are not included as they
were an order of magnitude slower than the oth-
ers. One observes that LatTE achieves the optimal
Pareto frontier: matching the high performance of
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Method Split Base (=merged LoRA) unmerged LoRA LatTE-m LatTE-w

Single example

All 0.236 0.294 0.243 0.264
Attention 0.126 0.168 0.133 0.154

FFN 0.051 0.066 0.053 0.053
Embedding 0.059 0.060 0.057 0.057

8 Batch (1 task)

All 0.229 0.285 0.238 0.254
Attention 0.138 0.174 0.145 0.160

FFN 0.047 0.062 0.047 0.047
Embedding 0.044 0.049 0.046 0.047

8 Batch (4 tasks)

All - - 0.247 0.251
Attention - - 0.153 0.155

FFN - - 0.049 0.050
Embedding - - 0.045 0.046

Table 3: Inference latency breakdown by component: time per output token (in milliseconds) on Qwen2.5-7B with
an H100 GPU, context length 10k, averaged over 10 runs. In the 4-task rows, merged and unmerged LoRA have no
single-batch equivalent.

Method TTFT / TPOT (s) Tok/s VRAM (GiB)

LatTE (masked) 0.1533 / 0.0081 988 7.16
LoRA (adapter routing) 0.2270 / 0.0137 584 7.30
LoRA (separate batching) 0.4503 / 0.0322 248 6.23

Table 4: Heterogeneous-task serving on Qwen2.5-3B
(single H100, context length 1k, total batch size 8, four
concurrent tasks with two requests each). TTFT: time
to first token; TPOT: time per output token.

heavy adapters while retaining the low latency of
lightweight ones. A comprehensive per-component
breakdown, including heterogeneous-task batches,
is shown in Table 3: per-token latency stays essen-
tially flat as adapters are co-hosted and tasks are
mixed within a batch, whereas unmerged LoRA
pays a per-branch cost for every active adapter.

Multi-Task Serving under Heterogeneous Batch-
ing. We further benchmark LatTE against the two
standard ways of serving multiple LoRA adapters
when a batch mixes tasks: adapter routing (a stan-
dard d × 4 routing matrix gates each request to
its branch) and separate batching (each task’s re-
quests run separately), using Qwen2.5-3B on a sin-
gle H100 with context length 1k and batch size 8
over four concurrent tasks – a smaller model and
shorter context than the profiling above. As Ta-
ble 4 shows, LatTE reaches 988 tok/s: 1.7× routed
LoRA and roughly 4× separate batching, with per-
token latency about 40% below the routed baseline.
The gap exceeds the ∼25% single-adapter branch
overhead in Table 3, consistent with routing over-
head compounding as distinct tasks share a batch,
whereas the masked single-path design pays no
per-task routing cost. Peak memory is compara-
ble to routed LoRA (7.16 vs. 7.30 GiB); separate
batching’s lower footprint reflects running only two

sequences at a time.

Energy Profiling and Execution Efficiency.
The latency reduction achieved by LatTE directly
translates to improved execution efficiency on
power-constrained hardware. By fusing task-
specific computation into a slightly larger matrix
multiplication, LatTE avoids the memory-bound
additions and separate kernel launches required
by parallel adapter branches. To accurately cap-
ture the extent of this hardware advantage during
high-frequency measurements, we avoid relying on
baked-in hardware averaging logic. Instead, mea-
suring instantaneous voltage and current readings
indicates that the single-path computation graph
of LatTE utilizes memory bandwidth far more effi-
ciently, drastically reducing the active power spikes
typically associated with routing and unmerged
branch computations.

5 Conclusion

We proposed LatTE, a PEFT method that ex-
plores geometric expansion as a structural alter-
native to additive weight perturbation. By placing
adaptation in auxiliary subspaces rather than per-
turbing frozen weights, LatTE preserves single-
matrix-multiplication inference without weight
merging, avoiding the parallel-branching latency of
unmerged adapters and enabling router-free intra-
batch multi-tasking. Experiments across 1B to 14B
models confirm that LatTE matches state-of-the-art
accuracy on diverse tasks and remains robust under
quantization. While merged LoRA is optimal for
static single-task serving, LatTE reduces the infer-
ence bottlenecks of dynamic, multi-tenant serving
and power-constrained edge deployment.
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Limitations

LatTE is not a drop-in adapter. Unlike LoRA,
which attaches side branches to an unmodified net-
work, LatTE changes the hidden dimension and,
in the attention module, the head allocation (Sec-
tion 3.2); serving stacks must load expanded weight
matrices rather than attach adapters to a fixed check-
point. The required operations remain standard
dense linear algebra: no custom kernels are needed,
the expanded matrices shard under conventional
tensor parallelism, and accuracy is robust to INT8
quantization (below 0.3% degradation; Table 8).
We judge the integration effort comparable to that
of prefix tuning.

Scaling with the number of hosted tasks. Host-
ing N tasks expands each adapted weight matrix
by Nr auxiliary dimensions (Section 3.4), so pa-
rameter count, compute, and – under the dense
allocation used in all of our measurements – KV-
cache footprint grow linearly with N . For a sin-
gle task at r = 16 the per-token KV-cache over-
head is below 0.5% for Qwen2.5-7B (d = 3584)
and below 0.8% for Qwen2.5-3B (d = 2048), and
our serving benchmark (Table 4) covers four con-
current tasks; we have not validated behavior at
substantially larger task counts. Because masking
zeroes a request’s auxiliary state outside its own
r-dimensional slot, a mask-aware allocator could
in principle hold the per-request KV cache at d+ r
dimensions independent of N . This is an archi-
tectural implication of the design, not a property
of our implementation: we have neither built nor
benchmarked such an allocator.

Ethics and Broader Impact

This paper presents work whose goal is to advance
the field of machine learning, specifically by im-
proving the inference efficiency of fine-tuned mod-
els. By reducing the computational overhead re-
quired for task-specific adaptation, our method fa-
cilitates the deployment of Large Language Mod-
els and Diffusion Models on resource-constrained
edge devices. This contributes to the democrati-
zation of advanced AI capabilities and potentially
reduces the energy consumption and carbon foot-
print associated with serving large-scale models.
While our method increases the accessibility of
powerful generative models, which carries inher-
ent dual-use risks, it does not introduce new safety
concerns beyond those present in the base models.
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A Proof of Theorems

Here we provide the proofs of the two theorems in Section 3.3.
Theorem 1 For linear models, the minimum low-rank dimension required for adapter models to exactly

recover the FFT target is identical for both LoRA and LatTE.
Proof.
The proof closely follows the derivation of the expressive power of LoRA in linear models in (Zeng

and Lee, 2024). Let us define the linear target model f̄ and the linear frozen model f0 with L layers.

• f(x) = Wx

• f0(x) =
(∏L

l=1Wl

)
x

Now, we define the LatTE adapted linear model as f . We assume a low-rank of R.

• f(x) =
[
1 0

]∏L
l=1

[
Wl Bl

Al Cl

] [
1
0

]
x

Note that in the LatTE model, we used fin(x) = [x; 0] and fout([y; ȳ]) = y as the expansion and
compression function for simplicity.

We consider the following quantity:
∥∥∥∥∥
[
1 0

] L∏

l=1

[
Wl Bl

Al Cl

] [
1
0

]
−W

∥∥∥∥∥. (4)

With the subtraction, all terms inside the norm can be rearranged as the following L− 1 terms:

[
1 0

] L∏

l=2

[
Wl Bl

Al Cl

] [
0
1

]
A1

+
[
1 0

] L∏

l=3

[
Wl Bl

Al Cl

] [
0
1

]
A2W1

...

+
[
1 0

] [WL BL

AL CL

] [
WL−1 BL−1

AL−1 CL−1

] [
0
1

]
AL−2

L−3∏

l=1

Wi

+
[
1 0

] [WL BL

AL CL

] [
0
1

]
AL−1

L−2∏

l=1

Wi.

Now let us define the error matrix E as E ≡ W −∏L
l=1Wl. Using SVD:

E = UDV ⊤ = UDI1:R(L−1)V
⊤ +∆E

=
L−1∑

l=1

UDIR(l−1)+1:RlV
⊤ +∆E

≡
L−1∑

l=1

E′
l +∆E, (5)

where I is the identity matrix. Note that all E′
l’s have a rank of R.

We assign each E′
l’s to the L− 1 terms in the expansion of Eq. (4). Then the last equation becomes

BLAL−1
∏L−2

l=1 Wi = EL−1, and thus, BLAL−1 = EL−1

(∏L−2
l=1 Wi

)−1
. Assuming that the inverse
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exists, since the right-hand side of the equation is of rank R, it can be decomposed to BL ∈ Rd×R and
AL−1 ∈ RR×d. One example of the decomposition can be achieved by SVD.

For simplicity, let us assume all C = 0. This does not affect the claim of the theorem, because setting
C = 0 can only decrease the expressive power of LatTE. With this simplification, we can write all

other pairwise product of A and B matrices in a closed form: BL−1AL−2 = W−1
L EL−2

(∏L−3
l=1 Wi

)−1
,

BL−2AL−3 = (WLWL−1 +BLAL−1)
−1EL−3

(∏L−4
l=1 Wi

)−1
, · · · . The existence of the left-hand side

decomposition is guaranteed by SVD.
This proves that

min

∥∥∥∥∥
[
1 0

] L∏

l=1

[
Wl Bl

Al Cl

] [
1
0

]
−W

∥∥∥∥∥ = σRL−R+1(E), (6)

where σi(E) indicates the i-th largest singular value of E.
Zeng and Lee (2024) shows the same equation as Eq. (6) for LoRA, which proves that LoRA and LatTE

has identical expressivity for linear models.
Theorem 2. Any attention matrix produced by LoRA can be represented as an attention matrix from

LatTE, given that x̄ is a linear transform of x.
Proof.
i) Attention matrix of LoRA:

x⊤
(
(Wk +∆Wk)

⊤(WQ +∆WQ)
)
x

=x⊤
(
(Wk + b⊤k a

⊤
k )

⊤(WQ + aQbQ)
)
x (7)

ii) Attention matrix of LatTE:

[
x⊤ x̄⊤

] [W⊤
K A⊤

K

B⊤
K C⊤

K

] [
WQ BQ

AQ CQ

] [
x
x̄

]

=x⊤(W⊤
KWQ +B⊤

KBQ)x+ x⊤(W⊤
KAQ +B⊤

KCQ)x̄

+x̄⊤(A⊤
KWQ + C⊤

KBQ)x+ x̄⊤(A⊤
KAQ + C⊤

KCQ)x̄ (8)

We claim that any LoRA attention can be expressed by LatTE attention. Let AQ = aQ, AK = aK ,
BQ = a⊤KWQ, CQ = a⊤KaQ, BK , CK satisfies BK + CKbQ = bK − bQ, and x̄ = bQx. Note that the
solution for BK + CKbQ = bK − bQ always exists since BK = bK and CK = −1r (identity matrix)
satisfies the condition.

Then the LatTE attention becomes:

x⊤(W⊤
KWQ +B⊤

KBQ +W⊤
KaQbQ +B⊤

KCQbQ

+ b⊤Qa
⊤
KWQ + b⊤QC

⊤
KBQ + b⊤Qa

⊤
KaQbQ + b⊤QC

⊤
KCQbQ)x

=x⊤(W⊤
K + b⊤Ka⊤K)(WQ + aQbQ)x

+ x⊤((bQ − bK)⊤a⊤KWQ + (bQ − bK)⊤a⊤KaQbQ

+ (BK + CKbQ)
⊤BQ + (BK + CKbQ)

⊤CQbQ)x

(9)

The second term identically vanishes with CQ = a⊤KaQ, BQ = a⊤KWQ and BK + CKbQ = bK − bQ.
This proves any LoRA attention matrix can be expressev as LatTE attention matrix assuming x̄ is a linear
transform of x.
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B More Results on Language Tasks

Here we provide additional experimental results on the LLMs.

B.1 Ablation in embedding size (r)

We present an ablation on the embedding size, from r = 8 to r = 32, in Table 5. These are Qwen2.5-7B
results on the commonsense QA task, and the adapters are applied to half of the layers.

Rank Fintuning
Accuracy

OBQA BoolQ PIQA SIQA Hella. Wino. ARC-e ARC-c ave.

8

Prompt 85.60 85.55 76.18 76.01 78.65 67.68 95.64 88.44 81.72
Serial 89.95 88.43 88.07 79.18 91.89 80.82 95.62 89.40 87.92

Parallel 90.44 88.70 88.66 78.36 92.27 82.04 95.35 88.72 88.07
OFT 90.30 88.65 87.46 78.21 90.40 80.51 96.40 90.38 87.79

BOFT 90.00 88.43 87.60 78.25 91.13 80.62 96.35 90.02 87.80
LoRA 90.90 89.27 88.97 78.45 92.42 82.87 95.81 88.91 88.45

LatTE-m 92.10 89.21 88.52 78.80 92.67 82.20 95.56 89.80 88.61
LatTE-w 91.20 89.44 88.74 79.72 92.56 82.46 95.95 89.44 88.69

16

Prompt 87.95 85.24 86.60 76.67 76.44 66.75 96.39 89.23 83.16
Serial 89.64 87.98 87.91 79.30 91.66 81.14 95.79 89.57 87.87

Parallel 90.90 88.32 87.85 79.11 91.94 80.27 95.63 89.29 87.92
OFT 90.35 88.49 88.40 79.49 91.89 82.20 96.32 89.78 88.36

BOFT 90.00 88.43 87.60 78.25 91.13 80.62 96.35 90.02 87.80
LoRA 91.10 89.05 88.29 78.68 92.67 83.09 95.57 89.38 88.48

LatTE-m 91.70 98.34 88.79 79.45 92.20 83.80 95.91 89.69 88.86
LatTE-w 91.20 89.26 88.55 78.90 91.94 83.19 95.76 90.17 88.62

32

Prompt 85.80 83.75 86.28 76.26 70.95 62.49 96.03 88.82 81.30
Serial 89.50 88.29 87.99 79.35 91.64 80.80 95.80 89.68 87.88

Parallel 90.70 88.52 88.15 79.55 92.00 80.60 95.75 89.31 88.07
OFT 90.55 89.20 88.48 79.26 92.20 83.28 96.26 89.93 88.65

BOFT 91.50 89.32 88.23 79.08 92.37 83.11 96.37 89.68 88.71
LoRA 91.64 89.14 89.01 78.43 92.64 83.52 95.40 88.78 88.57

LatTE-m 92.04 89.33 88.69 80.12 92.21 82.32 96.30 90.27 88.91
LatTE-w 92.44 89.07 88.69 79.93 92.29 82.64 96.02 90.34 88.93

Table 5: Accuracy results on the commonsense QA benchmark, different axuiliary embedding size. Adapters are
applied to half of the layers.

B.2 Equal-parameter and cross-layer ablations

Table 6 reports the per-benchmark accuracies for the equal-parameter and cross-layer ablations discussed
in Section 4.3.

Method OBQA BoolQ PIQA SIQA Hella. Wino. ARC-e ARC-c ave.

LoRA 86.79 86.63 86.82 79.21 92.98 82.58 94.10 83.61 86.59
LatTE-w 87.22 87.84 86.34 80.14 92.68 83.00 94.19 83.70 86.89
LatTE-w w/o C 87.25 87.46 86.63 80.46 92.79 82.76 94.50 83.98 86.98
LatTE-w w/o cross-layer (1) 84.87 85.85 86.58 78.33 92.45 81.65 93.92 83.15 85.85
LatTE-w w/o cross-layer (2) 84.87 86.01 87.05 79.26 92.37 81.40 93.78 82.79 85.94

Table 6: Equal-parameter and cross-layer ablations on commonsense QA with Qwen2.5-3B. All rows were re-run in
a single fixed environment and seed, so the LoRA and LatTE-w rows differ slightly from Table 1. “w/o C” sets
C = 0, making the trainable parameter count identical to LoRA’s. The cross-layer variants apply fin/fout at every
layer boundary, removing cross-layer transport of the auxiliary state; variant (1) uses fout([y; ȳ]) = y and variant (2)
uses fout([y; ȳ]) = y +Bȳ, both with fin(x) = [x; c].

60290



B.3 Effectiveness in larger models

To ensure LatTE is effective across different model sizes, we add an experiment on Qwen2.5-14B in
Table 7. These are results on the commonsense QA task, and the adapters are applied to half of the layers.
The results show that LatTE is effective in Qwen2.5-14B, and suggests that its effectiveness compared to
LoRA will not scale over parameter size.

Model Fintuning
Accuracy

OBQA BoolQ PIQA SIQA Hella. Wino. ARC-e ARC-c ave.

Qwen2.5-14B
LoRA 94.20 90.30 91.07 81.41 93.85 87.04 97.61 93.28 91.09

LatTE-m 94.10 90.31 91.01 80.90 94.07 87.12 97.63 93.58 91.09
LatTE-w 94.10 90.47 91.57 81.12 94.09 87.25 97.54 93.75 91.24

Table 7: Accuracy results on the commonsense QA benchmark for Qwen2.5-14B and rank r = 16. Adapters are
applied to half of the layers.

B.4 Quantization

We have verified that LatTE works when quantizing the model. For the new results on Qwen2.5-14B,
with adapters in half of the layers, and r = 16, quantizing to INT8 results are shown in Table 8

Precision Fintuning
Accuracy

Degradation
OBQA BoolQ PIQA SIQA Hella. Wino. ARC-e ARC-c ave.

BF16
LoRA 94.20 90.30 91.07 81.41 93.85 87.04 97.61 93.28 91.09 -

LatTE-m 94.10 90.31 91.01 80.90 94.07 87.12 97.63 93.58 91.09 -
LatTE-w 94.10 90.47 91.57 81.12 94.09 87.25 97.54 93.75 91.24 -

INT8
LoRA 93.76 90.22 90.92 80.67 93.51 86.86 97.50 93.26 90.84 0.27%

LatTE-m 94.24 90.41 91.02 81.01 93.93 86.54 97.47 93.47 91.01 0.09%
LatTE-w 94.04 90.24 91.51 80.67 93.86 87.39 97.48 93.36 91.07 0.19%

Table 8: Quantization results on the commonsense QA benchmark for Qwen2.5-14B and rank r = 16. Adapters are
applied to half of the layers.

B.5 Design Choices

While LatTE does not introduce numerical hyperparameters beyond the rank r, it does involve several
architectural design choices. As discussed in Section3, these include: (1) the implementation of multi-head
attention, (2) the initial expansion function fin(x), and (3) the final compression function fout([y, ȳ]).

In addition to our default settings for fin and fout, we consider several plausible alternatives. For
the expansion function fin, we experiment with fin(x) = [x;0r], where the auxiliary embedding is
an r-dimensional zero vector 0r. For the compression function fout, we test discarding the auxiliary
output, fout([y, ȳ]) = y. fin(x) = [x; pool(x)], where the auxiliary embedding is derived via pooling, and
fout([y, ȳ]) = y + repeat(ȳ) was also considered but showed subobtimal performance. Table 9 reports the
impact of these alternatives on commonsense QA performance.

Design
Accuracy (Qwen2.5-7B)

OBQA BoolQ PIQA SIQA Hella. Wino. ARC-e ARC-c ave.

Baseline (LatTE-w) 92.60 89.49 90.59 80.73 94.67 87.86 97.00 90.25 90.40
LatTE-m 91.84 89.81 90.08 81.28 94.52 87.49 96.74 90.76 90.32
fin(x) = [x;0r] 90.53 96.56 89.50 92.00 89.61 80.73 94.40 86.50 89.98
fout([y, ȳ]) = y 90.19 96.77 89.86 91.56 89.89 81.12 93.83 85.78 89.88
fin(x) = [x;0r]; fout([y, ȳ]) = y 90.44 96.72 89.77 92.40 89.69 80.30 94.27 86.44 90.00

Table 9: Accuracy results on the commonsense QA benchmark compared across different design choices, including
fin, fout, and the more/wider heads.
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B.6 Epoch-wise performance
For the Commonsense QA task, we measured the performance as a function of epochs (Figure 5). The
LatTE variants show fast convergence to peak performance compared to other methods.

Figure 5: Epoch-wise performance for QA task.

C Text-to-Image Generation

Finally, we verify that LatTE extends beyond language models by applying it to Stable Diffusion v1.5 for
subject-driven generation. Specifically, we use DreamBooth (Ruiz et al., 2023) dataset on Stable Diffusion
v1.5 and test LoRA and LatTE’s adaptation to subject-driven generation. We follow the default settings of
the Huggingface Diffusers library for LoRA finetuning and applied LatTE to the idential positions, which
are the attention blocks of the U-net (Ronneberger et al., 2015).

The qualitative results are shown in Figure 6. LatTE successfully captures subject details (e.g., specific
dog breeds or objects) with high fidelity, comparable to LoRA. Crucially, this confirms that the “auxiliary
representation” paradigm is model-agnostic and can be effective in continuous, spatial signal processing
contexts as well as discrete token processing.

Note that unlike transformers, the convolution layers in the Stable Diffusion v1.5 (and other similar
latent diffusion models) changes its latent dimension frequently. To effectively apply LatTE in these
models, one needs to skip-connect the auxiliary dimension across convolution layers to avoid multiple
expansion (fin) and compression (fout).
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Figure 6: Subject-driven generation of LoRA and LatTE. All examples share the same seed for the two methods.
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