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Abstract

Model merging enables the reuse of fine-tuned models without joint training or
access to original data. Dynamic merging further improves flexibility by selec-
tively activating task-relevant parameters and efficiently composing experts across
multiple tasks. However, existing dynamic methods either maintain a full shared
model with tiny experts or allocate excessive capacity to experts, leading to subop-
timal accuracy–efficiency trade-offs. To address this, we propose DiDi-Merging,
a slim dynamic merging framework that leverages differentiable rank allocation
to balance shared and expert parameters. By formulating parameter budgeting as
differentiable rank optimization in low-rank modules and introducing a data-free
refinement step to recover task fidelity, DiDi-Merging matches prior dynamic
baselines at only 1.24× the parameters of a single fine-tuned model and surpasses
them at 1.4×, substantially more compact than methods requiring ≥ 2× storage.
DiDi-Merging applies across vision, language, and multimodal tasks.

1 Introduction

Fine-tuning many task-specific models from a shared backbone [68, 77] is now standard, but deploying
them at scale is expensive, and joint multi-task training across the original datasets is often infeasible
due to compute or privacy constraints [85]. Model merging combines fine-tuned models into a single
unified model at the parameter level without access to the original training data [43, 20, 18].

Router

Static Dynamic

Lower

Task Interference Lossless, Decoupled

Monolithic

Performance

Modular, ExpansionAdaptivity

Storage Cost Higher ？

Model 
Merging

Figure 1: Comparison of static and dynamic
model merging.

Most existing work focuses on static merging [42, 91],
which fuses fine-tuned models into a single monolithic
checkpoint and suffers from task interference. Recent
dynamic merging methods [46] route inputs to task-
relevant expert components, avoiding interference and
supporting modular expansion (Fig. 1). The remain-
ing bottleneck is storage: dynamic methods pay extra
parameter overhead per task, motivating slim dynamic
merging schemes.

Existing dynamic merging methods exhibit two failure modes that lie at opposite ends of the same
axis: how parameters are split between shared and expert components. The first (heavy shared,
Fig. 2a) keeps a full-size shared model and stores only tiny per-task expert vectors: TALL-Mask [80],
EMR-Merging [40], Twin-Merging [58], FREE-Merging [104], and MMER [46] all fall into this
regime, with parameters concentrated in a shared component no smaller than the original model.
The second (heavy expert, Fig. 2b) does the opposite: TSV-C [28] and SMILE [76] drop the shared
component and push all task knowledge into per-task expert vectors, so the total expert storage
grows with the number of tasks even when each vector is low-rank. Neither extreme balances the
two (Fig. 2c). To address these limitations, we propose DiDi-Merging (Dynamic Merging with
Differentiable Rank), which balances parameters between shared and task-specific experts, yielding a
slim and efficient dynamic merging framework.
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(a) Heavy Shared Knowledge (b) Heavy Experts Knowledge (c) Balanced Shared–Expert
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Figure 2: Parameter allocation in dynamic model merging. The balance beam denotes the router,
and baskets hold shared (multi-colour circles) and expert (single-colour circles) knowledge; legend
at right. (a) Heavy shared: full-size shared model, tiny per-task experts. (b) Heavy expert: no
shared component; per-task expert storage grows with task count. (c) Balanced shared–expert: slim
shared module + small per-task experts, the regime DiDi-Merging targets via differentiable rank
optimisation, with capacity adapting to task similarity.
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Figure 3: DiDi-Merging achieves a su-
perior Pareto trade-off between param-
eter efficiency and accuracy across all
dynamic merging baselines.

Table 1: Model merging approaches and requirements.

Data Slim SlimMethod Parameters Free Shared Experts
Multiple Models [86] 8 X - - -
Traditional MTL [7] 1 X × - -
Static Merging [94] 1 X ✓ - -

Dynamic Merging Methods
WEMoE [75] 6.27 X × ✓ ×

TALL-Mask [80] 2.5 X ✓ × ✓
EMR-Merging [40] 4 X ✓ × ✓
Twin-Merging [58] 2.25 X ✓ × ✓
Free-Merging [104] 2.16 X ✓ × ✓

TSV-C [28] 2.08 X ✓ ✓ ×
SMILE [76] 3.07 X × ✓ ×

DiDi-Merging (Ours) 1.24 X ✓ ✓ ✓

DiDi-Merging proceeds in three steps. (1) Task vectors are statically merged into a shared knowledge
vector, with per-task residuals as expert vectors (exact but parameter-heavy). (2) Low-rank decompo-
sition recasts parameter budgeting as a differentiable rank allocation problem, learned end-to-end
against a task-vector reconstruction objective. (3) The truncated low-rank parameters are refined in a
data-free pass to recover task-specific performance. Unlike prior differentiable-SVD methods for
compressing a single model [81], our cross-task rank allocation jointly optimizes shared and expert
components against task-vector reconstruction targets. The full pipeline runs in two stages (rank
optimisation followed by data-free LoRA refinement), illustrated in Fig. 6.

Across vision, language, and multi-modal (audio / video / point-cloud) tasks, DiDi-Merging retains
≥ 98% of fine-tuned accuracy at 1.24× the single-model parameter count, smaller than any prior
dynamic baseline (next most compact: TSV-C at 2.08×) and on par with methods that require ≥ 2×
storage. With a 1.4× budget it surpasses these baselines on average (Fig. 3, Tab. 1). On the more
challenging LLM merging setting (Llama-3.1-8B-Instruct), DiDi-Merging-L outperforms prior
dynamic methods by +5.4% on average, with the largest gains on instruction-following benchmarks
(e.g., AlpacaEval-2).

This paper makes three contributions:

• We identify two failure modes in existing dynamic merging methods (heavy shared and
heavy expert), both stemming from one-sided shared/expert allocation.

• We propose DiDi-Merging, a dynamic merging framework with differentiable rank al-
location: ranks are jointly optimized for shared and per-task expert components against
task-vector reconstruction targets, without access to original training data.

• Across vision, LLM, and multimodal benchmarks, DiDi-Merging achieves near-lossless
performance (≥ 98% retention) at a 1.24× parameter budget, smaller than every prior
dynamic baseline.
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Figure 4: Parameter accounting under three dynamic merging
regimes. Heavy shared inflates the shared component; heavy ex-
pert inflates per-task experts; DiDi-Merging keeps both small.
Decomposition |θ0|+ |router|+ rs(m+n) + T rt(m+n) and the
1.24× /1.4× /2.0× budgets in App. B.6.
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Figure 5: Effect of rank alloca-
tion on dynamic merging accu-
racy at a fixed parameter budget
on the 8-task vision benchmark.

2 Related Work

Dynamic Model Merging. Static merging [42, 91, 19, 21, 26] fuses fine-tuned models into a single
checkpoint and suffers from task interference. Dynamic methods route inputs to task-specific experts
to avoid interference [75, 94, 22, 51], but their parameter allocation is fixed: heavy shared variants
(TALL-Mask [80], EMR-Merging [40], Twin-Merging [58], FREE-Merging [104], MMER [46])
keep a full-size shared model with masks or rescalers to identify task-relevant subspaces, while heavy
expert variants (TSV-C [28], SMILE [76]) drop the shared component and compress per-task vectors
via SVD or subspace modelling. DiDi-Merging instead optimizes this allocation via a differentiable
rank objective; full discussion in App. A.

Task Vector Compression and Differentiable Rank Selection. Most merging methods build on
task-vector arithmetic [42, 100, 91, 98, 19, 92] or further compress task vectors via masking [66,
36, 111], SVD [82, 25, 96, 73, 58, 34], or quantization [27, 53, 56, 67, 47], yet they allocate
storage uniformly across tasks and overlook the shared/expert distinction. Differentiable rank
selection has been studied outside merging: AdaLoRA [101] prunes singular values during fine-tuning,
DyLoRA [78] trains a single LoRA across a range of ranks for inference-time selection, and Dobi-
SVD [81] introduces differentiable truncation for single-model LLM compression. DiDi-Merging
differs in three ways: (i) Setting: we operate on multiple pre-existing task vectors for post-hoc
merging rather than fine-tuning or single-model compression; (ii) Data: we are fully data-free,
supervised by the stored task vectors themselves rather than a calibration set; (iii) Allocation scope:
ranks are jointly optimized across task vectors and the shared/expert decomposition, rather than
within a single matrix or model.

3 Background and Motivation

3.1 Preliminaries

Consider a pre-trained model f with parameters θ0 and T downstream tasks fine-tuned to θt,
with task vector τ t = θt − θ0. Static merging fuses these into a single input-agnostic model
θ∗ = θ0 +

∑T
t=1 λtτ t, while dynamic merging activates shared and task-specific components

conditional on the input:

θ∗(x) = θ0 +M s +

T∑
t=1

wt(x)M t, (1)

where M s and M t encode shared and expert knowledge, and wt(x) are lightweight, input-dependent
routing weights from a small router. Following prior dynamic merging work [58, 46], we use an MoE-
style ideal router that takes task identity at inference; routing design is orthogonal to our contribution,
which targets parameter organisation across shared and expert components. The backbone and router
are treated as shared baselines and excluded from the reported parameter budgets; learning wt from
raw input is left for future work.
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3.2 Rethinking Dynamic Model Merging

Q1: How should shared and expert knowledge be represented? As Fig. 4 shows, prior dynamic
methods take one of two extremes: heavy shared (full-size M s, e.g., [40, 58, 104]) or heavy expert
(no M s, e.g., [28]). We instead represent both as low-rank modules with flexible rank allocation:
similar tasks rely on shared ranks, diverse tasks on expert ranks (Fig. 7).

Q2: How to allocate ranks across shared and expert modules? At a fixed parameter budget, the
choice of ranks substantially affects accuracy (Fig. 5). We introduce a differentiable rank mechanism:
each weight matrix is SVD-decomposed and its singular values are reweighted by a smooth truncation
function controlled by a learnable continuous rank r. Jointly minimising a task reconstruction loss
and a compression penalty yields a slim allocation for each module.

Q3: How to recover task fidelity after rank truncation? Direct truncation degrades accuracy, so
we apply a data-free optimization that refines the low-rank module parameters using the stored task
vectors themselves as reconstruction targets.

4 Method

We present DiDi-Merging, a slim dynamic merging framework (Fig. 6). Our approach consists of
three key steps: establishing shared and expert matrices (§4.1), differentiable optimization of ranks
to determine optimal allocations under parameter constraints (§4.2), and a data-free refinement that
restores performance lost from rank truncation (§4.3).

4.1 Low-Rank Decomposition

Building upon the task vector representation introduced in the preliminary section, we decompose
both shared and expert knowledge into low-rank modules to enable efficient dynamic merging. The
shared matrix M s is obtained via static merging of the task vectors {τ t}Tt=1, e.g., by averaging:

M s = avg(τ 1, . . . , τT ), (2)
and each expert matrix is defined as the residual relative to the shared component:

M t = τ t −M s. (3)

To achieve controllable and efficient parameterization, we apply singular value decomposition (SVD):
M s = U sΣsV

⊤
s , M t = U tΣtV

⊤
t . (4)

Retaining only the top-r singular components yields the low-rank modules:

M̃
(r)

s = U (r)
s Σ(r)

s V (r)
s

⊤
, M̃

(r)

t = U
(r)
t Σ

(r)
t V

(r)
t

⊤
. (5)

Finally, the dynamically merged parameters are

θ∗(x) = θ0 + M̃
(r)

s +
T∑

t=1

wt(x) · M̃
(r)

t . (6)

4.2 Differentiable Optimization of Ranks

To efficiently determine the optimal rank of each shared and expert module in a layer, we leverage a
differentiable approach based on the smooth truncation of the singular values from the SVD of the
matrix M ∈ Rm×n, m > n:

M = UΣV ⊤, Σ = diag(σ1, σ2, . . . , σn), (7)
where U ∈ Rm×n and V ∈ Rn×n. We define a smooth truncation function to retain a differentiable
subset of singular values:

σ̃i = σi

[
0.5 · tanh

(
β(r − i)

)
+ 0.5

]
, (8)

where r is a learnable continuous rank parameter, and β controls the smoothness of the truncation.
Comparison with AdaLoRA [101] and Dobi-SVD [81] is in §2 and App. D. The truncated low-rank
matrix is reconstructed as

M̃ = U diag(σ̃1, σ̃2, . . . , σ̃n)V
⊤. (9)

During optimization, only the rank variable r is updated via gradient descent, while other low-rank
module parameters remain frozen.
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SVD and Smooth Truncation
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Figure 6: The DiDi-Merging pipeline. Left: task vectors {τ t} are split into a shared component
M s via averaging and per-task expert residuals τ t −M s; SVD with smooth truncation produces
low-rank M̃ s,M̃ t, the Find-Optimal-Rank stage learns per-module ranks rs, r1, . . . , rT , and LoRA
factors (A,B) are refined data-free against an MSE reconstruction loss with respect to the original
task vectors. Right: during optimisation, per-layer ranks evolve separately for shared and expert
modules (top), while the joint objective trades task reconstruction against compression (bottom).

Task Reconstruction Loss. The reconstructed per-layer task vector is given by

τ̃ t,l = M̃ s,l + M̃ t,l, (10)

where M̃ s,l and M̃ t,l denote the truncated shared and expert matrices at layer l. The task reconstruc-
tion loss is the mean squared error over all tasks and layers:

Ltask =
1

T

T∑
t=1

L∑
l=1

∥∥τ̃ t,l − τ t,l

∥∥2
F
, (11)

where T is the number of tasks and L the number of layers.

Compression Ratio. For a shared or expert matrix M l ∈ Rml×nl with a truncated rank rl in layer
l, the current compression ratio is defined as

Rnow =

∑
l rl(ml + nl)∑

l mlnl
. (12)

Rnow measures the compression of the low-rank modules themselves; the global 1.24× /1.4× /2.0×
ratios reported in §5 are the corresponding total-parameter budgets relative to a single fine-tuned
backbone (App. B.6).

Total Loss. The objective balances task reconstruction performance and compression ratio:

L = Ltask + γ ·
∣∣Rnow −Rtar

∣∣, (13)

where Ltask is the task reconstruction loss, Rtar the target compression ratio, and γ a weighting factor.

4.3 Low-rank Module Update

After obtaining the optimal rank allocation {rt,l} for each task t and layer l, we instantiate low-rank
LoRA-style modules to recover performance. For each layer l and task t, we introduce factor matrices

At,l ∈ Rml×rt,l , Bt,l ∈ Rrt,l×nl ,

and express the low-rank module parameter update as

M t,l = At,lBt,l. (14)
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Initialization. To provide a good starting point and accelerate convergence, we initialize each pair
(A∗,l,B∗,l) for ∗ ∈ {s, 1, . . . , T} (one shared module and T per-task experts) using the truncated
SVD of the precomputed matrix M

(0)
∗,l :

M
(0)
∗,l ≈ U

(r)
∗,lΣ

(r)
∗,lV

(r)
∗,l

⊤
,

with
A∗,l ← U

(r)
∗,l (Σ

(r)
∗,l )

1/2, B∗,l ← (Σ
(r)
∗,l )

1/2V
(r)
∗,l

⊤
,

so that A∗,lB∗,l ≈M
(0)
∗,l .

Data-free Task Reconstruction. We supervise using the existing task vectors {τ t}. For task
t, the reconstructed vector is computed by summing the contributions of the low-rank shared and
task-specific LoRA modules across layers:

τ̃ t,l = As,lBs,l +At,lBt,l, (15)
where As,lBs,l and At,lBt,l denote shared and task-specific LoRA modules, respectively. The task
reconstruction loss is then defined as the mean squared error over all tasks and layers:

Ltask =
1

T

T∑
t=1

L∑
l=1

∥∥τ̃ t,l − τ t,l

∥∥2
F
. (16)

Optimization Protocol. In this stage, only the LoRA factors {At,l,Bt,l} are updated, while the
base parameters remain frozen. We perform a lightweight, data-free optimization using Adam to
minimize Ltask (more optimization details in App. D).

5 Experiments

We evaluate DiDi-Merging on vision (§5.1), LLM (§5.2), and MLLM (§5.3) merging, comparing
against representative static and dynamic methods at matched parameter budgets. Zero-shot and
fine-tuned results of the original base models are included for reference. All methods share the
same frozen pre-trained backbone, so parameter overhead is computed relative to a single fine-tuned
model and excludes the backbone (App. B.6); accuracy or task-specific benchmark score is the
primary metric. PEFT merging (App. B.5), per-task results across all MLLM modalities (App. C),
and baseline / dataset / training details (App. H–J.2) are in the appendix.

We instantiate DiDi-Merging at three parameter budgets via a global rank-scaling factor on the
optimised per-layer ranks, calibrated by task difficulty: 1.24× (Small, the smallest budget at which
DiDi-Merging matches prior dynamic baselines on the simpler vision setting), 1.4× (Medium, the
smallest at which it matches prior baselines on the harder LLM/MLLM settings), and 2× (Large, the
smallest at which it surpasses them on LLM/MLLM). Accordingly, we report DiDi-Merging-S/M for
vision merging and DiDi-Merging-L for LLM and MLLM. At the S and M budgets, DiDi-Merging
uses less capacity than every dynamic baseline, so any accuracy advantage is attributable to allocation
rather than to extra parameters.

5.1 Merging Vision Models

Setup. Following Ilharco et al. [42, 19], we evaluate on CLIP-ViT-B/32 and ViT-L/14 [68] across
eight classification benchmarks (SUN397, Cars, RESISC45, EuroSAT, SVHN, GTSRB, MNIST,
DTD; details in App. I), and compare against five static and seven dynamic baselines listed in Tab. 2.

Vision Results. Tab. 2 reports accuracy and parameter overhead on the 8-task suite. Static methods
add no storage but trail dynamic baselines by 4–6% in accuracy, with the strongest static method
(WUDI-Merging at 85.2%) still 4.3% below the best dynamic baseline. At 1.24×, DiDi-Merging-
S matches the strongest dynamic baseline (89.3% vs. TSV-C at 89.5%) using under 60% of their
storage; at 1.4×, DiDi-Merging-M attains the highest score overall (89.8%), surpassing all baselines.
Scaling to 14 / 20 tasks and ViT-L/14 (Tab. 3), DiDi-Merging-M leads at 14 / 20 tasks (99.5%/99.4%
retention) and ties TSV-C within 0.06% on ViT-L/14 at less than half the overhead. Since fine-tuned
individuals on ViT-L/14 themselves average 95.8%, the residual ∼0.2% retention loss is close to the
per-checkpoint noise floor, indicating the rank-allocation procedure generalises across backbone size
and task count without per-setting tuning.
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Table 2: Test set performance when merging ViT-B/32 models on 8 vision tasks, with normalized
averages shown in parentheses.

Task(→) Test Set Performance
Method(↓) #Params(↓) Average(%)(↑) SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD
Individuals x8 90.5(100) 75.3 77.7 96.1 99.7 97.5 98.7 99.7 79.4

Multitask[70] x1 88.9(99.2) 74.4 77.9 98.2 98.9 99.5 93.9 72.9 95.8
Static Merging Methods

Weight Averaging[ICLR23] [42] x1 65.8(72.7) 65.3 63.4 71.4 71.7 64.2 52.8 87.5 50.1
TSV-Merging[CVPR25] [28] x1 84.0(92.8) 69.1 70.7 85.5 94.3 92.0 91.9 99.3 69.2
CAT-Merging[ICML25] [74] x1 78.3(86.5) 68.1 65.4 80.5 89.5 85.5 78.5 98.6 60.7

ISO-CTS[ICML25] [61] x1 81.4(89.9) 74.4 74.4 87.2 90.4 76.8 83.3 97.4 67.0
WUDI-Merging[ICML25] [10] x1 85.2(94.1) 71.1 71.0 85.7 95.6 94.2 94.7 99.5 69.7

Dynamic Merging Methods
WEMoE[ICML24] [75] x6.27 89.2(98.6) 73.7 76.8 93.4 98.2 96.8 98.2 99.6 76.6
SMILE[TPAMI25] [76] x3.07 89.3(98.7) 73.6 77.8 92.0 98.3 96.9 98.1 99.6 78.1

TALL-Mask+TIES[ICML24] [80] x2.5 88.7(98.0) 75.8 72.5 93.2 99.3 96.8 98.5 99.1 74.4
Twin-Merging[NeurIPS24] [58] x2.25 87.8(97.0) 73.6 71.7 92.1 99.3 95.3 97.2 99.1 74.0
EMR-Merging[NeurIPS24] [40] x4 87.7(96.9) 74.1 72.7 91.9 99.4 95.8 96.9 99.1 72.1
FREE-Merging[ICCV25] [104] x2.16 89.2(98.6) 76.4 77.6 93.4 99.5 96.3 98.2 99.5 75.4

TSV-C[CVPR25] [28] x2.08 89.5(98.9) 77.0 77.3 93.4 99.2 96.3 98.3 99.3 75.3
DiDi-Merging-S (ours) x1.24 89.3(98.7) 76.9 77.2 93.2 99.3 96.5 98.1 99.2 74.1
DiDi-Merging-M (ours) x1.4 89.8(99.2) 77.3 77.9 93.5 99.5 96.4 98.2 99.5 76.2

Table 3: Average accuracy and parameter overhead across dynamic merging benchmarks for various
models and task counts.

Task(→) ViT-B/32 ViT-L/14
Method(↓) #Params 14 tasks(%) 20 tasks(%) 8 tasks(%)

Individuals x14, 20, 8 90.88(100) 91.37(100) 95.81(100)
TALL-Mask+TIES x2.5 90.13(99.2) 90.91(99.5) 93.92(98.0)

EMR-Merging x4 89.93(98.9) 89.48(97.9) 92.73(96.8)

Twin-Merging x2.25 89.54(98.5) 89.97(98.5) 92.81(96.9)

FREE-Merging x2.16 90.32(99.4) 90.23(98.7) 93.78(97.9)

TSV-C x2.08 90.29(99.4) 90.64(99.2) 95.68(99.9)
DiDi-Merging-M (ours) x1.4 90.42(99.5) 90.84(99.4) 95.62(99.8)

5.2 Merging Large Language Models

Setup. We merge four fine-tuned LLMs derived from Llama-3.1-8B-Instruct [23] and Qwen-2.5-
7B-Instruct [2], each obtained by sequential SFT and DPO on a different task domain (general,
mathematics, code, and instruction following), following FuseLLM [79] and FuseChat [97]. Training
configurations are in App. J.1. We compare against state-of-the-art dynamic baselines Twin-Merging
and FREE-Merging.

Datasets. Evaluation spans ten benchmarks across four categories: general (MMLU-Pro, MMLU-
Redux, GPQA-Diamond), mathematics (GSM8K, MATH, AMC23), code (HumanEval, MBPP), and
instruction following (AlpacaEval-2, MT-Bench). Details in App. I.

LLM Results. LLM merging is harder than vision (more diverse capabilities, larger task hetero-
geneity); we report DiDi-Merging-L (2×) for parity with prior dynamic baselines that all use
≥ 2× storage (Tab. 4). DiDi-Merging consistently outperforms prior methods, particularly on
challenging benchmarks like AlpacaEval-2, with +5.4% and +5.1% average improvements on
Llama-3.1-8B-Instruct and Qwen-2.5-7B-Instruct, respectively.

Table 4: Overall results of dynamic merging 4 different LLMs across 10 benchmark tasks.

LLM Benchmark
Llama-3.1-8B-Instruct Qwen-2.5-7B-Instruct

Zero-
shot

Fine-
tuned

Twin-
Merging

FREE-
Merging

DiDi-
Merg.-L

Zero-
shot

Fine-
tuned

Twin-
Merging

FREE-
Merging

DiDi-
Merg.-L

MMLU-Pro 49.7 51.3 50.2 50.4 51.1 54.0 55.6 54.5 54.8 55.2
General MMLU-redux 70.5 73.0 72.6 72.4 72.8 75.1 76.6 74.8 75.2 76.2

GPQA-Diamond 33.6 37.7 36.1 35.9 37.2 34.7 38.1 36.8 37.2 37.4

Mathematics
GSM8K (0 shot, CoT) 85.9 88.8 86.4 88.2 88.0 91.7 92.6 91.3 91.3 91.6
MATH (0 shot, CoT) 50.7 56.2 55.2 55.0 55.3 75.0 75.3 72.1 74.2 74.0

AMC 23 (0 shot, CoT) 25.0 37.5 27.5 27.5 35.0 52.5 57.5 50.0 47.5 52.5

Coding HumanEval (0 shot) 68.3 72.0 68.8 69.1 70.4 85.4 85.7 81.9 84.1 84.4
MBPP (0 shot) 66.9 73.0 70.3 71.2 71.8 80.2 84.8 81.6 82.5 83.3

Instruction AlpacaEval-2 (LC %) 28.3 65.4 52.4 54.1 59.5 34.2 63.6 53.3 53.6 58.7
Following MT-Bench 8.4 9.0 8.2 8.3 8.7 8.4 9.0 7.8 8.2 8.7

Average 48.7 56.4 52.8 53.2 55.0 59.0 63.8 60.4 60.8 62.2
Parameters x1 x4 x2.25 x2.08 x2.0 x1 x4 x2.25 x2.08 x2.0
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Table 5: Results of multi-modality dynamic merging experiments. The performance retention is
shown in parentheses.

Task (→) 2 Point Tasks 3 Audio Tasks 2 Video Tasks 7 Image Tasks
Method (↓)

#Params(↓)
Score (%) / Acc. (%) Score (%) / Acc. (%) Acc. (%) Acc. (%)

Individuals [x2, x7] 23.15 / 21.27 25.30 / 24.71 39.79 62.23

NaiveMC[ACL2024] [3] [x1.24, x1.84] 22.65 (97.8) / 20.49 (96.3) 24.59 (97.2) / 30.65 (124.8) 36.92 (93.0) 52.56 (83.6)

MMER[ACL2025] [46] [x2.13, x2.44] 23.14 (99.9) / 22.49 (105.7) 25.20 (99.6) / 38.51 (155.6) 39.28 (98.5) 62.40 (100.3)

FREE-Merging[ICCV2025] [104] [x2.04, x2.14] 23.02 (99.5) / 21.14 (99.4) 25.23 (99.7) / 38.58 (156.1) 38.52 (96.8) 62.54 (100.5)

DiDi-Merging (ours) [x1.4, x2.0] 23.08 (99.7) / 22.58 (106.2) 25.27 (99.9) / 38.74 (156.8) 39.51 (99.3) 62.93 (101.1)

5.3 Merging Multimodal Large Language Models

Setup. We merge four MLLMs (Vision, Audio, Video, Point Cloud), each fine-tuned from Vicuna-
7B-v1.5 [102] under identical environments following [3, 65]; configurations are in App. J.2. We
compare against representative data-free dynamic baselines NaiveMC [3] and MMER [46], reporting
accuracy/scores and retention relative to each fine-tuned counterpart.

Datasets. We use fourteen dual-modal tasks, each pairing text with another modality: vision
(VQAv2 [33], GQA [41], TextVQA [71], VizWiz [35], ScienceQA [57], POPE [50], OK-VQA [62]),
audio (TUT [64], VocalSound [31], Clotho [16]), video (MSRVTT [89], MSVD [4]), and point cloud
(ModelNet40 [87], Objaverse [13]).

MLLM Results. Tab. 5 shows DiDi-Merging consistently outperforms prior dynamic methods at a
slim parameter footprint; NaiveMC’s efficient merging suffers substantial performance degradation.
Notably, all dynamic methods (including ours) exceed the fine-tuned baseline on several audio and
point-cloud tasks: the original task-specific MLLMs were not trained for classification, and merging
transfers instruction-following patterns from sister MLLMs that the originals lacked. A detailed
analysis is in App. B.4.

6 Analysis

This section presents an ablation of DiDi-Merging’s components (§6.1), its computational cost
(§6.2), and the rank-allocation pattern it learns (§6.3). For brevity, additional analyses are deferred to
the appendix: comparison against alternative rank-allocation strategies (random, uniform, energy-
based; App. B.1), hyperparameter sensitivity (App. B.3), MLLM instruction-following gain analysis
(App. B.4), PEFT merging strategies and empirical results (App. B.5), and the storage-accounting
derivation (App. B.6).

6.1 Ablation Study

Tab. 6 ablates the four design choices of DiDi-Merging at a matched parameter budget. Removing
the shared low-rank matrix or the per-expert optimal rank degrades ViT-B/32 accuracy by 2.5% and
2.4%, respectively, while disabling layer-wise rank optimization causes a smaller drop. SVD-based
initialization of the LoRA factors has a small effect on the final score (−0.2%) but substantially
accelerates convergence.

Is the rank optimization necessary? A natural concern raised in prior reviews is that any static
merge plus uniform-rank LoRA recovery might match DiDi-Merging. App. B.2 tests this with four
static mergers (Simple Averaging, TIES-Merging, Iso-CTS, WUDI-Merging) at a matched 1.24×
budget. DiDi-Merging-S still leads, isolating the contribution of differentiable rank allocation.

6.2 Computation Resource

Tab. 7 compares solving time and GPU memory on ViT-B/32 against optimisation-based merging
baselines. DiDi-Merging achieves the highest accuracy at a modest compute footprint (1.1GB GPU
memory; ∼10min Find-Optimal-Rank + ∼4min Low-rank Module Update), well below WUDI-
Merging’s 4.0GB. The Find-Optimal-Rank stage runs sequentially per task and is the dominant
wall-clock bottleneck of the pipeline.

8



Table 6: Component ablation on DiDi-Merging
at a matched parameter budget. When an optimal-
rank component is ablated, its rank is replaced with
a budget-preserving uniform value.

Method ViT-B/32 ViT-L/14
DiDi-Merging (full) 89.8 95.6
− w/o Shared Matrix 87.3 93.7
− w/o Shared Optimal Rank 88.9 94.7
− w/o Expert Optimal Rank 87.4 93.6
− w/o Layer-wise Optimal Rank 88.2 94.1
− w/o Low-rank Module Init. 89.6 95.5

Table 7: Solving time and GPU memory on ViT-
B/32, against optimisation-based merging base-
lines. DiDi-Merging achieves the highest accu-
racy at modest compute.

Method Acc. Time GPU Mem.

TIES Merging[NeurIPS23] [91] 72.4 4 s 0 GB
Adamerging[ICLR24] [95] 81.1 127 min 17.1 GB
TSV-C[CVPR25] [28] 89.1 3 min 27 s 0 GB
WUDI-Merging[ICML25] [10] 85.2 1 min 54 s 4.0 GB
DiDi-Merging (Ours) 89.8 14 min 37 s 1.1 GB
−Find Optimal Rank – 10 min 22 s 1.1 GB
−Low-rank Module Update – 4 min 15 s 0.6 GB

Table 8: Per-module storage cost (in bits) for a module with dimensions din × dout shared across T
tasks. P=dindout, R is the router size, α the EMR-Merging per-task scalar fraction. Floating-point
parameters are stored at 32 bits, binary masks at 1 bit per parameter. rtsv is a fixed rank in TSV-C;
rs, rt are adaptively determined by differentiable rank optimisation in DiDi-Merging. Rows colour-
coded by regime: static (gray), heavy shared (green), heavy expert (blue), balanced (pink).

Method Backbone Router Shared Experts
TIES-Merging [91] (etc.) 32P 0 0 0
TALL-Mask [80] 32P 32R 32P TP
EMR-Merging [40] 32P 32R 32P T (P + 32αP )
TSV-C [28] 32P 32R 0 32 rtsv(din + dout)

DiDi-Merging (Ours) 32P 32R 32 rs(din + dout) 32
∑T

t=1 rt(din + dout)

6.3 Task Relationships and Rank Allocation
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Figure 7: Task-vector similarity (left) vs. optimal
shared-rank ratio (right) for pairs of four tasks.

Fig. 7 compares pairwise task-vector similar-
ity with the optimal shared-rank ratio across
four vision tasks, and the two heatmaps
align tightly. MNIST and SVHN, both digit-
classification tasks, form the most similar
pair (similarity 0.18) and receive the largest
shared-rank ratio (0.42), while less related
pairs settle at a lower 0.28. This mapping
emerges purely from optimisation, without
hand-tuned similarity priors, and generalises:
scaling from 8 to 20 vision tasks (Tab. 3) re-
tains ∼99% of fine-tuned accuracy without
re-tuning the rank budget.

6.4 Storage Decomposition

Tab. 8 gives the per-module bit cost across methods. Heavy-shared baselines duplicate the backbone
in their shared component (32mn); heavy-expert baselines pay 32Trt(m+n) on uncompressed
experts. Differentiable allocation keeps both small (r̄s, r̄t∼15 on ViT-B/32; App. B.6), giving the
≤1.4× total budget. The optimised ranks themselves reflect architectural structure: attention-output
projections receive the smallest rank, MLP modules the largest, and the ordering is preserved across
the 1.24× and 1.4× budgets, matching the relative information density of each module type.

7 Conclusions

We presented DiDi-Merging, a dynamic merging framework that uses differentiable rank optimi-
sation to allocate parameters between shared and task-specific low-rank modules. Across vision,
language, and multimodal tasks, it matches prior dynamic baselines at 1.24× the single-model
parameter count and surpasses them at 1.4×, well below the ≥ 2× overhead of existing methods.
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A Novelty and Contribution

DiDi-Merging is a data-free dynamic model-merging framework that uses differentiable rank
allocation to balance shared and expert parameters, achieving near-original accuracy with minimal
overhead and outperforming prior dynamic baselines across vision, language, and multimodal tasks.

Comparison with Static Merging Methods [91, 19]. Our method falls under dynamic merging,
offering better scalability and resistance to forgetting, while achieving near-lossless performance.

Comparison with TALL-mask and EMR-Merging [80, 40]. Our method offers several advan-
tages:

1. It avoids storing full task vectors.

2. It achieves superior model-merging performance.

Comparison with Twin-Merging [58]. Our method is both lighter and higher-performing. Al-
though Twin-Merging requires only the shared model at deployment, it still needs to store the base
model during expansion to maintain flexibility, scalability, and resistance to forgetting.

Comparison with FREE-Merging [104]. Our method offers several advantages:

1. It avoids storing heavy shared knowledge.

2. It features a more flexible and slim dynamic merging architecture.

Comparison with TSV-Compression and SMILE [28, 76]. Our method offers several advantages:

1. It leverages shared knowledge to reduce parameter overhead.

2. It exhibits adaptive task-specific expertise.

3. It is data-free, making it much easier to apply in practice.

Comparison with LoRA-MoE [100]. Although the two architectures are similar, our method
focuses on the model-merging problem, restoring performance by leveraging already-trained model
parameters, whereas LoRA-MoE focuses on routing mechanisms and training strategies.

B Additional Analysis

B.1 Effectiveness of Differentiable Rank Allocation

To further demonstrate the effectiveness of our differentiable rank allocation strategy, we compared it
with several non-optimization-based rank allocation methods. In the ViT-B/32 vision experiments, we
constrained the total rank budget to 0.4× the number of parameters and evaluated uniform allocation,
random allocation, and energy-based allocation. The energy-based method dynamically assigns ranks
by computing the cumulative singular value energy across different tasks and layers. For random
allocation, we report the average results over five runs. As shown in Tab. 9, random allocation
can degrade model performance, while the energy-based strategy offers minimal improvement,
underscoring the advantage of our approach.

Table 9: Comparison of different rank allocation strategies on ViT-B/32 with total 1.4× parameter
budget.

Strategies Uniformed Random Energy-based Ours
ViT-B/32 81.5 80.2(±0.4) 81.9 85.5
ViT-L/16 87.9 87.1(±0.3) 88.1 91.2
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B.2 Controlled Comparison Against Static Merge + Uniform-rank LoRA

To address the concern that the gains of DiDi-Merging might be attributed primarily to the LoRA
recovery stage rather than to differentiable rank allocation, we constructed a controlled comparison
at a strictly matched parameter budget. We pair four static merging strategies (Simple Averaging,
TIES-Merging, Iso-CTS, and WUDI-Merging) with a LoRA recovery stage whose rank is fixed to a
single uniform value r across all tasks and layers. The rank r is selected so that the total parameter
count (backbone + shared + per-task LoRAs) falls within±2% of 1.24× the single fine-tuned model,
matching the budget of DiDi-Merging-S.

Tab. 10 reports the results. The WUDI + uniform-rank LoRA row provides the most direct contrast
to DiDi-Merging-S, since the two configurations differ only in how ranks are assigned: WUDI
uses an implicit uniform rank, whereas DiDi-Merging derives per-component, per-layer ranks via
differentiable SVD. The remaining gap on this row therefore isolates the contribution of differentiable
rank allocation alone. The other three baselines (Simple Averaging, TIES-Merging, Iso-CTS) provide
additional evidence that no combination of static merge and uniform-rank LoRA recovers the accuracy
of DiDi-Merging-S at an equal parameter budget.

Table 10: Controlled comparison against simpler data-free baselines that pair a static merge with a
uniform-rank LoRA recovery. The LoRA rank is fixed across tasks and layers and chosen so that the
total parameter count falls within ±2% of 1.24× the single fine-tuned model. The WUDI + uniform-
rank LoRA row differs from DiDi-Merging-S only in how ranks are allocated, isolating the contri-
bution of differentiable rank allocation.

Method ( @ 1.24× budget) ViT-B/32 ViT-L/14
Simple Averaging + uniform-rank LoRA 80.4 82.3
TIES-Merging + uniform-rank LoRA 81.5 83.4
Iso-CTS + uniform-rank LoRA 82.2 83.7
WUDI-Merging + uniform-rank LoRA 84.6 86.3

DiDi-Merging-S (Ours) 89.3 93.9

Capability comparison beyond rank optimization. Beyond the numerical comparison above,
Tab. 11 contrasts three merging strategies on a set of capabilities that matter in practice.
DiDi-Merging is the only one that simultaneously supports reconstruction-based optimisation,
optimised capacity allocation, retention of original capabilities, forget-free expansion to new tasks,
and a slim parameter footprint.

B.3 Hyperparameter Analysis

Tab. 12 summarizes the hyperparameters used for the different models. While the optimal settings
vary slightly depending on the model type, DiDi-Merging remains stable when these values fluctuate
within a reasonable range. Sensitivity analyses on key hyperparameters (β, γ, and learning rates)
yield consistent results, suggesting that our method is largely insensitive to specific configurations.
Moreover, varying the static merging strategy used to initialize the shared expert consistently yields
comparable results, further demonstrating the robustness of our approach.

We further analyzed the accuracy of dynamic model merging across different models, including vision
models (ViT-B/32), large language models (LLaMA3-8B), and PEFT models (QWEN-14B finetuned
with LoRA), as shown in Tab. 13. Among all the hyperparameters, β and the learning rates mainly
affect optimization speed, with very little impact on accuracy. Different choices of loss functions and
γ can have some effect. Specifically, γ is introduced to normalize the task reconstruction loss across
different models, since task vectors vary in magnitude across tasks, different normalization values are
required to keep the loss comparable to the compression ratio.

B.4 Performance Gain Beyond Individual Modalities in MLLM Merging

In dynamic model fusion for MLLMs, it has been observed that the merged models can achieve
performance exceeding that of any single individual modality, sometimes reaching more than 100%
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Table 11: Benefits of DiDi-Merging beyond rank optimization. Three merging strategies are
compared across key capabilities. ✓: fully supported; ×: partially or unsupported.

Method (→) Static Merge + SVD Static Merge + LoRA DiDi-Merging
Capability (↓) (Twin-Merging) (Ours)
Reconstruction via optimization × ✓ ✓
Capacity allocation optimized × × ✓
Retains original capabilities × × ✓
Supports forget-free learning × × ✓
Lightweight × × ✓

Table 12: Hyperparameters used in different
models. lr1 and lr2 denote learning rates for
the Find-Optimal-Rank and Low-rank Module
Update stages, respectively.

Model loss β γ lr1 lr2

Vision MSE 20 300 0.2 0.001
LLM L1 30 500 0.2 0.001
PEFT MSE 20 100 0.2 0.001
MLLM L1 50 500 0.2 0.001

Table 13: Impact of hyperparameters on accu-
racy across different models.

Hyper-Params Vision LLM PEFT
MSE 89.8 54.8 73.5loss L1 89.7 55.0 73.2

100 89.7 54.7 73.5
300 89.8 54.8 73.2γ
500 89.4 55.0 73.1

relative to the original single-modality performance. Our MLLM dynamic merging experiments
indicate that this improvement is not due to simply removing redundant parameters, but rather results
from the shared knowledge across different modalities. This shared knowledge provides additional
information, such as prior knowledge or instruction-following capabilities, which enhances model
performance. When the shared knowledge is removed, the performance gain disappears, confirming
its crucial role. These analyses and conclusions align with the findings reported in the previous
research [46].

B.5 Comparison of PEFT Merging Strategies

We compare DiDi-Merging against representative PEFT merging strategies along several practical
dimensions (Tab. 14). KnOTS [73] and Core Space are static methods that produce a full matrix or a
shared basis without routing, leading to performance degradation when many tasks must coexist. Twin-
Merging [58] and FREE-Merging [104] introduce a router and recover near-lossless performance,
but at the cost of heavy per-task parameter overhead. DiDi-Merging preserves the dynamic-routing
benefits of the latter group while keeping the per-task expert footprint slim through differentiable
rank allocation.

Implementation on LoRA modules. DiDi-Merging extends seamlessly to PEFT settings, where
each fine-tuned model is parameterised as θt = θ0 + LoRAt with LoRAt a low-rank module
specific to task t. The task vector reduces to the LoRA module itself, τ t = θt − θ0 = LoRAt, so
the static merge of task vectors is M s = avg(τ 1, . . . , τT ) = LoRAs, and each expert residual is
M t = τ t −M s = LoRAt − LoRAs. The dynamic merging form (Eq. 1) then specialises to:

θ∗(x) = θ0 + M̃ s +

T∑
t=1

wt(x)M̃ t

= θ0 + L̃oRAs +

T∑
t=1

wt(x) ˜LoRAt − LoRAs

= θ0 + LoRA∗,

(17)

where ·̃ denotes the differentiable rank-truncated version of a matrix and LoRA∗ = L̃oRAs +∑T
t=1 wt(x) ˜LoRAt − LoRAs is the merged LoRA module. Hence DiDi-Merging on the full

model θ is equivalent to DiDi-Merging applied directly to the LoRA factors: the backbone θ0 never
enters the optimisation, and only the LoRA factors are stored, decomposed, and refined. This makes
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Table 14: Comparison of PEFT merging strategies. DiDi-Merging combines a dynamic router with
lightweight per-task LoRA outputs while preserving near-lossless performance.

Method (→) KnOTS & Core Space Twin-Merging & FREE-Merging DiDi-Merging (Ours)
Input LoRA LoRA LoRA
Output Full matrix LoRA LoRA
Router None Yes Yes
Additional parameters None Heavy Lightweight
Type Static Dynamic Dynamic
Performance Degradation Near-lossless Near-lossless

Table 15: Average optimal ranks of different modules in ViT-B/32, averaged over the 12 transformer
blocks and the T=8 vision tasks. DiDi-Merging-S and DiDi-Merging-M denote the 1.24× and
1.4× parameter budgets, respectively.

Module attn-in-proj attn-out-proj mlp-c-fc mlp-c-proj
DiDi-Merging-S (1.24×) 15 10 16 16
DiDi-Merging-M (1.4×) 25 17 27 27

the framework directly compatible with existing PEFT pipelines. Empirical results validating this
equivalence on Qwen-14B LoRA adapters are reported in App. C.1.

B.6 Storage Accounting

This section makes the parameter budgets reported in the main paper (1.24× /1.4× /2.0×) explicit
and clarifies how they are computed. For a module of shape din × dout shared across T tasks, the total
storage cost of DiDi-Merging is

32P︸︷︷︸
backbone

+32R︸︷︷︸
router

+32 rs(din + dout)︸ ︷︷ ︸
shared low-rank

+32

T∑
t=1

rt(din + dout)︸ ︷︷ ︸
per-task experts

(18)

in bits, where P = dindout and R is the fixed-size router. Summing over layers gives the global
compression ratio in Eq. (14) of the main paper. The backbone is treated as a shared baseline excluded
from relative size ratios; the router is a global module of sub-percent size, also omitted from the
reported budget ratios.

The bit-level decomposition across baselines is reported in Tab. 8 (main paper, §6.4).

Average optimal ranks across modules. The ranks found by the differentiable optimisation vary
across module types (because din, dout differ) and across tasks (because the spectra of task vectors
differ). Tab. 15 reports the average optimal rank for each module type in ViT-B/32, aggregated
over the 12 transformer blocks and the T=8 vision tasks at the 1.24× (DiDi-Merging-S) and 1.4×
(DiDi-Merging-M) budgets. Two patterns emerge: (i) ranks scale with module size: attention output
(768×768) requires the smallest rank, attention input (2304×768) is intermediate, and MLP modules
(3072×768 and 768×3072) require the largest; and (ii) the per-module ratio between the two budgets
is roughly constant (∼1.7×), consistent with the linear scaling of the budget delta from 0.24× to
0.4×, indicating that the optimisation rescales ranks proportionally rather than redistributing them
across modules.

A finer-grained breakdown that separates the shared and per-task expert ranks is reported in Tab. 16.
Within each module type, r̄s and r̄t are tightly correlated, indicating the shared module captures
cross-task structure that each task vector also relies on. Plugging the finer-grained averages back into
Eq. (14) recovers the 1.24× budget within rounding noise.
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Table 16: Average optimal ranks r̄s (shared) and r̄t (per-task expert) of different modules in CLIP-
ViT-B/32, averaged over the 12 transformer blocks and the T=8 vision tasks at the two reported
budgets. Values plug back into Eq. (14) and reproduce the 1.24× /1.4× ratios.

1.24× budget 1.4× budgetModule
r̄s r̄t r̄s r̄t

Self-attn QKV (in_proj, 2304×768) 18.3 17.1 27.4 26.1
Self-attn Out (out_proj, 768×768) 16.1 14.9 27.7 26.4
MLP fc1 (c_fc, 3072×768) 13.0 11.7 21.3 19.7
MLP fc2 (c_proj, 768×3072) 8.9 8.5 17.3 16.7

Average 14.1 13.0 23.4 22.2

C Additional Results

C.1 Detailed PEFT Merging Results

PEFT methods [14] efficiently adapt large language models to new tasks, but storing separate adapters
per task can be costly [100]. We merge LoRA [39] adapters of Qwen-14B [2] on three generative
tasks [30], following [58, 104]. As Tab. 17 shows, DiDi-Merging-M matches prior baselines with
fewer parameters, and DiDi-Merging-L matches their parameter overhead while attaining 0.7%
higher performance.

Table 17: Results of merging LoRA models with QWEN-14B as pre-trained model on three generative
tasks.

Method #Params MMLU Tru.QA BBQ Average
Zero-shot x1 69.30 51.27 80.69 67.09
Fine-tuned x3 68.35 54.34 93.53 72.07

EMR-Merging [40] x4 67.82 55.01 90.13 70.98
Twin-Merging [58] x2.13 68.32 55.76 90.98 71.68

FREE-Merging [104] x2.04 68.83 57.39 92.14 72.78
DiDi-Merging-M(ours) x1.4 68.85 57.32 92.44 72.87
DiDi-Merging-L(ours) x2.0 68.97 58.24 93.32 73.51

C.2 Detailed Multimodal Results

We report the detailed results of each method on the corresponding datasets, including vision-language
(Tab. 18), point-cloud (Tab. 19), audio, and video (Tab. 20) tasks, illustrating that DiDi-Merging
consistently achieves superior performance while maintaining a slim parameter footprint. As an
experimental detail, we evaluate DiDi-Merging on multiple multimodal tasks, ensuring that all
models are fine-tuned under identical environments. Performance is measured in terms of accuracy
or overall scores, as well as the percentage of performance retained relative to each model’s fine-
tuned counterpart. We compare DiDi-Merging with representative data-free dynamic model-merging
methods.

D Method Details

D.1 Differentiable Optimization of Ranks

To efficiently allocate ranks for shared and expert modules, we adopt a differentiable approach
inspired by smooth SVD truncation. Each parameter matrix is decomposed via SVD, and a smooth
truncation function with a learnable continuous rank r produces a low-rank approximation while
keeping the rest of the module parameters frozen. The reconstructed task vectors, obtained by
combining truncated shared and expert matrices, are optimized with a task reconstruction loss. A
compression-aware term penalizes deviations from a target rank budget, balancing task fidelity and
parameter efficiency. By jointly optimizing r across layers, the method adaptively allocates ranks
between shared and expert matrices to maintain compact yet informative low-rank modules.
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Table 18: Performance of each method on seven multimodal vision–language QA tasks.
7 Image Tasks

Task (→)
VQAv2 GQA TextVQA VizWiz ScienceQA POPE OK-VQA

Method (↓) Acc. Acc. Acc. Acc. Acc. Acc. Acc.
Individuals 78.11 61.52 55.89 51.51 71.12 86.17 31.33
NaiveMC [ACL2024] [3] 59.73 45.83 42.29 47.87 68.52 79.41 24.28
MMER [ACL2025] [46] 77.95 61.85 55.74 52.26 71.16 86.58 31.27
FREE-Merging [ICCV2025] [104] 78.05 61.92 55.84 52.86 71.06 86.73 31.31
DiDi-Merging (Ours) 78.03 62.08 55.88 53.12 72.32 87.83 31.29

Table 19: Performance of each method on two point-cloud tasks, including ModelNet40 (classifica-
tion) and Objaverse (captioning).

2 Point Tasks
Task (→)

ModelNet40 Objaverse-captioning
Method (↓) Acc. BLEU-1 ROUGE-L METEOR Sentence-BERT SimCSE
Individuals 21.27 4.73 8.51 12.02 44.18 46.31
NaiveMC [ACL2024] [3] 20.49 4.43 8.24 11.37 43.22 45.97
MMER [ACL2025] [46] 22.49 5.06 8.53 11.90 43.72 46.51
FREE-Merging [ICCV2025] [104] 21.14 4.95 8.49 11.80 43.69 46.18
DiDi-Merging (Ours) 22.58 4.92 8.58 11.94 44.08 46.37

D.2 Optimization for Low-rank Module Update

During this refinement stage of Low-rank Module Update, only the LoRA factors {At,l,Bt,l} are
updated, while all base model parameters remain frozen. The goal of this stage is to efficiently recover
task-specific performance that may have been lost during low-rank truncation. The optimization is
performed as follows:

• Optimizer: Adam with a small learning rate, typically in the range 1e−4 to 1e−3.
• Batch-free: Optimization is fully data-free; the supervision signal comes solely from the

stored task vectors τ t, so no original training data are required.

• Regularization: Optionally, a term λ∥At,lBt,l −M
(0)
t,l ∥2F or standard weight decay can

be applied to stabilize updates.
• Multi-task Optimization: When optimizing multiple tasks simultaneously, different task

losses are balanced using dynamic weighting. A temperature-based scaling factor is applied
to adjust the relative contribution of each loss over time, ensuring that no single task
dominates the optimization and that all tasks maintain stable improvement.

This lightweight procedure produces compact per-task low-rank modules that respect the allocated
rank budget, restoring task-specific fidelity while maintaining high efficiency and performance.

E Limitations and Future Work

DiDi-Merging has three known limitations. First, we evaluate under the ideal router setting (task
identity at inference; §3.1); learning a router from raw inputs is orthogonal future work, and the
reported numbers should be read as an upper bound on capacity utilisation. Second, while merging is
data-free, it requires storing the fine-tuned task vectors {τ t} (and thus the fine-tuned checkpoints),
so the pipeline cannot run in storage-constrained settings where checkpoints are not retained. Third,
the Find-Optimal-Rank stage is sequential per task (∼10min on 8 tasks; Tab. 7) and is the dominant
wall-clock cost; we expect parallelisation across tasks to bring this to near-constant time.

F Notation

Tab. 21 summarises the key symbols used throughout the paper.
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Table 20: Performance of each method on three audio tasks and two video tasks, including TUT,
VocalSound, MSVD, and MSRVTT for classification, and Clotho for captioning.

3 Audio Tasks 2 Video TasksTask (→)
TUT VocalSound Clotho MSVD MSRVTT

Method (↓) Acc. Acc. CIDEr SPICE SPIDEr Acc. Acc.
Individuals 22.23 27.19 38.63 11.98 25.29 48.40 31.18
NaiveMC [ACL2024] [3] 29.50 31.80 37.56 11.61 24.61 44.53 29.31
MMER [ACL2025] [46] 34.14 42.88 38.49 11.93 25.18 48.12 30.43
FREE-Merging [ICCV2025] [104] 34.27 42.92 38.53 11.95 25.22 47.42 29.83
DiDi-Merging (Ours) 34.49 43.02 38.56 11.98 25.25 48.37 30.89

Table 21: Notation summary.
Symbol Meaning

Problem setting
T Number of tasks
L Number of layers
θ0 Pre-trained backbone parameters
θt Fine-tuned parameters for task t
τ t = θt − θ0 Task vector for task t
λt Coefficient of τ t in static merging

Dynamic merging form (Eq. 1)
M s Shared module
M t Per-task expert module
wt(x) Input-dependent routing weight for task t

Low-rank decomposition (§4.2)
din, dout (or ml, nl) Module weight dimensions
rs, rt Shared, per-task expert ranks
rs,l, rt,l Per-layer shared / per-task ranks at layer l
U ,Σ,V SVD factors
σi, σ̃i Singular values; smooth-truncated values
β Smoothness factor of the truncation function

Low-rank module update (§4.3)
At,l,Bt,l LoRA factor matrices for task t at layer l
As,l,Bs,l Shared LoRA factor matrices at layer l
Ltask Task reconstruction loss
Rnow, Rtar Current / target compression ratio
γ Weight for compression-ratio penalty

Storage accounting (App. B.6)
P = dindout Per-module parameter count
R Router parameter count
α Fraction for EMR-Merging per-task scalars

G Broader Impact

DiDi-Merging reduces the storage and serving cost of multi-task systems, lowering the deployment
barrier for collections of specialised models. Like all efficient deployment methods, lower cost
can amplify both beneficial uses (low-resource personalisation, on-device multi-task inference) and
harmful ones (easier serving of biased or unsafe fine-tunes). DiDi-Merging inherits the biases of its
source checkpoints; we introduce no additional training data or labels. We see particular promise
in high-stakes multimodal deployments such as medical diagnosis, where heterogeneous expert
models for imaging, language, and clinical reasoning must coexist under tight storage and latency
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budgets [108, 109, 54, 110, 17, 84, 8]; slim dynamic merging offers a path to deploy such expert
ensembles without retraining or exposing the underlying patient data.

H Baselines details

This section provides a detailed description of the baselines, as outlined below.

• Task Arithmetic [42] first defines the concept of “task vectors” and merges these vectors
into a pre-trained model to execute multi-task learning. The model is produced by scaling
and adding the task vectors to the initial model as θm = θinit + λ ·

∑n
t=1 τt.

• Ties-Merging [91] further solves the task conflict problem in Task Arithmetic [42]. It
eliminates redundant parameters and resolves symbol conflicts through three steps: Trim,
Elect Sign, and Disjoint Merge.

• DARE [98] sets the majority of delta parameters to zero and rescales the rest by θ′ =
θ · (1/(1− p)) where p is the proportion of delta parameters dropped, therefore efficiently
reducing parameter redundancy.

• PCB-Merging [19] effectively adjusts parameter coefficients through balancing parameter
competition within model population.

• CAT-Merging [74] introduces a training-free framework that trims conflict-prone task vector
components via projection for linear weights and masking for normalization parameters.

• TALL-Mask [80] localizes the task-specific information in a multi-task vector, which
deactivates irrelevant parts for each task in the merged vector with binary masks.

• EMR-Merging [40] first selects a unified model from all weights, then generates lightweight
task-specific modulators (masks and rescalers) to align direction and magnitude with each
source model.

• Twin-Merging [58] proposes a method that encompasses modularizing knowledge into
shared and exclusive components, with compression to reduce redundancy and enhance
efficiency.

• FREE-Merging [104] reveals that task interference is evident in the frequency domain of
model parameters.

• TSV-Compression [28] leverages low-rank space to define a new measure of task interfer-
ence based on the interaction of singular vectors from different tasks.

• NaiveMC [3] proposes a new paradigm through the model composition of existing MLLMs
to create a new model that retains the modal understanding capabilities of each original
model.

• MMER [46] introduces a training-free approach for seamless multimodal expansion of
LLMs through parameter merging and decoupling.

I Datasets details

SUN397 [88] is a scene classification dataset, which contains images in 397 classes, with a total of
108,754 images, and each class has at least 100 images.

Stanford Cars (Cars) [44] is a car classification dataset, which contains 196 classes of cars and a
total of 16,185 images. Each class in the training set and test set is divided at a ratio of 1:1.

RESISC45 [9] is a remote sensing image scene classification dataset. It contains 45 classes of scenes
and a total of 31,500 images, of which there are approximately 700 images in each class.

EuroSAT [37] is a satellite image classification dataset containing 27,000 labeled and geo-referenced
images in 10 classes.

SVHN [99] is a real-world digital classification dataset extracted from house numbers in Google
Street View images. There are 10 classes in total. The training set contains 73,257 samples, the
test set contains 26,032 samples, and 531,131 additional simple samples can be used as additional
training data.
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GTSRB [72] is a traffic sign classification dataset, which contains 43 classes of traffic signs with a
total sample size of more than 50,000.

MNIST [45] is a benchmark dataset for image classification. It contains grayscale images of
handwritten digits in 10 classes. The number of images in the training and test sets is 60,000 and
10,000 respectively. The number of images in each class is balanced.

DTD [11] is a texture classification dataset, which contains 47 classes, a total of 5,640 images, with
each class having approximately 120 images.

AlpacaEval-2 [49] comprises 805 instructions from five different datasets and assesses models using
two metrics: length-controlled (LC) win rate and raw win rate (WR) [24]. GPT-4-Preview-1106
serves as both the baseline model and the evaluator for the other models.

MT-Bench [103] contains 80 multi-turn dialogues across eight categories, including writing, roleplay,
reasoning, math, coding, extraction, STEM, and humanities. Each response is evaluated by GPT-4 on
a scale from 1 to 10, with the average score reported for each dialogue turn across the 80 dialogues.
We use GPT-4-0613 as the judge model following the official setting.

MMLU-Pro [83] is an enhanced version of the MMLU dataset, designed to address issues such
as noisy data and reduced difficulty due to advances in model capabilities and increased data
contamination. MMLU-Pro increases challenge levels by expanding multiple-choice options from 4
to 10, requiring reasoning across more questions, and incorporating expert-reviewed annotations for
improved quality and reduced noise.

MMLU-redux [29] is a re-annotated subset of the MMLU dataset created through manual assessment
from 14 human experts.

GPQA-Diamond [69] is a challenging knowledge benchmark crafted by PhD-level domain experts
in biology, physics, and chemistry. The dataset contains questions that are straightforward for experts
but difficult for laypersons. We evaluate the highest quality diamond set comprising 198 questions.

Arena-Hard [48] is a challenging instruction-following benchmark that closely aligns with the
human preference ranking from Chatbot Arena, a crowd-sourced platform for evaluating LLMs. It
spans 250 high-quality topic clusters including 500 well-defined technical problem-solving queries.
We report the win rate against GPT-4-0314 using GPT-4-Preview-1106 as the judge model.

GSM8K [12] is a set of grade-school math word questions that evaluates mathematical reasoning
capabilities.

MATH [38] is a dataset of math problems ranging in difficulty from middle school to high school
competition level. It tests a wide range of mathematical skills, including algebra, calculus, number
theory, and probability.

AMC23 [93] refers to the 2023 American Mathematics Competition, featuring 25 multiple-choice
questions that test advanced high school mathematics, including trigonometry, advanced algebra, and
elements of calculus.

HumanEval [5] evaluates code generation capabilities by presenting models with function signatures
and docstrings and requiring them to implement the function body in Python.

MBPP [1] is a dataset of simple programming problems designed to assess the ability of models to
generate short Python code snippets from natural language descriptions.

J Implementation Details

In this section, we provide detailed descriptions of the experimental setup used for both LLM (§J.1)
and multimodal LLM (MLLM) (§J.2) fine-tuning. We first outline the procedures for obtaining
task-specific fine-tuned LLMs and constructing the associated datasets, followed by the fine-tuning
protocol for MLLMs across multiple modalities. All experiments are designed to ensure consistency
and comparability, with hyperparameters and training configurations aligned with prior studies. All
our experiments are conducted on an NVIDIA 8×A800-SXM4-80GB machine.
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Table 22: Hyperparameters for different target models during the SFT and DPO stages.
Target Model SFT Learning Rate DPO Learning Rate DPO λ DPO Loss Type

Llama-3.1-8B-Instruct 5× 10−6 8× 10−7 10 LLN-DPO
Qwen-2.5-7B-Instruct 2× 10−6 3× 10−7 0.01 LDPO

J.1 LLM Fine-tuning

In our LLM experiments, we follow a structured pipeline to obtain fine-tuned models for each expert
task.

SFT Experiments. We use the Llama-Factory library2 [105] for implementation. All target models
are fine-tuned for 3 epochs with a batch size of 128 and a maximum sequence length of 2048 tokens.
A cosine learning rate schedule with a warmup ratio of 0.1 is employed.

DPO Experiments. We use the alignment-handbook3 as the training framework. All post-SFT
models are trained for one epoch with the same batch size and sequence length. Cosine learning
rate scheduling with 0.1 warmup is applied. Checkpoints are saved every 100 steps, and the best
checkpoint from the last two is selected. Detailed hyperparameter configurations for different models
are listed in Tab. 22.

Dataset Construction. The dataset plays a critical role in enabling the LLM model merging
approach, as demonstrated in the previous study FuseChat-3.0 [97]. The dataset is carefully assembled
following these procedures:

• Prompt Selection: To enhance the target LLMs’ abilities across instruction-following, math,
coding, and Chinese, we select high-quality samples from open-source datasets. Filtering
and preprocessing ensure relevance and quality.

• Response Sampling: For each prompt, responses are generated from four leading
source LLMs using vLLM4 [106] as the inference backend. Multiple sampling runs
with different seeds ensure diversity. Sampling parameters are: for Gemma-2-27B-it,
Mistral-Large-Instruct-2407, and Llama-3.1-70B-Instruct, temperature 0.8,
top-p 0.95; for Qwen-2.5-(Math)-72B-Instruct, temperature 0.7, top-p 0.8, repetition
penalty 1.05.

• Preference Pairs: To build preference pairs, the best and worst responses from the same
source model are selected. This intra-model pairing reduces reward bias due to heteroge-
neous response styles, prevents reward hacking, and ensures a reliable preference signal.
For instruction-following and conversational data, responses are evaluated with an external
reward model; for math and coding, rule-based verification is applied.

The final dataset D contains 158,667 entries: 94,539 for the SFT phase (DSFT) and 64,128 preference
pairs for the DPO phase (DDPO). Dataset composition is summarized in Tab. 23.

J.2 MLLM Fine-tuning

For fine-tuning the original MLLMs, we employed consistent training data and model components
across the four modalities, following the setup in NaiveMC [3]. Further details are provided in
Tab. 24. Hyperparameters were chosen in line with prior studies [3, 55, 65, 52, 90]. During the
alignment stage, only the connector parameters were updated, whereas in the full fine-tuning stage,
both the connector and base LLM parameters were optimized. To improve training efficiency, we
applied DeepSpeed Zero Optimization Stage 3. Complete hyperparameter configurations are listed in
Tab. 25.

2https://github.com/hiyouga/LLaMA-Factory
3https://github.com/huggingface/alignment-handbook
4https://github.com/vllm-project/vllm

27

https://github.com/hiyouga/LLaMA-Factory
https://github.com/huggingface/alignment-handbook
https://github.com/vllm-project/vllm


Table 23: The composition of the Implicit Knowledge Fusion dataset in SFT phase and DPO phase.
As no suitable reward models were available for Chinese, we used all samples for SFT and omitted
the DPO phase.

Category Dataset Count #DSFT #DDPO

Instruction Following UltraFeedback 51,098 20,439 30,659
Magpie-Pro-DPO 20,374 8,149 12,225
HelpSteer2 9,435 3,774 5,661

Mathematics OpenMathInstruct-2 51,803 40,188 11,615

Coding LeetCode 3,113 1,877 1,236
Self-Oss-Instruct-SC2 12,892 10,160 2,732

Chinese Language Alpaca-GPT4-Zh 2,471 2,471 0
Magpie-Qwen2-Pro-Zh 7,481 7,481 0

Total 158,667 94,539 64,128

Table 24: Training data and components of MLLMs for different modalities.
Modality Modality Encoder Connector Alignment Data Fine-tuning Data Referenced Work
Image CLIP-ViT-L-336px [15] MLP LCS 558K [90] LLaVA-mixed 665K [90] LLaVA-1.5 [55]

Audio BEATs-Iter3+ [6] Q-Former WaveCaps 400K [63] OpenAQA filtered 350K [32] X-InstructBLIP [65]

Video LanguageBind [107] MLP LCS 558K, Valley
702K [59]

Video-ChatGPT 100K [60],
LLaVA-mixed sampled 140K

Video-LLaVA [52]

Point
Cloud

Point Encoder [90] MLP PointLLM brief
description 660K [90]

Point complex instruction 70K [90] PointLLM [90]

NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes], [No], or [N/A].

• [N/A] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

• Please provide a short (1–2 sentence) justification right after your answer (even for [N/A]).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will also be asked to include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While [Yes] is generally preferable to [No], it is perfectly acceptable to answer [No] provided a
proper justification is given (e.g., error bars are not reported because it would be too computationally
expensive” or “we were unable to find the license for the dataset we used”). In general, answering
[No] or [N/A] is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:
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Table 25: Hyperparameters of different MLLMs.
Stage Hyperparameter Image Audio Video Point Cloud

Alignment-Stage

Batch size 256 256 256 128
LR 1e-3 1e-3 1e-3 2e-3
LR Schedule cosine decay
Warmup Ratio 0.03
Epoch 1 1 1 3

Fine-tuning-Stage

Batch size 128 64 128 64
LR 2e-5 1e-5 2e-5 2e-5
LR Schedule cosine decay
Warmup Ratio 0.03
Epoch 1 3 1 3

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and §1 state the three contributions (heavy-shared/heavy-expert
characterization, differentiable rank allocation, and near-lossless performance under tight
parameter budgets), each of which is supported by the experiments in §5 and the analysis
in §6. Quantitative claims use the softened phrasing “match at 1.24×, surpass at 1.4×”
consistent with the reported numbers.
Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

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

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

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

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: A dedicated Limitations section (§E) discusses the ideal-router assumption,
the data-free-but-checkpoint-dependent setting, and the wall-clock cost of sequential rank
optimization relative to closed-form SVD baselines.
Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.
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• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

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

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

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

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

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [N/A]
Justification: The paper is empirical; it does not introduce new theorems. The few derivations
(e.g., the equivalence between applying DiDi-Merging to full parameters and to LoRA
factors in the PEFT-merging appendix) are stated with all intermediate steps in-line, and any
assumptions are made explicit at the point of use.
Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

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

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: §4 fully describes the training-free smooth-SVD truncation, the differentiable
rank-allocation objective, and the two-stage optimization. The appendix lists per-modality
datasets, baselines, optimizer settings, learning rates, and hyperparameters (β, γ, loss type)
used to obtain every reported number.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
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• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

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

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

Answer: [No]

Justification: The code will be released upon acceptance. All datasets used in the paper
are public benchmarks (image classification, GLUE, AudioCaps, ScienceQA, ModelNet40,
etc.); the appendix lists their sources. The method, hyperparameters, and baselines are fully
described in the main paper and appendix so that the experiments can be reproduced from
the manuscript alone.

Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

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

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

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

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

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

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.
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6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: §5 states the modalities, backbones, task suites, and parameter budgets
(S/M/L). The appendix specifies optimizer (Adam), learning rates (lr1 for rank search and
lr2 for low-rank update), per-modality hyperparameter values, dataset splits, and how each
hyperparameter was selected (sensitivity tables included).
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: Following the convention in the dynamic-merging literature (e.g., Twin-
Merging, FREE-Merging), we report single-seed numbers. Reproducing the full benchmark
suite (vision, LLM, MLLM, PEFT) across multiple seeds is computationally expensive; we
leave multi-seed std reporting to future work. Trends are consistent across the four modalities
and the three budget regimes (S/M/L), which we view as evidence that conclusions are not
seed-sensitive.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

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

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

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

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

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

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: §6 (Computation Resource) reports end-to-end wall-clock time of
DiDi-Merging against the main baselines. The appendix specifies the GPU type used
for each modality and memory footprint of the merged models.
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Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

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

Answer: [Yes]

Justification: The work uses only publicly available models and benchmark datasets, does
not collect new data from human subjects, preserves anonymity in the submission, and
does not involve any deployment that could pose foreseeable harm. We have reviewed the
NeurIPS Code of Ethics and confirm conformance.

Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

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

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

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

Answer: [Yes]

Justification: A Broader Impact section in the appendix discusses the positive impact of
reducing storage and serving cost for multi-task deployment, as well as potential negative
impacts inherited from the underlying foundation models that are merged (e.g., bias, mis-use
of generative capabilities).

Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

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

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.
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• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A]
Justification: The paper proposes a model-merging algorithm; it does not release new pre-
trained foundation models, generative image models, or scraped datasets that pose elevated
misuse risk.
Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

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

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

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: All datasets, pre-trained backbones (CLIP-ViT, LLaMA, etc.), and baseline
implementations used in this work are public and are cited in the appropriate sections. We
use each asset under its respective license and within its terms of use, and do not redistribute
any restricted content. We disclaim that we have not independently re-verified each upstream
license text; if an asset’s terms have changed, we will defer to the most recent terms specified
by its creators.
Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

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

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

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
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Answer: [N/A]
Justification: The paper does not release new datasets or new pre-trained foundation models.
The only artifact is the merging algorithm itself, which is fully described in the paper and
will be open-sourced upon acceptance.
Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

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

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

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [N/A]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

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

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

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A]
Justification: The paper does not involve crowdsourcing or research with human subjects,
and therefore no IRB review was required.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

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

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

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
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Answer: [N/A]
Justification: LLMs appear in the paper only as one of the model classes being merged in the
experimental study; they are not an original or non-standard component of the core method,
and were not used to develop the methodology.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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