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Abstract

Model merging has emerged as a promising
technique for combining multiple fine-tuned
models into a single multitask model without
retraining. However, the factors that determine
whether merging will succeed or fail remain
poorly understood. In this work, we investi-
gate why specific models are merged better
than others. To do so, we propose a concrete,
measurable definition of mergeability. We in-
vestigate several potential causes for high or
low mergeability, highlighting the base model
knowledge as a dominant factor: Models fine-
tuned on instances that the base model knows
better are more mergeable than models fine-
tuned on instances that the base model strug-
gles with. Based on our mergeability definition,
we explore a simple weighted merging tech-
nique that better preserves weak knowledge in
the base model.

1 Introduction

Large pre-trained models are commonly fine-tuned
on various downstream tasks to achieve better spe-
cialization on specific tasks. This task-specific
model training has motivated model merging tech-
niques (Matena and Raffel, 2022; Wortsman et al.,
2022; Choshen et al., 2022; Ilharco et al., 2023; Yu
et al., 2024; Yadav et al., 2023; Stoica et al., 2025),
which aggregate the weights of multiple fine-tuned
models into a single expert model that should per-
form well on all tasks. However, while algorith-
mic advances have improved merging algorithms,
a fundamental question remains: What determines
whether merging of a fine-tuned model will be suc-
cessful? Answering this question might assist us
in understanding how to obtain more mergeable
models and inform better merging algorithms.

To address this question, we define the notion of
mergeability: a property of model updates that cap-
tures how well they retain trained knowledge when
merged with other model updates. We find that

not all model updates have the same mergeability—
there is a wide spectrum of mergeability among
models. We use the term mergeability score to
quantify this property.

This work investigates possible sources for hav-
ing high or low mergeability. Figure 1 describes
our experimental setup. Upon obtaining model up-
dates (we use LoRA adapters (Hu et al., 2022) in
our experiments), we calculate each model update’s
mergeability score (the degree to which the knowl-
edge encoded in a given model update is preserved
when it is merged with other model updates. For a
given model update, we merge it with a subset of
randomly sampled other model updates and eval-
uate the merged model on the given model update
task. We repeat this multiple times and measure
the average performance; further described in §2).
We then group model updates by their mergeabil-
ity score and investigate different causes for high
mergeability: general domain knowledge of the
base model, weight properties, and specific task
knowledge of the base model.

Our study spans two experimental setups:
example-level mergeability using the PopQA
dataset (Mallen et al., 2023) and task-level merge-
ability using the Lots-of-LoRAs collection (Brüel-
Gabrielsson et al., 2025). In the PopQA dataset,
we find that a low probability gap between the top
predicted answer and the correct answer in the base
model correlates with a higher mergeability. This
suggests that the base model’s prior knowledge
about a question strongly influences whether fine-
tuning on knowledge related to this question will
merge better. Consistently, in Lots-of-LoRAs, we
observe that tasks where the base model initially
performed well suffer less performance degrada-
tion from merging, whereas tasks on which the
base model had lower initial accuracy suffer from
larger drops in performance after merging. Our
findings indicate that the mergeability of fine-tuned
models is closely linked to the base model’s ini-
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Figure 1: Our Experimental setup. The figure shows an example from PopQA, Lots-of-LoRAs experiments follow a
similar process. (a) We train an expert model for each example, and verify the model’s correctness on the example
after training. (b) We calculate each example’s mergeability score, as defined in §2 and group examples by their
mergeability score. (c) We investigate different traits that affect mergeability. Results are in §4. (d) We examine
the correlation between the mergeability score and the evaluated properties. Among these, base model knowledge
(∆base) exhibits the strongest correlation.

tial performance on the corresponding fine-tuning
data. Other possible causes, namely, general do-
main knowledge or structural weight properties, do
not correlate well with mergeability scores.

In further analyses, we discover that mergeability
is primarily a local trait of the model update and
does not depend on the merged set. We show that
when merging a highly mergeable model update
with model updates from other mergeability groups,
the highly mergeable model update remains stable
regardless of the partner group we merge with.

Finally, as a proof-of-concept application of
our insights, we propose a simple merging tech-
nique that incorporates the base model’s perfor-
mance in a weighted mean merging. We show
that this technique improves the retention of weak-
performing tasks with little or no degradation of
strong-performing tasks.

Our contributions in this paper are threefold:
• We show the existence of mergeability and pro-

pose a concrete, measurable definition of it.

• We provide empirical evidence that the base
model’s prior knowledge is a key predictor of
the mergeability of fine-tuned weights. To our

knowledge, this is the first study to directly link
pre-training knowledge with mergeability.

• We show an application of our findings and
suggest merging weights with awareness of the
base model performance.

2 Mergeability
Mergeability is a trait of model updates describ-
ing the degree to which the knowledge encoded
in a model update is preserved when merged with
other model updates. This falls into a larger con-
text of what allows successful merging (e.g., high-
dimensionality and a shared base model; §7), but
is unique in recognizing the effect of the model
updates themselves. In this section, we define and
empirically show the existence of mergeability.

Mergeability score. Given a model update θ∆
with corresponding input-output pair (x, y) and a
distribution D over sets of other updates, we define
the mergeability score S of θ∆ as:

S(θ∆) = E{θ∆j}∼D
[
f
(
θ +M({θ∆} ∪ {θ∆j});x, y

)]

(1)
where f(θ;x, y) is a scoring function that evaluates
a model with parameters θ on a set of input-output
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data pairs (x, y) and M is a merging algorithm that
combines a set of updates into a single update.

To estimate the mergeability score S(θ∆), we
conduct N trials. In each trial i∈{1, . . . , N}, we
sample M other model updates {θ∆m}Mm=1 (with-
out replacement) from the global pool and merge
{θ∆} ∪ {θ∆m}Mm=1, yielding a merged model up-
date θ

(i)
∆ = M({θ∆} ∪ {θ∆m}Mm=1). We then up-

date the base model with θ
(i)
∆ and re-evaluate, ob-

taining the following empirical mergeability score:

S(θ∆e) =
1

N

N∑

i=1

f(θ + θ
(i)
∆ ;x, y) (2)

This score captures the robustness of an exam-
ple’s knowledge under merging, where higher val-
ues indicate stronger mergeability with other model
updates. The scoring function f depends on the
setup, as detailed in the next section.

In practice, not all model updates are equally
stable under merging: some integrate seamlessly
into a merged model, while others tend to inter-
fere or degrade. Figure 2 shows the mergeability
distribution of Llama (Dubey et al., 2024) on the
PopQA dataset (more distributions are in Appendix
A.3). The blue bars show the mergeability score as
empirically calculated in our experiments. The red
bars show the distribution as if the scores were dis-
tributed randomly as a binomial distribution with a
success probability of P = # of success merges

Total # of merges , where
we consider a merge as succeeded if it retained the
model update information after merging. The dif-
ference in the distributions shows the existence of
non-trivial mergeability.

Research questions. After establishing that mer-
gability is a non-trivial property, we investigate
several possible reasons for mergeability:

• Base model specific task knowledge (§4.1).

• Weight properties (§4.2).

• Base model general domain knowledge (§4.3).
Then, in §5 we check if mergeability is a local

trait of the model update, or rather depends on the
group of model updates it is merged with.

3 Experimental Setup
We evaluate the mergeability of LoRA adapters
(Hu et al., 2022) as recent work showed that such
merging is very powerful (Stoica et al., 2025). We
focus on two settings: (i) entity-centric question an-
swering with PopQA (Mallen et al., 2023) dataset,
and (ii) a broad collection of LoRA adapters from
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Figure 2: Mergeability score distribution of Llama-3.2-
3B on the PopQA dataset. Blue wide bars show the
mergeability score as empirically calculated. Red thin
bars show the baseline distribution if mergability were
not a model trait, modeled as a binomial distribution
with a fixed success rate.

Lots-of-LoRAs collection (Brüel-Gabrielsson et al.,
2025). The first corresponds to example-level
mergeability, merging adapters capturing single
data points, while the second corresponds to task-
level mergeability. Unless otherwise specified, all
merges are performed with KNOTS (Stoica et al.,
2025) merging algorithm, which is specifically de-
signed for merging LoRA adapters.1 In each of the
two setups, we describe our instantiations of the
mergeability score and the evaluation protocol;2

3.1 Example-Level Mergeability: PopQA

PopQA is an open-domain, entity-centric QA
benchmark (Mallen et al., 2023), making it suit-
able for studying example-level mergeability. In
this case, the scoring function f is chosen as the
binary correctness of the model:

f(θ;x, y) = 1{ŷ = y}, (3)

where ŷ is the model prediction.
For controlled probabilistic evaluation, we con-

vert it to a multiple-choice format: for each ques-
tion with gold answer y, we sample n additional
candidates from answers to other PopQA questions
(without replacement). To reduce spurious ambigu-
ity, we discard distractors that are string-identical
to y or that are near-duplicates by normalization
(case/punctuation stripping). We use n=7 (and
obtain 8-option multiple-choice questions).

1We report analyses results with other merging algorithms
in Appendix A.9, finding mostly consistent patterns.

2Additional experiments hyperparameter details are avail-
able at Appendix A.6
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Models. We use two large pretrained language
models from distinct families: Llama-3.2-3B
(Dubey et al., 2024) and Qwen-2.5-3B (Hui et al.,
2024). This choice allows us to compare models
from different families, providing a more robust
testbed for mergeability. Results in the main paper
are reported for the Llama-3.2-3B model; addi-
tional analyses, including results on Qwen-2.5-3B,
are provided in Appendix A.1.

Evaluation. We evaluate with k-shot prompting
(Brown et al., 2020). In our experiments, we used
k = 4. Given the prompt and a set of options
{yj}n+1

j=1 , with the correct answer y among them,
we compute the length-normalized conditional log-
probability assigned by the model to each option:

score(yj) =
1

|yj |

|yj |∑

t=1

log pθ((yj)t | prompt, (yj)<t)

(4)
We predict ŷ = argmaxj score(yj). Normaliza-

tion mitigates length bias across options.

Training Procedure. To focus on model updates
that change the model’s knowledge, we first fil-
ter out questions already answered correctly by
the base model under the above evaluation proto-
col. For the remaining (incorrect) questions, we
retrieve the relevant entity’s Wikipedia page. We
then fine-tune the model with LoRA on these entity-
related passages to teach the base model relevant
information on the questioned entity. We retain
only those examples for which the post-finetuning
model answers correctly. This yields a collection
of example-specific LoRA adapters that each cor-
rects a distinct factual error of the base model. Out
of 1931 examples we tested, 1107 were answered
correctly without training, which left us with 824
examples we trained (42.67%). Out of them, for
639 (77.55%) examples the correct answer had the
highest probability after training. Additional fine-
tuning details are provided in Appendix A.6. We
also report experimental results with additional
LoRA ranks (Appendix A.7) and full finetuning
(Appendix A.8). Trends are consistent with the
main paper results.

3.2 Task-Level Mergeability: Lots-of-LoRAs

To study task-level mergeability, we use the Lots-
of-LoRAs benchmark (Brüel-Gabrielsson et al.,
2025), a large-scale collection of LoRA adapters
trained on diverse NLP tasks. In this case, the scor-

ing function f is computed as the post-merging
task accuracy:

f(θ;x, y) = Acc(i)merged(x, y) (5)

Model. We use the same base model as in Brüel-
Gabrielsson et al. (2025), Mistral-7B-Instruct-v0.2
(Jiang et al., 2023).

Evaluation. For each task, we use the test
prompts provided by the dataset. We evaluate by ex-
act match (EM) at the example level and aggregate
to task accuracy. We evaluate on each task’s test set.
To control for ceiling effects, we restrict evaluation
to tasks where the finetuned model achieves at least
99% accuracy, ensuring that mergeability is mea-
sured between adapters that individually solve their
target tasks near perfectly. This left us with a total
of 81 tasks (We provide experimental results for
other accuracy thresholds in Appendix A.4, trends
are consistent across all thresholds).

4 Causes of Mergeability
In this section, we investigate possible causes for
high or low mergeability. In each case, we bin
models by their mergeability score and correlate
these scores with metrics reflecting possible causes.

4.1 What is the effect of the base model’s
knowledge of the task?

In this research question, we wish to study how the
base model’s prior knowledge of an example/task
impacts mergeability.

In example-level PopQA analysis, Figure A.4
reports the average rank of the correct answer un-
der the base model. A higher rank (closer to zero)
indicates that the base model assigns the correct an-
swer a better rank. While we generally observe that
higher-mergeability examples correspond to lower
ranks, we also observe a non-monotonic jump for
S = 1.0.

We further analyze the probability gap between
the most likely answer and the correct answer in the
base model ∆base = pbase

max−pbase
correct (Figure 3). The

gap decreases with mergeability, implying that ex-
amples requiring only a small adjustment to the
decision boundary are more mergeable. More-
over, when we compare base vs. post-training gaps
∆trained = ptrained

correct − pbase
correct (Figure 3), we find

the opposite trend: high-mergeability examples
achieve larger post-training probability improve-
ments. This indicates that examples that were “eas-
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Figure 3: PopQA different properties correlation with mergeability score results. Values are mean values normalized
relative to S = 0.0. ∆base trend shows that the gap decreases with mergeability, implying that examples with better
base model knowledge are more mergeable. Additionally, ∆trained shows that high-mergeability examples achieve
larger post-training probability improvements, although they were easier to “fix”. Conversely, we observe no clear
trend between mergeability score and training data difficulty (average perplexity and average context length) or
weight-level properties (average weight norm and average highest singular value). The shaded regions represent the
standard error of the values.

ier” to fix also produce more stable model updates
under merging.

Lots-of-LoRAs analysis reveals similar trends
on the task-level merging. As Figure 4 shows,
higher mergeability scores have higher average
base model accuracy. In other words, tasks with
better base model knowledge of the task have better
mergeability scores.

Overall, we conclude that better knowledge of
the task or fine-tuning data in the base model
corresponds to higher mergeability.

4.2 Does training data difficulty affect
mergeability?

To examine whether mergeability is also affected
by training data difficulty, we consider two proxies:
base model perplexity and length (token count) of
the training context.

As Figure 3 shows, there are no clear trends w.r.t
mergeability score in the case of example-level
mergeability in PopQA. One exception is a high
base model perplexity on examples with the high-
est mergeability score (S = 1.0). This suggests
that model updates correcting knowledge gaps in
regions where the base model is highly uncertain
are more robust to merging. However, overall per-
plexity and context length are poor predictors of
mergeability in this case.

In contrast, the Lots-of-LoRAs analysis reveals
different trends. As Figure A.5 shows, higher-
mergeability examples correspond to lower per-
plexities. Moreover, Figure A.6 shows that longer
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Figure 4: Lots-of-LoRAs average base model task accu-
racy of different mergeability scores. Higher mergeabil-
ity scores have on average a higher base model accuracy.

training contexts have higher mergeability scores.
However, a difference in the two settings must

be noted. While PopQA training data are general
passages on an entity, with a different format from
the evaluated questions, Lots-of-LoRAs training
data is highly related to the evaluation data, sharing
the same task format. This suggests that we can
observe training data effects on mergeability only
when it is aligned with the evaluation data.

4.3 Do weight-level properties correlate with
mergeability?

We next examine whether structural properties of
the learned weight updates correlate with merge-
ability. We compute two structural metrics on the
effective update matrix ∆W = BA (where A,B
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Mergeability
Score

Avg Weight
Norm

Avg Weight
σmax

0.0-0.2 1.15 0.78
0.2-0.4 0.57 0.40
0.4-0.6 0.73 0.52
0.6-0.8 0.65 0.46
0.8-1.0 0.66 0.46

Table 1: Lots-of-LoRAs results for weight properties.
We do not observe a clear correlation between weight
properties and the mergeability score. However, we
observe a notable distinction between extremely low
mergeability examples (S ∈ [0.0, 0.2)) and all other
scores (S ≥ 0.2). Examples in the lowest bin exhibit
significantly higher average norms and singular values.

are LoRA update matrices): (i) Frobenius norm
∥∆W∥F , previously shown to influence mergeabil-
ity (Pari et al., 2025; Horoi et al., 2025) and (ii)
highest singular value σmax(∆W ), which captures
dominant update directions (Stoica et al., 2025).

In the PopQA setting (Figure 3), we observe
that the highest mergeability examples tend to have
slightly higher norms and higher σmax. However,
overall the correlations to mergeability are close
to zero (0.10 and 0.09 Spearman’s). The Lots-of-
LoRAs analysis (Table 1) again shows no consis-
tent trend across mergeability scores. However, we
observe a notable distinction between extremely
low mergeability examples (S ∈ [0.0, 0.2)) and all
other scores (S ≥ 0.2). Examples in the lowest
bin exhibit significantly higher average norms and
singular values.

The difference in trends between PopQA and
Lots-of-LoRAs might be explained by the differ-
ence in training setting - single model parameter
training (mlp up proj) and single layer training
in PopQA versus multiple model parameters (at-
tention Q, K, and V matrices) and multiple layer
training in Lots-of-LoRAs. However, in both exper-
iments we do not observe a clear correlation be-
tween weight properties and mergeability score.

5 Other Mergeability Properties
Having examined potential causes of mergeability,
we next turn to complementary aspects of this phe-
nomenon: properties that characterize how merge-
ability behaves under different conditions.

5.1 Is mergeability local or global?

Previous work has shown that merging is affected
by the merge set, and more specifically, by the
shared knowledge between tasks (Zaman et al.,
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Figure 5: The mergeability score when merging weights
θ∆ with mergeability score S(θ∆) = 1.0 with weights
drawn from different mergeability scores. The blue
line, which represents examples with a fixed score
S(θ∆) = 1.0, shows near-constant accuracy across con-
ditions, while the orange line (other mergeability group
examples) improves with their own mergeability score.
The shaded regions represent the standard error of the
accuracy.

2024). However, what happens when no shared
knowledge exists? To test whether mergeability is
an intrinsic property of a model update or depends
on the merge set, we conduct a controlled exper-
iment under the PopQA setting. We fix a set of
highly mergeable model updates (S(θ∆) = 1.0)
and merge them with groups drawn from bins of
varying mergeability scores. If mergeability is a
local trait depending only on the target model up-
date and not on the merge set, then performance
on the fixed S(θ∆) = 1.0 updates should re-
main stable regardless of the partner group. Fig-
ure 5 confirms this hypothesis: blue bars (fixed
S(θ∆) = 1.0 updates) show near-constant accu-
racy across conditions, while orange bars (other
mergeability group updates) improve with their
own mergeability score.

This finding suggests that mergeability is primar-
ily an intrinsic property of the LoRA update itself
rather than an emergent property of the merge set.

5.2 How merging algorithm affects
mergeability?

Our experiments primarily employed KNOTS (Sto-
ica et al., 2025), the current state-of-the-art algo-
rithm for merging LoRA weights. To assess how
the choice of merging algorithm influences merge-
ability, we compare KNOTS with two other merging
algorithms: TIES (Yadav et al., 2023) and simple
mean averaging.

Figure 6 presents the mergeability score dis-
tribution for the Qwen model on PopQA using
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Figure 6: Mergeability score distribution for the Qwen
model on PopQA using different merging algorithms
(log scale). As the method is ‘weaker’, more examples
are in the higher bins.

these merging algorithms. A clear trend emerges:
“weaker” algorithms exhibit more examples in the
higher mergeability bins. Specifically, TIES yields
more examples with scores S(θ∆) ≥ 0.8 than
KNOTS, while mean averaging produces the largest
number of examples at S(θ∆) = 1.0.

This pattern reflects the degree of interference
resolution. Mean averaging, the weakest method,
performs no conflict mitigation—weights tend to ei-
ther merge or fail. TIES introduces global sign con-
flict resolution, and KNOTS further aligns update
subspaces, improving overall merging. However,
these interventions slightly reduce the proportion of
perfectly mergeable examples, suggesting a trade-
off between resolving interference and preserving
higher mergeability.

6 Mergeability Score for Better Merging
Our analysis of mergeability revealed a consistent
relationship between a base model’s task accuracy
and the corresponding model update mergeability
(§4). Specifically, model updates corresponding
to tasks where the base model already performs
well tend to have a better mergeability than model
updates of tasks with lower base model accuracy.
This suggests that naive averaging of adapter may
overemphasize high-accuracy tasks, while under-
weighting tasks that have lower mergeability.

To address this imbalance, we propose a
weighted averaging strategy where the contribu-
tion of each model update is inversely proportional
to the base model’s accuracy on the corresponding
task. The intuition is to assign a higher weight to
model updates that have lower mergeability, while
limiting the influence of model updates on tasks for
which the base model already works well.

Let {Θ∆1,Θ∆2, . . . ,Θ∆T } be a set of model up-
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Figure 7: Simple mean merging versus weighted mean
merging based on base model accuracy. Weighted av-
erage merging (orange bars), low-accuracy tasks (tasks
0 and 1) retained more of their fine-tuned performance,
while high-accuracy tasks experienced minimal degra-
dation (task 3) or no degradation at all (task 4).

dates corresponding to tasks {t1, t2, . . . , tT }. For
each task ti, we compute the base model accuracy
Acc(ti) ∈ [0, 1]. We then define the inverse accu-
racy score as si = 1 − Acc(ti). To convert these
scores into weights, we apply a softmax function
with temperature τ : wi =

exp(si/τ)∑T
j=1 exp(sj/τ)

. The final

merged adapter is computed as a weighted sum:

Lmerged =
T∑

i=1

wi ·Θ∆i (6)

This approach ensures that tasks where the base
model performs poorly (i.e., high si) receive higher
weights, while tasks with a high base accuracy
are down-weighted. The temperature parameter
τ controls the sharpness of the weighting distribu-
tion: lower values of τ emphasize differences more
strongly.

To evaluate our method, we used the Lots-of-
LoRAs collection. We sampled 2 random tasks
with a low base model accuracy and 2 tasks with a
high base model accuracy, and merged their model
updates using a weighted average as described
above. As shown in Figure 7, in the weighted aver-
age experiment (orange bars), low-accuracy tasks
(tasks 0 and 1) retained more of their fine-tuned per-
formance, while high accuracy tasks experienced
minimal degradation (task 3) or no degradation
at all (task 4). In regular averaging (blue bars),
tasks with lower base model accuracy experienced
a higher performance degradation.

7 Related Work
Model merging. Model merging has emerged as
a technique for combining fine-tuned models (each
expert on a different task) into a single, multitask
model without requiring additional training. Di-
rect approach is a simple average of the weights.
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Wortsman et al. (2022) proposed Model Soups,
finding that averaging the weights of multiple fine-
tuned variants can improve accuracy and out-of-
distribution robustness over the individual models.

Another line of work addresses direct conflicts
between model parameters. Yadav et al. (2023)
propose TIES-Merging, which identifies and re-
solves conflicting parameter updates (differences
in sign or scale for the same weight in different
models) prior to merging. By correcting such sign
mismatches and scaling disparities, their method
reduces destructive interference, leading to merged
models that suffer smaller drops in accuracy. In
the context of parameter-efficient fine-tuning, Sto-
ica et al. (2025) focuses on merging LoRA adapter
weights. They found that averaging LoRA deltas
is challenging due to misaligned update subspaces,
and introduced an SVD-based alignment (KNOTS)
to transform each model’s adapter weights into a
common basis before merging. This alignment
significantly improved the compatibility of fine-
tuned LoRA weights. Ilharco et al. (2023) ex-
plores model merging using task vectors. They
define a task vector as the difference between a
fine-tuned model’s weights and the original base
model’s weights. These task vectors can then be
added, subtracted, or scaled.

What helps mergeability? Prior work has begun
to explore this phenomenon. Zaman et al. (2024)
showed that unshared knowledge between tasks is
retained less during merging. They observe that
when models are merged, information that was
learned by all the experts is usually preserved in
the fused model, whereas information unique to
a single model is prone to being overwritten or
forgotten. The importance of aligned representa-
tions and update directions has also been noted.
Some works looked at the effect of the chosen base
model on mergeability. Yadav et al. (2025) and He
et al. (2025) show that it is easier to merge bigger
and stronger base models. Other works considered
how the process of training itself affects merging,
suggesting that more training, which shows larger
norm updates (Gueta et al., 2023) leads to worse
merging performance (Pari et al., 2025; Horoi et al.,
2025). Stoica et al. (2025) highlighted that merging
LoRA fine-tunings can fail when the two models’
updates reside in different singular directions, ef-
fectively lacking a shared basis. Ainsworth et al.
(2023); Jordan et al. (2023) similarly point out that
two networks might need a permutation alignment

to correspond to the same functions. These works
suggest that when models make fundamentally dif-
ferent internal choices, naive merging will cause
interference.

While all mentioned works at least implicitly
point to what makes a good merging outcome, we
are the first to notice specific models are merged
better even under similar training conditions and
as an outcome, the first to demonstrate reasons for
that phenomenon.

Affinity outside model merging. In fields such
as multitask learning (Bingel and Søgaard, 2017;
Kim et al., 2023), continual and intermediate train-
ing (Poth et al., 2021), many works have studied
which tasks aid each other or, in general, which
curriculum is beneficial (Hacohen and Weinshall,
2019; Shrivastava et al., 2016). There, a common
theme is discussing how a specific task might help
another (e.g., a low-resource language improved
by training on English Bansal et al., 2018). Fewer
works point at universality, as we do, where specific
models are inherently good. Those include works
on fine-tuning (Choshen et al., 2023) and reinforce-
ment learning (Guo et al., 2025), but perhaps most
known is pretraining itself, which is shown to be
a strong start for many counterparts (Devlin et al.,
2019; Aryabumi et al., 2024).

8 Conclusions
In this work, we show the existence of and analyze
mergeability - a property of the model updates that
quantifies the robustness of model updates when
merged with other model updates. Our analysis
across both example-level and task-level settings,
demonstrates that mergeability is not uniformly dis-
tributed: some model updates have a better merge-
ability than others. We raised different key possi-
ble causes for mergeability: base model general
domain knowledge, weight properties, and base
model specific task knowledge. To investigate this
property, we define a mergeability score, which
allows us to measure mergeability and study what
affects it. We find that base model task knowl-
edge is correlative with mergeability – instances
with higher knowledge in the base model are more
mergeable. Moreover, we find evidence that merge-
ability is an intrinsic property of the model update
itself, and not a property of the merging set. Fi-
nally, we illustrated how mergeability scores can
guide improved merging strategies, mitigating im-
balances between tasks with differing base model
familiarity.

8
26558



Limitations

While this work is based on an extensive set of
experiments, several limitations are worth noting
and can be addressed in future research. First, our
approach can be readily extended to evaluate addi-
tional datasets, tasks, and base models to further
verify the consistency of our core findings. Second,
although our analysis focuses on merging LoRA
adapters, it can naturally be extended to other types
of tuned models, from full-model fine-tuning to al-
ternative adapter architectures and even local model
updates. Third, while we use KNOTS as our pri-
mary merging algorithm, other approaches such as
Ties and Mean merit further exploration.

Ethical considerations

Our work adds to the body of literature on model
merging and might help develop better merging al-
gorithms. We do not foresee major risks associated
with this work. However, a malicious actor might
use our analysis to better understand how to am-
plify unwanted behaviours during model merging.
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A Appendix

A.1 Additional Results for §4
In this section, we include additional results of ex-
periments to test the causes of mergeability (§4).
Figures A.1 and A.2 show a bar plot of ∆base and
∆trained results from Figure 3, respectively. Table
A.1 summarizes the PopQA results for weight prop-
erties and general domain knowledge from Figure 3.
Figure A.3 shows the average base model (Llama
3.2) probability of the correct answer. Figure A.4
shows the average rank of the correct answer in
the base model (Llama 3.2). Figures A.5 and A.6
report the Lots-of-LoRAs experimental result con-
cerning weight properties (§4.2).
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Figure A.1: PopQA average difference between the
highest and the correct answer probability in the base
model. We observe that the gap decreases with merge-
ability, implying that examples with better base model
knowledge are more mergeable.
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Figure A.2: PopQA average difference between post-
training and original model answer probability for dif-
ferent mergeability scores. High-mergeability examples
achieve larger post-training probability improvements,
although they were easier to “fix”.
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Figure A.3: For the PopQA multiple-choice setting,
with the Llama model, we report the average probability
of the correct answer in the base model.
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Figure A.4: For the PopQA multiple-choice setting,
with the Llama model, the figure shows the average rank
(lower is better) of the correct answer in the base model
of different mergeability scores. While we generally
observe that higher-mergeability examples correspond
to lower ranks, we also observe a non-monotonic jump
for S = 1.0.
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Figure A.5: Lots-of-LoRAs train data perplexity of dif-
ferent mergeability scores. We observe a global trend
where higher mergeability examples have a lower aver-
age perplexity.
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Mergeability score 0.0 0.2 0.4 0.6 0.8 1.0

Avg perplexity 9.80 9.71 9.61 9.26 9.34 10.40
Avg context length

(# of tokens)
704.36 649.25 567.84 765.77 560.33 695.59

Avg weight norm 14.91 15.11 14.90 14.81 14.67 15.28
Avg weight σmax 18.73 19.13 18.83 18.29 18.33 19.47

Table A.1: PopQA results for weight properties and general domain knowledge. There is no clear trend between
mergeability score and training data difficulty (average perplexity and average context length) or weight-level
properties (average weight norm and average highest singular value).
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Figure A.6: Lots-of-LoRAs train data length (number of
tokens) of different mergeability scores. Higher merge-
ability examples have longer training data on average.

A.2 Qwen Experimental Results
Figure A.7 shows experimental results on PopQA
dataset on the Qwen model. Trends are inline with
Llama model results (Figure A.1), with a decrease
in the gap as mergeability score increases. This im-
plies that examples with better base-model knowl-
edge are more mergeable. Table A.2 shows exper-
imental results with the Qwen model for the two
other possible causes (§4.2, §4.3). Trends are sim-
ilar to Llama model results from the main paper
(Figure 3).

A.3 How M and N Values Affect
Mergeability?

Similar to Figure 2, Figure A.8 shows the merge-
ability distribution of the Llama model with N =
5,M = 50, and Figure A.9 shows the mergeability
scores with N = 20,M = 50. We also experiment
with different settings for M . Figure A.10 shows
the mergeability distribution with N = 5,M = 10.
Similar figures for the Qwen model are A.11 and
A.12 with N = 5,M = 50 and N = 10, <= 50,
respectively. All figures show the difference from
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Figure A.7: PopQA average difference between the
highest and the correct answer probability in the base
model (Qwen). We observe that the gap decreases with
mergeability, implying that examples with better base
model knowledge are more mergeable.

a baseline distribution and support the existence
of mergeability. We also examined the robustness
of the mergeability score to different N and M
values. Figures A.13 and A.14 show the change in
the mergeability score as a function of N and M ,
respectively. In both Figures we see that merge-
ability scores calculated with one M,N value are
correlated with mergeability scores calculated with
different M and N values, showing that scores are
consistent under different parameters.
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Mergeability score 0.0 0.2 0.4 0.6 0.8 1.0

Avg ppl 12.22 11.94 10.73 14.20 10.56 12.45
Avg context length

(# of tokens)
589.52 893.25 540.48 1105.33 777.62 462.91

Avg weight norm 17.90 17.84 17.54 16.90 17.63 18.11
Avg weight highest singular value 26.21 25.83 25.45 23.78 25.85 26.99

Table A.2: Qwen model results for weight properties and training data difficulty in §4.
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Figure A.8: Mergeability scores distribution of Llama-
3.2-3B on the PopQA dataset with N = 5,M = 50.
Blue and wide bars show the mergeability score as em-
pirically calculated. Red thin bars show the baseline
distribution if mergeability was not a model trait, and
hence it was a binomial distribution with a fixed success
rate.
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Figure A.9: Mergeability scores distribution of Llama-
3.2-3B on the PopQA dataset with N = 20,M = 50.
Blue and wide bars show the mergeability score as em-
pirically calculated. Red bars show the baseline distri-
bution if mergeability was not a model trait, and hence
it was a binomial distribution with a fixed success rate.
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Figure A.10: Mergeability scores distribution of Llama-
3.2-3B on the PopQA dataset with N = 10,M = 10.
Blue and wide bars show the mergeability score as em-
pirically calculated. Red thin bars show the baseline
distribution if mergeability was not a model trait, and
hence it was a binomial distribution with a fixed success
rate. Compared to Figure 2, which shows the results for
M = 50, we see fewer examples with a mergeability
score of 0 and more examples with a higher mergeabil-
ity score.
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Figure A.11: Mergeability scores distribution of
Qwen2.5-3B on the PopQA dataset with N = 10,M =
50. Blue and wide bars show the mergeability score as
empirically calculated. Red thin bars show the baseline
distribution if mergeability was not a model trait, and
hence it was a binomial distribution with a fixed success
rate.
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Figure A.12: Mergeability scores distribution of
Qwen2.5-3B on the PopQA dataset with N = 5,M =
50. Blue and wide bars show the mergeability score
as empirically calculated. Red and thin bars show the
baseline distribution if mergeability was not a model
trait, and hence it was a binomial distribution with a
fixed success rate.
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Figure A.13: We compare the mergeability score when
experimenting with different N values using Qwen2.5-
3B on the PopQA dataset. The x-axis is the mergeability
score for the M = 50, N = 5 experiment. The y-axis
shows the average mergeability score of those examples
when experimenting with different N values. We ob-
serve an increasing trend for all tested N values, which
indicates that examples with a higher mergeability score
in N = 5 also had a higher mergeability score when
experimented with other N values.
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Figure A.14: We compare the mergeability score when
experimenting with different M values using Qwen2.5-
3B on the PopQA dataset. The x-axis is the mergeability
score for the M = 50, N = 5 experiment. The y-axis
shows the average mergeability score of those exam-
ples when experimenting with different M values. We
observe a near-perfect increasing trend for all tested
M values, which indicates that examples with a higher
mergeability score in M = 50 also had a higher merge-
ability score when experimented with other M values.
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A.4 Lots-of-LoRAs additional experiments

Figure A.15 shows a scatter plot of the average
performance degradation after merging as a func-
tion of the base model accuracy. We can observe a
general trend of lower degradation for higher base
model accuracies. In the main paper (§4), we ex-
perimented only with tasks where the finetuned
model achieves at least 99% accuracy. In this sec-
tion we include experimental results with more test
accuracy thresholds. Figures A.16, A.17. A.18
and A.19 show the average base model accuracy
for different mergeability scores when experiment-
ing with tasks that the finetuned model achieves
above 75%, 50%, 25% and 0% accuracy (respec-
tively). We can see that trends are similar across all
thresholds (including main paper results at Figure
4), where higher mergeability scores have higher
average base model accuracy.
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Figure A.15: Scatter plot of the average accuracy degra-
dation as a function of the base model accuracy. Figure
4 is obtained by calculating the accuracy after degrada-
tion and splitting into bins.

A.5 Additional Experimental Results

Figure A.20 shows the accuracy when merging ex-
amples from a single mergeability group. Higher
accuracies are obtained for higher mergeability
scores. Figure A.21 shows the accuracy of a set
of examples with different percentages of highly
mergeable examples. We took a set of 50 lowest
mergeability examples and 50 highest mergeability
examples, and each time we merge 50 examples,
while changing the percentage of highly mergeable
examples from 0% to 100%. We see that as the per-
centage of highly mergeable examples increases,
accuracy also increases. Figure A.22 shows the ac-
curacy for different mergeability scores when merg-
ing an increasing number of examples. For a small
number of merged examples, we see that the lines
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Figure A.16: Lots-of-LoRAs average base model task
accuracy of different mergeability scores, for tasks with
base model accuracy of above 75%. Higher mergeability
scores have on average a higher base model accuracy.
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Figure A.17: Lots-of-LoRAs average base model task
accuracy of different mergeability scores, for tasks with
base model accuracy of above 50%. Higher mergeability
scores have on average a higher base model accuracy.
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Figure A.18: Lots-of-LoRAs average base model task
accuracy of different mergeability scores, for tasks with
base model accuracy of above 25%. Higher mergeability
scores have on average a higher base model accuracy.
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Figure A.19: Lots-of-LoRAs average base model task
accuracy of different mergeability scores, for all avail-
able tasks (tasks with base model accuracy of above
0%). Higher mergeability scores have on average a
higher base model accuracy.

are not ordered by their mergeability scores. As the
number of merged examples increases, the lines
change their order according to their mergeabil-
ity scores. This shows that the number of merged
examples (M ) might have an effect of the merge-
ability score.
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Figure A.20: Accuracy when merging examples from
the same mergeability group. We can see a trend of
higher accuracy as the mergeability score increases.

A.6 Experiments Hyperparameters

For LoRA adapter PopQA training, we use the
hyperparameters in Table A.3. For the mergeability
score calculation, we use M = 50 and N = 5 or
N = 10 in PopQA, and M = 10 and N = 5 for
Lots-of-LoRAs.

A.7 Affect of LoRA Rank

In the main text (§4) we experimented with a fixed
LoRA rank r = 64. In this section, we include
results for additional LoRA ranks, r = 8 and
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Figure A.21: Accuracy when merging a set of examples
with different percentage of highly mergeable examples.
We can see a trend of higher accuracy as more examples
are with a high mergeability scores.
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Figure A.22: Accuracy for different mergeability scores
when merging an increasing number of examples. For a
small number of merged examples (n = 5 for example),
we see the lines are not ordered by their mergeability
score. As the number of merged examples increases, the
lines change their order according to their mergeability
score. This shows that the number of merged examples
(M ) might have an effect of the mergeability score.

16
26566



Model Llama Qwen

LoRA r 64 64
LoRA α 128 128
LoRA trained layer 14 18
LoRA trained param mlp.up_proj mlp.up_proj
lr 4e-3 4e-3
epochs 10 10

Table A.3: PopQA training hyperparameters.
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Figure A.23: Mergeability scores distribution of
Qwen2.5-3B on the PopQA dataset with N = 5,M =
50 and LoRA rank r = 8. Blue and wide bars show the
mergeability score as empirically calculated. Red and
thin bars show the baseline distribution if mergeability
was not a model trait, and hence it was a binomial dis-
tribution with a fixed success rate.

r = 256. Besides the change of the rank, we main-
tained the identical experimental setup described in
§3, using the Qwen 3B base model and evaluating
using the example-level PopQA dataset. Figures
A.23, A.25 show the mergeability score distribution
for r = 8/256, respectively. Both figures show the
difference from a baseline distribution and support
the existence of mergeability. Figures A.24, A.26
show experimental results for r = 8/256, respec-
tively. For r = 8 trends are inline with r = 64 re-
sults (Figure A.7), with lower differences for higher
mergeability scores. For r = 256 we also observe
a general decreasing effect. However, trends are
less sharp compared to r = 64 results.

A.8 Mergeability of Full Finetuning

To verify that mergeability is not a phenomenon ex-
clusive to parameter-efficient LoRA fine-tuning,
we extended our evaluation to full model fine-
tuning. We utilized the same Qwen 3B base model
and the PopQA dataset experimental setup de-
scribed in §3, but trained all model parameters
instead of using LoRA adapters. Since the KNOTS
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Figure A.24: PopQA average difference between the
highest and the correct answer probability in the base
model (Qwen). Mergeability scores are for examples
trained with LoRA rank r = 8. We observe that the gap
decreases with mergeability, implying that examples
with better base model knowledge are more mergeable.
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Figure A.25: Mergeability scores distribution of
Qwen2.5-3B on the PopQA dataset with N = 5,M =
50 and LoRA rank r = 256. Blue and wide bars show
the mergeability score as empirically calculated. Red
and thin bars show the baseline distribution if mergabil-
ity was not a model trait, and hence it was a binomial
distribution with a fixed success rate.
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Figure A.26: PopQA average difference between the
highest and the correct answer probability in the base
model (Qwen). Mergeability scores are for examples
trained with LoRA rank r = 256. We observe that the
gap generally decreases with mergeability, implying that
examples with better base model knowledge are more
mergeable.
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Figure A.27: Mergeability scores distribution of
Qwen2.5-3B on the PopQA dataset with N = 5,M =
50 and full finetuning training. The scores were calcu-
lated using mean merging. Blue and wide bars show the
mergeability score as empirically calculated. Red and
thin bars show the baseline distribution if mergeability
was not a model trait, and hence it was a binomial dis-
tribution with a fixed success rate.

Figure A.28: PopQA average difference between the
highest and the correct answer probability in the base
model (Qwen). Mergeability scores are for examples
trained with full finetuning. The scores were calculated
using mean merging. We observe that the gap generally
decreases with mergeability, implying that examples
with better base model knowledge are more mergeable.

algorithm is designed for LoRA weight merging,
we employed two alternative merging algorithms
suitable for full weights: TIES-Merging and sim-
ple mean merging. Figures A.27 and A.29 show
that mergeability also occurs in the full finetun-
ing case. Experimental results in Figures A.28
and A.30 generally follow the expected decreas-
ing trend. Those results show that our findings,
examples where the base model has better knowl-
edge of are more mergeable, also hold for the full
finetuning training.

A.9 Different Merging Algorithms
In addition to the main paper results using KNOTS

merging algorithm, we also examined other merg-
ing algorithms - TIES and mean. We used the
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Figure A.29: Mergeability scores distribution of
Qwen2.5-3B on the PopQA dataset with N = 5,M =
50 and full finetuning training. The scores were calcu-
lated using TIES merging algorithm. Blue and wide
bars show the mergeability score as empirically calcu-
lated. Red and thin bars show the baseline distribution
if mergeability was not a model trait, and hence it was a
binomial distribution with a fixed success rate.

Figure A.30: PopQA average difference between the
highest and the correct answer probability in the base
model (Qwen). Mergeability scores are for examples
trained with full finetuning. The scores were calculated
using TIES merging. We observe that the gap generally
decreases with mergeability, implying that examples
with better base model knowledge are more mergeable.
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Qwen 3B base model and the PopQA dataset ex-
perimental setup described in §3 with the change of
using a different merging algorithm for mergeabil-
ity measurements. Figure A.31 and A.33 show the
mergeability score distribution for TIES and mean
merging, respectively. TIES distribution shows sim-
ilar trends to KNOTS (Figure A.12 and supports the
existence of mergeability. Mean distribution shows
similar trends to Figure 6, with a high number of ex-
amples in the S = 1.0 bin and a very small number
of examples in the middle bins (0 < S < 1). As
discussed in (§5.2), we can attribute this to the lack
of any conflict mitigation in mean merging. TIES
experimental results (Figure A.32) show the same
decreasing trend between base model knowledge
and mergeability score, revealing that our results
also hold for TIES merging. When using mean
merging, the experimental results (Figure A.34)
does not show the decreasing trend anymore. We
can attribute this to the low number of examples
with 0 < S < 1 that may lead to inaccurate evalua-
tion.

We further tested how the mergeability score of
examples changes as we change the merging algo-
rithm. Figure A.35 shows the mergeability score of
examples using TIES or mean merging compared
to their score as calculated when using KNOTS as
the merging algorithm. The x-axis is the mergeabil-
ity score when using KNOTS merging. The y-axis
shows the average mergeability score of those ex-
amples when experimenting with different merging
algorithms - TIES or mean. We observe an in-
creasing trend for both merging algorithms, which
indicates that examples with a higher mergeabil-
ity score obtained using KNOTS also had a higher
mergeability score when experimented with other
merging algorithms. We also see that KNOTS and
TIES scores are more similar compared to mean.
This can be explained by the reason that both use a
conflict mitigation algorithm compared to mean.
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Figure A.31: Mergeability scores distribution of
Qwen2.5-3B on the PopQA dataset with N = 5,M =
50 and LoRA r = 64. The scores were calculated using
TIES merging algorithm. Blue and wide bars show the
mergeability score as empirically calculated. Red and
thin bars show the baseline distribution if mergability
was not a model trait, and hence it was a binomial dis-
tribution with a fixed success rate.
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Figure A.32: PopQA average difference between the
highest and the correct answer probability in the base
model (Qwen). The scores were calculated using TIES
merging. We observe that the gap generally decreases
with mergeability, implying that examples with better
base model knowledge are more mergeable.
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Figure A.33: Mergeability scores distribution of
Qwen2.5-3B on the PopQA dataset with N = 5,M =
50 and LoRA r = 64. The scores were calculated using
mean merging. Blue and wide bars show the mergeabil-
ity score as empirically calculated. Red and thin bars
show the baseline distribution if mergability was not
a model trait, and hence it was a binomial distribution
with a fixed success rate.
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Figure A.34: PopQA average difference between the
highest and the correct answer probability in the base
model (Qwen). The scores were calculated using mean
merging. We do not observe a correlation with the
mergeability score. This might be exaplined by the low
number of examples with 0 < S < 1.
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Figure A.35: We compare the mergeability score cal-
culated using KNOTS to other merging algorithms. Re-
sults are for Qwen2.5-3B on the PopQA dataset. The
x-axis is the mergeability score when calculated using
KNOTS. The y-axis shows the average mergeability
score of those examples when calculated with other
merging algorithms. We observe an increasing trend for
both mean and TIES.
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