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Abstract

Large language model serving costs scale di-
rectly with output sequence length, yet stan-
dard preference alignment often inflates re-
sponse verbosity without improving utility. We
study whether the parameterization of post-
training updates affects generation length: low-
rank subspaces alter sequence length without
modifying the alignment loss. We present
LOCUS, a method that selects a task-aware
low-rank adaptation subspace to minimize
output-token cost subject to a utility con-
straint. Within this subspace, post-training
retains the native preference objective with a
frozen backbone. Across Anthropic HH-RLHF
dialogue preferences, we evaluate two ~3B
decoder backbones, Pythia-2.8B and Qwen2.5-
3B, against protocol-matched full-parameter
DPO and DrDPO branches and the released
SamPO checkpoint. LOCUS reduces continu-
ation length by up to 39.84% on Pythia-2.8B
and by 14.87-17.58% on Qwen2.5-3B while
updating only 0.24-0.28% of model parame-
ters, with no material change in the internal
preference diagnostic.

1 Introduction

Serving large language models requires substantial
computational and memory resources, with per-
request latency and serving expenses governed by
the number of autoregressively generated output
tokens (Pope et al., 2023; Kwon et al., 2023). In
production environments, each additional decoded
token requires an iterative forward pass through the
entire model depth, consuming memory bandwidth
and expanding key-value cache storage (Leviathan
et al., 2023; Dao et al., 2022). Consequently, gener-
ating overly verbose responses directly diminishes
operational throughput and escalates deployment
costs. Developing techniques that produce concise
generations while maintaining strict answer quality
represents a central objective for practical language
model serving.

Post-training preference alignment methods
align models with human values (Ouyang et al.,
2022; Rafailov et al., 2023). Algorithms such as Di-
rect Preference Optimization (Rafailov et al., 2023),
Distributionally Robust DPO (Wu et al., 2025), and
down-sampled divergence methods (Lu et al., 2024)
successfully steer model outputs toward preferred
behaviors. However, when optimized across all
backbone parameters, these objectives frequently
suffer from verbosity bias, wherein models learn
that longer responses correlate with higher prefer-
ence scores (Singhal et al., 2024; Saito et al., 2023;
Park et al., 2024). These observations motivate
examining whether the parameterization of pref-
erence updates affects generation length under an
unchanged objective.

Prior attempts to curtail output length typically
introduce ad-hoc regularizers or prompt modifica-
tions, yet these interventions exhibit clear deficien-
cies. Methods that apply heuristic length penal-
ties or negative length rewards risk distorting the
underlying preference formulation, leading to pre-
mature termination or degraded response quality
(Li et al., 2026). Similarly, prompting models for
conciseness relies on fragile instruction following
that degrades under distribution shifts (Zhou et al.,
2023). These approaches modify the learning ob-
jective or inference interface, leaving the effect of
update parameterization on output length open to
investigation.

Our insight toward this problem is that the pa-
rameterization of post-training updates can affect
output-length dynamics: low-rank adaptation sub-
spaces can alter sequence length without modify-
ing the alignment objective. Low-rank adaptation
(LoRA) (Hu et al., 2022) confines trainable updates
to factorized matrices, making the update subspace
a concrete variable for studying generation length.
By freezing the pretrained backbone and confining
parameter updates to structured low-rank trajec-
tories, the model lands on a materially different
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Figure 1: Token and accuracy summary on Pythia-2.8B.

quality-token operating point under the exact origi-
nal preference loss.

This paper turns the above insight into a post-
training method, namely Length Optimization for
Concise Utility-Preserving Sequences (LOCUS).
LOCUS selects a task-aware low-rank adaptation
subspace on development data to minimize output-
token cost subject to a utility constraint. Within
each candidate subspace, adaptation uses the na-
tive post-training objective with a frozen backbone.
LOCUS leaves the underlying loss formulation in-
tact: it adds no length normalization beyond what
a native objective already specifies, no explicit to-
ken penalty, and no brevity prompting. With the
objective fixed, LOCUS treats the low-rank sub-
space configuration (spanning adapter rank, mod-
ule placement, layer scope, and training checkpoint
step) as a structured design variable.

Figure 1 summarizes the primary empiri-
cal results of LOCUS across three preference-
optimization objective families on the Anthropic
Helpful and Harmless (HH) benchmark (Bai et al.,
2022) using Pythia-2.8B (Biderman et al., 2023).
Across the three HH comparisons on Pythia-2.8B,
LOCUS reduces continuation tokens by 20.73%
under DPO, 25.29% under DrDPO, and 39.84% un-
der SamPO with negligible accuracy deltas (< 0.13
pp), updating only 0.28% of parameters. Further-
more, controlled DPO and DrDPO comparisons
on Qwen2.5-3B (Yang et al., 2024) show 14.87%
and 17.58% token reductions, respectively, under
0.24% trainable parameters.

In summary, this paper makes the following con-
tributions:

* We formulate token-efficient preference post-
training as a task-aware low-rank subspace
selection problem subject to an explicit utility
constraint. The formulation preserves the na-
tive alignment objective; Section 3 defines the
problem and selection procedure.

* We analyze the trainable-parameter count and
the exact inference-time equivalence between
unmerged and merged low-rank updates. Sec-
tion 4 gives the propositions, proofs, and pa-
rameter accounting.

* We evaluate LOCUS on Anthropic HH-RLHF
dialogue preferences with two ~3B decoder
backbones, Pythia-2.8B and Qwen2.5-3B,
against protocol-matched full-parameter DPO
and DrDPO branches and the released SamPO
checkpoint. The protocol-matched branches
yield 25.29% and 17.58% DrDPO reductions
on Pythia-2.8B and Qwen2.5-3B, and contin-
ued SamPO adaptation yields 39.84%, using
a small trainable subspace; the complete pro-
tocol and results appear in Section 5.

2 Related Work

Preference Optimization and Alignment. Pref-
erence alignment techniques train language mod-
els to align with human preferences using pair-
wise comparison data. Reinforcement Learning
from Human Feedback (Christiano et al., 2017,
Stiennon et al., 2020; Ouyang et al., 2022) opti-
mizes reward models using policy gradient tech-
niques. Direct Preference Optimization (Rafailov
et al., 2023) eliminates the separate reward mod-
eling stage by deriving a closed-form substitution
of the reward function into the policy objective.
Subsequent methods extend direct preference op-
timization through alternative objectives. For ex-
ample, IPO (Azar et al., 2024) introduces regu-
larized linear losses, whereas KTO (Ethayarajh
et al., 2024) models prospect theory. DrDPO (Wu
et al., 2025) instead addresses reference distribu-
tion shifts. Prior methods optimize objectives in
the full parameter space or modify the loss formu-
lation; LOCUS preserves the native preference loss
while altering only the optimization subspace.

Length Bias and Output Conciseness. Lan-
guage models aligned through preference optimiza-
tion frequently develop severe length bias, gener-
ating unnecessarily long responses to maximize
rewards (Singhal et al., 2024; Saito et al., 2023;



Dubois et al., 2023). Several studies investigate this
phenomenon: LR-DPO (Park et al., 2024) disentan-
gles length from quality through score adjustments,
while SamPO (Lu et al., 2024) down-samples ref-
erence sequence length to diminish length reliance.
GR3 (Li et al., 2026) applies group relative reward
rescaling during reinforcement learning to alleviate
length inflation. Prior approaches introduce ad-
hoc length regularization terms or heuristic prompt-
ing that distort the target preference distribution,
whereas LOCUS achieves token efficiency through
subspace parameterization without modifying the
underlying objective.

Parameter-Efficient Fine-Tuning. Parameter-
efficient fine-tuning (PEFT) adapts large language
models by updating a small subset of parameters
while freezing base weights. Prominent method-
ologies include adapter insertion (Houlsby et al.,
2019), prefix tuning (Li and Liang, 2021), prompt
tuning (Lester et al., 2021), and low-rank adapta-
tion (Hu et al., 2022). Recent works expand low-
rank tuning through quantization (Dettmers et al.,
2023), weight decomposition (Liu et al., 2024), and
adaptive rank allocation (Zhang et al., 2023). Theo-
retical investigations establish that language model
adaptation possesses low intrinsic dimensionality,
indicating that overparameterized updates are re-
dundant for task learning (Aghajanyan et al., 2021;
Sharma et al., 2024). Conventional parameter-
efficient tuning treats low-rank adaptation solely as
a resource-saving approximation to full fine-tuning;
in contrast, LOCUS treats the adaptation subspace
as a Pareto design variable to control generation
length while preserving task utility.

3 Methodology

Figure 2 summarizes the LOCUS procedure in
three stages. First, LOCUS attaches low-rank
adapters to selected modules. The pretrained back-
bone remains frozen, which confines parameter
updates to those adapters. The adapters are then
trained with the original preference objective, al-
lowing the experiment to test whether the update
parameterization changes generation length with-
out adding a length penalty or changing the loss.
Second, LOCUS trains a small set of candidate
adapters that differ in rank, target modules, target
layers, or training step. It evaluates each candidate
on development data and selects the shortest one
that stays within the allowed utility difference from
the baseline. When a confirmation split is available,
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Figure 2: LOCUS procedure from native-objective train-
ing to selected low-rank deployment.

the selected adapter must pass that check before
the held-out test evaluation.

Finally, LOCUS prepares the selected adapter
for inference. The adapter can be merged into the
backbone for a single deployment, or kept separate
when one backbone serves multiple task adapters.
The formal notation used in Figure 2, together with
the native DPO and DrDPO objectives, is defined
in Section 3.1.

3.1 Objective-Preserving Adaptation

We denote an input prompt by x € X and an
autoregressively generated continuation by y =
(y1,92,-..,yr) € Y. We consider an autoregres-
sive language model parameterized by frozen pre-
trained backbone weights 1V, € R% %% Given a
task dataset D with pairwise preference compar-
isons (x, Yy, y;), where y,, denotes the preferred
response and ¥; denotes the dispreferred response,
standard alignment methods optimize a base ob-
jective Lpase(0) across all model parameters. For
example, under Direct Preference Optimization
(Rafailov et al., 2023), defining the implicit reward

proxy rg(z,y) = Blog[me(y | x)/mret(y | )], the



Algorithm 1 LOCUS Subspace Selection

Require: ﬁbase, WO, 'D;rain’ D§817 ,Dgonf7 €, c
Ensure: Selected adapter ¢* and policy 7~
1: Q?ase + EvalUtility (mbase, Diel)
2: forc € Cdo A
AW, < Train(Lyase, Wo, Di*™, ¢)
(T (c), Qi(c)) + Eval(me, Di*")
end for
¢ Creas {C ecC ‘ Qt(c) > Q?ase _ €t}
¢* + argmincee,,,. Ti(c
if DEOmf exists then .
(Tconf, QCOnf) < Eval(wc* , Dgont)
10: Q?ﬁﬁ? + EvalUtility (7base, Dgonf )
11: Thase EValLength(ﬂ-base,Dgonf)
120wt [Qeont > QPF — ]
130 L4 [Teont < THXF]
14:  ifu A/ then

R A

15: return Frozen adapter ¢* and model 7.+
16: else

17: return Fallback baseline mpase

18: end if

19: else

20: return Unconfirmed adapter ¢*

21: end if

objective is:

- T@(l‘, yl))] )

ey
where 8 > 0 controls the divergence penalty from
the reference policy m..¢. The function o denotes
the sigmoid. Under Distributionally Robust DPO
(Wu et al., 2025), the objective robustifies against
sample-level reference divergence:

Lppo(0) = —Ep [log o (re(z, yu)

B
1 _ /
Lpippo(#) = —F'log <B Z e 018 ) , (2)
i=1

where ¢;(0) denotes the individual pairwise loss for
sample ¢ in a microbatch of size B. The parameter
B’ controls distributional robustness.

In LOCUS, we leave the native objective L g0
strictly intact. We restrict trainable updates through
the LoRA parameterization in Eq. (3):

W:WO+AW:W0+%BA, 3)

where A € R™% ~ N(0,0%) and B € R4*"
is zero-initialized. The adaptation uses rank
r < min(dy,ds) with scaling factor . We de-
fine an adaptation subspace configuration as a tu-
ple ¢ = (r,a,P,L,s) € C. The sets P C
{Q,K,V,O,MLP} and £ C {1,...,L} specify
the targeted weight modules and layer indices, re-
spectively. For these targets, s identifies the train-
ing optimization checkpoint step. The resulting
selection procedure is summarized in Algorithm 1.

It first measures baseline utility on the task’s selec-
tion split. Each candidate adapter is then trained
with the same native objective and evaluated on
that split for continuation length and preference
utility. LOCUS discards candidates whose utility
falls beyond the allowed tolerance, then selects the
shortest remaining candidate. When a confirmation
split is available, the selected candidate must also
reduce length without exceeding the utility toler-
ance; otherwise, LOCUS falls back to the baseline.
If no confirmation split is available, the selected
adapter is returned as unconfirmed.

3.2 Task-Aware Constrained Selection

Different subspace configurations ¢ € C produce
distinct behavioral trajectories during autoregres-
sive decoding. Define T} (c) as the mean continua-
tion token length produced by configuration c under
greedy decoding on task ¢. The corresponding task
utility is denoted by @Q;(c). For candidate selection,
Q:(c) is evaluated using held-out chosen-versus-
rejected sequence log-probability preference accu-
racy over (x, Y, Y1) € Dy:

Qi(c) = -

| Dy

Z I(7e(yw | ) > melyr | ).
(z,yw,91)
4)

LOCUS identifies the optimal adaptation config-
uration c; by solving a constrained minimization
problem:

¢; = argmin Ti(c) )
subject to Q;(c) > QP* — ¢,

where QP®° is the benchmark utility achieved by
the protocol-appropriate baseline on the same task.
The tolerance ¢; > 0 specifies the allowed utility
decrease from that baseline (set to 1.0 percentage
points in this work).

To prevent split overfitting, LOCUS partitions
development data into disjoint selection (D5) and
confirmation (D§°") splits. Candidate configura-
tions in C are screened on Dfel via Eq. (5); when
available, the top candidate c* is verified on Dfonf

before being frozen for held-out evaluation.

3.3 Complexity and Serving Modalities

The trainable parameter and optimizer-state foot-
print of LOCUS scales with the low-rank factors.
For a targeted module, low-rank adaptation exposes
r(d1 + d2) trainable entries; full-parameter adapta-
tion exposes d;ds. Consequently, gradient storage



and optimizer states shrink with the trainable set.
Under an Adam-style two-state optimizer, the pri-
mary adapter requires two state tensors over 7.86M
entries for Pythia-2.8B or 7.37M for Qwen2.5-3B.
This accounting assumes two optimizer states per
trainable entry; actual state storage depends on
each experiment’s optimizer. Because the frozen
backbone also requires forward computation and
activation backpropagation, total memory and train-
ing FLOPs require separate assessment.

During serving, LOCUS supports two deploy-
ment modalities. In single-tenant deployments,
low-rank weights are pre-merged via W* = Wy +
2 B* A* prior to execution, incurring zero adapter-
induced latency or parameter overhead. In multi-
tenant deployments, a single frozen backbone dy-
namically serves multiple task adapters, though
active adapters retain bookkeeping and memory
overhead not benchmarked here.

4 Analysis

4.1 Trainable Parameterization

Because LOCUS restricts every update to a low-
rank subspace, the size of that restriction deserves a
precise statement. Full-parameter fine-tuning gives
the optimizer one free parameter per entry of a
weight matrix, whereas the low-rank parameteriza-
tion gives it only the entries of the two factors: on
a 2560 x 2560 module at r = 16, 81,920 trainable
entries rather than 6,553,600. The proposition be-
low states the count for a general module, with the
remark that follows bounding what the count can
be taken to mean.

Proposition 1 (Trainable parameter-count reduc-
tion). Let W € RN %% pe q targeted linear mod-
ule and let r be a positive integer. Full-parameter
fine-tuning exposes dydy trainable scalar entries,
whereas the LoRA parameterization W = Wy +
(a/7)BA, with fixed Wy, fixed o # 0, B € RI*",
and A € R"™%  exposes r(dy + dg) trainable
factor entries. Thus the factor parameterization
has fewer exposed trainable entries exactly when
T(dl + Clz) < dids.

Proof. The complete proof, including the distinc-
tion between exposed factor entries and the intrin-
sic dimension of the represented update set, is given
in Appendix A. O

Remark 1 (Interpretation of the count). The propo-
sition is an implementation-level parameter-count

statement. It does not claim that the low-rank fac-
tors select particular semantic or verbosity-specific
directions, nor that the count alone determines gen-
eration length, preference accuracy, total memory,
or training speed.

For the selected Pythia-2.8B attention config-
uration (L = 32,d = 2560,r = 16), the com-
bined adapter accounts for Ny, = Lr((3d +
d) + (d + d)) = 7,864,320 trainable parameters
(0.2826% of the model). Similarly, for Qwen2.5-
3B (L = 36,r = 16 on q_proj, k_proj, v_proj,
o_proj), the adapter comprises 7,372,800 train-
able parameters (0.2383% of 3.09B). These cal-
culations explain the parameter counts in Table 1.
Translating those counts into end-to-end memory
or latency requires measurements of the execution
path.

4.2 Inference-Time Merge Equivalence

A second property is required for the deployment
discussion: after training, LOCUS may either keep
an adapter branch or merge its update into the cor-
responding frozen linear module. The following
proposition identifies the exact condition under
which these two inference representations compute
the same function.

Proposition 2 (Exact equivalence after adapter
merging). Consider a linear module with input h,
frozen weight Wy, and a LoRA update (/1) BA.
At inference time, with adapter dropout disabled,
the unmerged computation and the computation
using the merged weight W* = Wy + (a/r)BA
produce exactly the same module output for every
input h.

Proof. The complete algebraic proof and its as-
sumptions are given in Appendix A. O

Remark 2 (Scope of merge equivalence). The equal-
ity concerns the output of a linear module in infer-
ence mode. Deployments that produce this same
output can have different latency and memory costs
because an unmerged adapter adds computation
and bookkeeping. Furthermore, finite-precision or
quantized implementations may introduce small
numerical differences.

5 [Evaluation

5.1 Experimental Setup

Backbones. We evaluate LOCUS on two
decoder-only backbone families at roughly 3B pa-
rameter scale: Pythia-2.8B (Biderman et al., 2023),



based on GPT-NeoX (Black et al., 2022), and
Qwen2.5-3B (Yang et al., 2024), a modern Llama-
style architecture with grouped-query attention,
SwiGLU (Shazeer, 2020), and RMSNorm (Zhang
and Sennrich, 2019). Appendix Table 1 details
the architectural differences and target modules for
each backbone.

Baselines. We compare LOCUS with a protocol-
matched full-parameter branch while fixing the
training pool, starting checkpoint, native objective,
and data splits. Controlled DPO (Rafailov et al.,
2023) and DrDPO (Wu et al., 2025) first train a
shared full-parameter supervised fine-tuned (SFT)
checkpoint, then compare full-parameter prefer-
ence optimization with low-rank LOCUS from
that checkpoint. SamPO (Lu et al., 2024) instead
continues from the official released Pythia-2.8B
HH-RLHF Iterative SamPO checkpoint, while
Qwen2.5-3B repeats the shared-SFT comparison
under both native objectives. Appendix Table 2
makes every starting point and branch parameteri-
zation explicit.

Datasets. Primary evaluation uses Anthropic
Helpful and Harmless (HH-RLHF) (Bai et al.,
2022), an open-ended multi-turn dialogue pref-
erence benchmark. DPO and DrDPO use 8,552
frozen test pairs, while SamPO uses its established
256-example split. The additional datasets are An-
thropic HH-RLHF harmless-base for safety re-
fusal and Orca DPO (Mukherjee et al., 2023) for
single-turn instruction following. Each uses a sepa-
rate 256-example development evaluation; neither
is presented as an external test result. Appendix
Table 3 records these roles.

Platform. All training and inference runs use one
NVIDIA A100-PCIE-80GB GPU with bfloatl16
mixed precision. Activation checkpointing is en-
abled for the DPO and DrDPO full-parameter runs
with 512-token sequences, whereas the SamPO
comparison follows the published recipe. The ap-
proximately 3B scale makes the full-vs-low-rank
protocol reproducible on this hardware.

Metrics. We measure continuation length and
held-out preference accuracy. Generation
uses greedy decoding (do_sample = False,
max_new_tokens = 256). We count continuation
tokens exclusive of the end-of-sequence (EOS) to-
ken and record 256-token limit hits. Preference ac-
curacy compares chosen and rejected sequence log-
probabilities under the evaluated policy (Eq. (4)).
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We choose this metric because fixed preference
labels and an explicit scoring rule enable repro-
ducible model comparisons.

5.2 Baseline Comparisons

Figure 3 reports the measured 250-, 500-, and
750-step selection-dev checkpoints for DPO and
DrDPO, with full-parameter baselines at 146.76
and 150.48 tokens. For DPO on Pythia-2.8B, both
branches train on 160,544 Anthropic HH pairs
with = 0.1 from the same SFT checkpoint;
DPO-FULL updates all weights, whereas DPO-
LOCUS uses a low-rank adapter. On the 8,552
frozen test pairs, LOCUS reduces mean continua-
tion length from 137.67 to 109.12 tokens (20.73%)
and changes preference accuracy from 48.40% to
48.39% (—0.01 pp), using 7,864,320 trainable pa-
rameters (0.2826%). Despite nonmonotonic tra-
jectories, utility-constrained selection chooses step
750 in both comparisons.

Figure 4 presents the continuation-length CDF
across the 8,552 frozen test prompts. Under Dis-



tributionally Robust DPO (DrDPO) on Pythia-
2.8B (Wu et al., 2025), DRDPO-FULL updates
all weights while DRDPO-LOCUS updates only
its adapter from the same SFT checkpoint, using
B = 0.1 and #/ = 1.0. LOCUS reduces mean
length from 145.61 to 108.79 tokens (25.29%)
and changes preference accuracy from 48.39% to
48.26% (—0.13 pp); the selected step-750 candi-
date reaches 26.70% reduction on selection-dev.
The median falls from 100 to 52 tokens under DPO
and from 125 to 52 under DrDPO, while limit hits
fall by 24.70% and 30.98%.

For SamPO, LOCUS starts from the official
Pythia-2.8B Anthropic HH Iterative SamPO check-
point (Lu et al., 2024), which incorporates per-
token length normalization into preference opti-
mization. On the 256-example HH evaluation split,
the released checkpoint produces a mean contin-
uation of 132.77 tokens with 53.52% preference
accuracy. We train a low-rank adapter with r = 16
and a = 32 on attention modules under the native
SamPO objective (6 = 0.05). As summarized in
Figure 1 and Appendix Table 4, LOCUS reduces
mean continuation length from 132.77 to 79.88
tokens (52.89 tokens; 39.84%) while preserving
53.52% preference accuracy (A = 0.00 pp).

5.3 Rank Sensitivity

Using the Pythia-2.8B backbone, we measure sen-
sitivity to adapter rank r € {4,8,16,32} on a
64-example Anthropic HH screening subset un-
der attention adaptation with the SamPO objective
(a/r = 2). Rank controls the dimensionality of
the trainable update, so we keep the target modules,
objective, data split, and scaling rule fixed while
varying only 7. This screen uses a separate subset
from the candidate pool C evaluated in Section 5,
so it characterizes rank sensitivity without redeter-
mining that selection. Figure 5 reports the resulting
token changes and internal preference diagnostics.

Because the objective, attention placement, data
split, and step budget are fixed, this screen isolates
the effect of rank within the candidate adapter sub-
space. At rank r = 4, the model exhibits length
inflation (+11.74% tokens), whereas r = 8 pro-
duces a small reduction of 2.32%. The reduction
increases to 15.95% at r = 16 and 25.10% at
r = 32 (Figure 5(a)), so the measured length ef-
fect varies materially across the tested ranks. The
internal preference diagnostic remains 45.31% for
r € {4,8,16} and rises to 46.88% at r = 32 (Fig-
ure 5(b)); within this screen, token reduction there-
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fore does not follow a monotonic change in that
diagnostic.

5.4 Target-Module Ablation

Using Pythia-2.8B, we perform a controlled abla-
tion over which existing linear projections receive
LoRA updates on a 64-example Anthropic HH
screening subset with » = 16, keeping the back-
bone and layer coverage fixed. The five candidate
target sets are query-key-value projections only
(QKYV), attention output projections only (O), their
combination (Attention-All), feed-forward network
projections only (MLP), and all linear projections
(All-Linear).

Figure 6 compares token reduction with trainable
parameter count across the five target sets. QKV
and output-only adaptation yield 8.09% and 4.96%
reductions, while Attention-All reaches 15.95%.
MLP adaptation yields 5.75%; All-Linear reaches
13.88% with 2.7 x more trainable parameters than
Attention-All (20.97M vs. 7.86M). The internal
preference diagnostic remains 45.31% across all
placements.
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Figure 7: Cross-task evaluations.

5.5 Cross-Task Generality

We test whether the measured token reduction ex-
tends beyond the HH dialogue setting when the
preference data and task semantics change. Using
Pythia-2.8B, we evaluate the HH comparison along-
side Anthropic HH-RLHF harmless-base and
the Orca DPO instruction-following dataset (Fig-
ure 7). These evaluations cover dialogue, safety,
and instruction-following settings, each with a task-
specific adapter; the HH row reports the 8,552-pair
frozen-test result, Harmless and Orca DPO each
use a 256-example development split, and the pref-
erence numbers remain internal chosen-vs-rejected
diagnostics rather than external quality evaluations.
Figure 7(a) reports task-specific length changes.
The HH comparison reduces mean continuation
length from 137.67 to 109.12 tokens (20.73%).
The Harmless evaluation reduces it from 137.53
to 102.75 tokens (25.29%), while the Orca DPO
evaluation reduces it from 175.95 to 35.25 tokens
(79.97%). Figure 7(b) reports the corresponding
internal preference diagnostics: HH changes from
48.40% to 48.39% (—0.01 pp), Harmless changes
from 57.03% to 58.20% (+1.17 pp), and Orca DPO
changes from 69.14% to 82.81% (+13.67 pp).

5.6 Cross-Backbone Transfer to Qwen2.5-3B

We test whether the token-reduction effect transfers
across architectural families on Qwen2.5-3B (Yang
et al., 2024), a distinct decoder backbone family
at comparable ~3B scale. Following the identi-
cal experimental discipline, both branches begin
from a single shared full-parameter SFT checkpoint
trained for one epoch on the 160,288 Anthropic
HH training pairs. Candidate low-rank adapters
(r = 16,a = 32 on the attention projections of
all 36 layers; 7.37M parameters, 0.2383%) are
screened on the 256-pair selection split and con-
firmed on a disjoint 256-pair split before frozen

(a) Continuation Tokens (b) Accuracy Delta
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Figure 8: Cross-backbone token and accuracy results.

held-out evaluation.

Figure 8 reports controlled frozen test results
on the 8,552 Anthropic HH test pairs for both
DPO and DrDPO alongside the established Pythia-
2.8B baselines. Under DPO (5 = 0.1), LOCUS
(step 250) reduces mean continuation length from
108.26 to 92.16 tokens (14.87% reduction; median
75 to 51 tokens), while held-out preference accu-
racy changes from 48.69% to 48.64% (—0.05 pp
delta). Under DrDPO (8 = 0.1,3" = 1.0), LO-
CUS (step 500) reduces mean continuation length
from 111.58 to 91.97 tokens (17.58% reduction;
median 81 to 52 tokens), with preference accuracy
changing from 48.64% to 48.55% (—0.09 pp delta).
Both comparisons meet the strong positive crite-
rion of at least 2% token reduction with a utility
delta of at least —1.0 pp.

6 Conclusion

This paper presents LOCUS, which freezes the
pretrained backbone and selects a low-rank adap-
tation subspace while preserving the native prefer-
ence objective. On Anthropic HH-RLHF, we com-
pare LOCUS with protocol-matched full-parameter
DPO and DrDPO branches and with the released
SamPO checkpoint on Pythia-2.8B, then repeat the
comparisons on Qwen2.5-3B. Each comparison
matches the objective, checkpoint, data split, and
decoding protocol, measuring continuation length
and internal chosen-vs-rejected preference accu-
racy. The protocol-matched DrDPO branch yields
25.29% and 17.58% reductions on Pythia-2.8B
and Qwen2.5-3B, and continued SamPO adapta-
tion yields 39.84%, all while updating fewer than
0.3% of model parameters. Additional develop-
ment evaluations extend the measured reductions
to safety and instruction-following data under the
same internal preference diagnostic.



Limitations

LOCUS selects a low-rank adaptation subspace for
post-training, with the following limitations. The
evaluation covers two decoder-only backbone fami-
lies at roughly 3B scale, Pythia-2.8B and Qwen2.5-
3B, under greedy decoding. Larger models and
sampling-based inference remain untested.

The candidate pool C uses four discrete ranks
and coarse projection groupings. Continuous
rank allocation, finer layer selection, and gradient-
informed pruning remain outside the study.

The cross-task evaluations broaden coverage
across dialogue, safety, and instruction following,
but do not predict the reduction available on an
unseen task.
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A Formal Proofs of Propositions 1 and 2

This appendix gives the formal proofs of Proposi-
tions 1 and 2, together with remarks clarifying their
scope.

Proof of Proposition 1. Let W = R%*% denote
the space of matrices that can be updated by a
targeted module. Under full-parameter fine-tuning,
write the update as AW &€ W. For the standard
matrix basis {E;; : 1 < i < di, 1 < j < do},
every update has the unique expansion

di da

AW =)D "5 Eij.

i=1 j=1

The coefficients J;; are independent trainable
scalars. Therefore, the full-parameter representa-
tion exposes exactly d;ds trainable entries.

For LoRA, define the factor parameter space

7) — Rd1><7’ X RTXdQ
and the update map ¢ : P — W by
$(B,A) = ZBA.
r

The first factor contains d;r scalar entries and the
second contains rds scalar entries. Because a/r #
0 is fixed, it introduces no trainable scalar and does
not change the number of entries exposed to the
optimizer. Therefore,

dimentries(P) =dir +rdy = T(dl + d2).

Moreover, for every (B, A) € P and indices 1, j,
o T
(B, A)ij = ; Bir Agj,

so rank(¢(B, A)) < r. This establishes both the
claimed factor-entry count and the rank constraint
on the represented update.

The factorization map need not be injective: for
every invertible G € R"™*",

#(BG,G'A) = %BGG*A = ¢(B, A).

The identity shows that distinct factor pairs can
represent the same matrix. At full-rank factors,
this change-of-basis redundancy has 7% dimensions.
Accounting for that redundancy gives a local di-
mension of r(d; + da — r) for the represented
rank-r manifold. The optimizer stores gradients

and (when applicable) state tensors for the indi-
vidual entries of B and A. Consequently, the
implementation-level trainable-parameter count re-
mains 7(d; + d2).

Comparing this count with the d; dy independent
entries of full fine-tuning gives a strict reduction if
and only if

T’(dl + dg) < dids.
This completes the proof. O

Remark 3 (Interpretation and scope). The propo-
sition is a parameter-count identity; it does not
claim that LoRA projects updates onto semantic
or verbosity-specific singular directions. The usual
initialization with B = 0 makes the initial effective
update zero, while later update directions are deter-
mined by optimization through the factorized pa-
rameterization. Consequently, parameter reduction
alone does not imply a particular change in gen-
eration length, preference accuracy, total memory,
or training speed; those quantities are measured
empirically in Section 5.

Proof of Proposition 2. Let the common bias term,
if present, be b. The unmerged inference path com-
putes

Zunmerged — Woh + %B(Ah) + b.

By associativity and distributivity of matrix multi-
plication,

Zunmerged — <WO + %BA) h+b
=W*h + b = Zmerged-

The equality holds for every admissible input vec-
tor h and does not depend on the values or rank
of B and A, provided r # 0 and the scalar « is
fixed. If the module is embedded in a deterministic
downstream network whose parameters and sub-
sequent operations are unchanged, equal module
outputs induce equal downstream activations and
logits by composition. The condition that adapter
dropout is disabled is required because a stochastic
dropout mask inserted into the unmerged branch is
not represented by the fixed merged matrix. O

Remark 4 (Deployment scope). The result es-
tablishes exact algebraic equivalence for a sin-
gle merged linear module in inference mode. It



does not establish an end-to-end systems bene-
fit: an unmerged multi-tenant deployment still in-
curs adapter-specific computation and bookkeep-
ing, while numerical effects from quantization or
finite-precision operation order may produce small
implementation-level differences.

B Experimental Reference Tables

Table 1 describes the two backbone architec-
tures and their attention-adapter parameterizations.
Pythia uses fused query-key-value projections,
whereas Qwen uses separate query, key, and value
projections with grouped-query attention. Conse-
quently, the same attention-adaptation scope ex-
poses different parameter counts: 7.86M for Pythia
and 7.37M for Qwen. The table relates these counts
to the module layouts used in the cross-backbone
comparison.

Table 2 defines the starting checkpoint and up-
date parameterization of each comparison branch.
For controlled DPO and DrDPO, both branches
start from a shared full-parameter SFT check-
point and retain the same native preference ob-
jective. The full-parameter branch updates the
backbone, whereas LOCUS updates its low-rank
adapter. The SamPO row identifies a separate
continued-adaptation comparison against the of-
ficial released checkpoint.

Table 3 distinguishes the training pools, devel-
opment splits, and final evaluation sets. The con-
trolled HH comparisons use development data for
selection, with separate confirmation where spec-
ified, before evaluation on the 8,552 frozen test
pairs. The SamPO comparison uses its established
256-example evaluation split. The additional An-
thropic Harmless and Orca DPO rows identify the
safety-refusal and instruction-following datasets.
Their evaluation scope is limited to the correspond-
ing 256-example development splits; no external
frozen-test claim is made for these rows.

C Additional Experimental Results

This appendix records the primary HH compar-
isons and the cross-task development evaluations
reported in Section 5. Table 4 consolidates the pri-
mary Anthropic HH comparisons across both back-
bone families and the three preference objectives.
For DPO and DrDPO, both branches start from
the same SFT checkpoint; for SamPO, LOCUS
adapts the released SamPO checkpoint. The table
reports the measured token and internal preference-

diagnostic changes without introducing an addi-
tional evaluation protocol.

Table 5 gives the exact values behind the cross-
task comparison. The Anthropic Helpful and Harm-
less row reproduces the 8,552-pair frozen-test re-
sult from Table 4; the Harmless and Orca DPO
rows use 256-example development evaluations.
In every row, the preference values are internal
chosen-vs-rejected diagnostics rather than external
quality measurements.



Backbone Architecture LOCUS targets Trainable parame-

ters
Pythia-2.8B GPT-NeoX; 32 layers; hidden size Fused QKV and attention output mod- 7.86M (0.2826%).
2560; parallel attention/MLP blocks. ules.
Qwen2.5-3B Modern Llama-style architecture; 36  Separate q_proj, k_proj, v_proj, and 7.37M (0.2383%).
layers; hidden size 2048; grouped- o_proj.
query attention; SwiGLU; RM-
SNorm.
Table 1: Backbones and backbone-specific LOCUS parameterizations.
Comparison Starting point Full-parameter branch Low-rank LOCUS branch
Pythia DPO Shared full-parameter SFT.  Full-parameter DPO with native Low-rank DPO with same objec-
objective. tive and splits.
Pythia DrDPO Shared full-parameter SFT.  Full-parameter DrDPO with native Low-rank DrDPO with same ob-
objective. jective and splits.
Pythia SamPO Official released SamPO Not a same-SFT comparison. Continued low-rank adaptation
checkpoint. under native SamPO.
Qwen DPO/DrDPO  Shared full-parameter SFT.  Full-parameter DPO/DrDPO. Low-rank LOCUS; selection

and confirmation precede frozen
test evaluation.

Table 2: Full-parameter and low-rank branches used in the primary comparisons.

Dataset / protocol Training pool Selection / confirmation Frozen evaluation
HH / Pythia DPO 160,800-pair pool. One 256-example development 8,552 test pairs.
split.
HH / Pythia DrDPO 160,800-pair pool. Disjoint 256-example selection and 8,552 test pairs.
confirmation splits.
HH / SamPO Released checkpoint; no re- Established 256-example evaluation 256 examples.
training baseline. split.

HH / Qwen validation 160,288 pairs after two 256- 256-example selection and 256- 8,552 test pairs.
example development splits. example confirmation.

Harmless dataset 42,130 HH-RLHF One 256-example development Development evaluation
harmless-base train- split. only.
ing pairs; safety refusal.

Orca DPO dataset 12,112 context-filtered One 256-example development Development evaluation
Intel/orca_dpo_pairs split. only.
training pairs; instruction
following.

Table 3: Datasets, development splits, and frozen evaluation sets.

Protocol and backbone Tokens Reduction  Preference accuracy  Accuracy change; trainable parameters
SamPO / Anthropic Helpful and Harmless (Pythia-2.8B) 132.77—179.88 +39.84% 53.52—53.52% 0.00 pp; 7.86M/0.28%
DPO / Anthropic Helpful and Harmless (Pythia-2.8B) 137.67—109.12 +20.73% 48.40—48.39% -0.01 pp; 7.86M/0.28%
DrDPO / Anthropic Helpful and Harmless (Pythia-2.8B) 145.61—108.79 +25.29% 48.39—48.26% -0.13 pp; 7.86M/0.28%
DPO / Anthropic Helpful and Harmless (Qwen2.5-3B) 108.26—92.16 +14.87% 48.69—48.64% -0.05 pp; 7.37M/0.24%
DrDPO / Anthropic Helpful and Harmless (Qwen2.5-3B) 111.58—91.97 +17.58% 48.64—48.55% -0.09 pp; 7.37M/0.24%

Table 4: Primary results across both backbone families.

Base LOCUS Base Locus Accuracy
Dataset Split tokens tokens Reduction accuracy accuracy change
Anthropic Helpful and Harmless 8,552 test 137.67  109.12 20.73%  48.40%  48.39%  -0.01 pp
Anthropic Harmless 256dev. 137.53  102.75 2529%  57.03%  58.20% +1.17 pp
Orca DPO 256 dev. 17595 35.25 7997%  69.14%  82.81% +13.67 pp

Table 5: Cross-task token and accuracy comparisons.
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