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From Memorization to Parameter Interference:
How Overtraining Experts Harms Model Merging

Anonymous Authors1

Abstract

Modern deep learning is increasingly character-
ized by the use of open-weight foundation mod-
els that can be fine-tuned on specialized datasets.
This has led to a proliferation of expert models
and adapters, often shared via platforms like Hug-
gingFace and AdapterHub. Model merging has
recently emerged as an effective way to leverage
these existing resources, enabling the composition
of capabilities from different model checkpoints.
A natural pipeline has thus formed to harness the
benefits of transfer learning and amortize sunk
training costs: models are pre-trained on general
data, fine-tuned on specific tasks, and then mul-
tiple checkpoints are merged to obtain a more
capable model. A prevailing assumption is that
improvements at one stage of this pipeline propa-
gate downstream, leading to gains at subsequent
steps. In this work, we challenge that assump-
tion by examining how expert fine-tuning affects
model merging. We show that long fine-tuning
of experts that optimizes for their individual per-
formance leads to degraded merging performance
across vision and language modalities, multiple
model scales, and both fully fine-tuned and LoRA-
adapted models. We trace this degradation to the
memorization of a small set of difficult exam-
ples that dominate late fine-tuning steps. This
causes negative parameter interference and en-
codes knowledge that is forgotten during merging.
Finally, we demonstrate that task-dependent ag-
gressive early stopping strategies can significantly
improve model merging performance.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

1. Introduction
The rise of open-weight foundation models, such as CLIP
(Radford et al., 2021; Ilharco et al., 2021), T5 (Raffel
et al., 2020) and the more recent Gemma (Team, 2025),
Llama (Grattafiori et al., 2024) and DeepSeek (DeepSeek-
AI, 2024), has caused a paradigm shift in the field of ma-
chine learning. Instead of training a model from scratch as
was previously the norm, it is now increasingly common for
practitioners and researchers alike to start with a pre-trained
foundation model and then fine-tune it on a task of inter-
est (Stanford-CRFM, 2021). This approach leverages the
benefits of transfer-learning, leading to performance and ro-
bustness gains. The proposal of multiple parameter-efficient
fine-tuning (PEFT) methods (Hu et al., 2022; Liu et al.,
2022), which reduce the computational costs of fine-tuning
and limit catastrophic forgetting by only updating a subset
of the model parameters, further enables this approach. This
has lead to a proliferation of different versions of these foun-
dation models and of PEFT adapters, fine-tuned on a variety
of downstream tasks, which are openly accessible on public
model repositories such as Hugging Face (Wolf et al., 2019)
and Adapter Hub (Pfeiffer et al., 2020).

Model merging has recently emerged as an effective way to
leverage existing model checkpoints and adapters. Merging
methods allow the combination of multiple fine-tuned ver-
sions of the same foundational model into one, preserving
the size and therefore the computational and memory re-
quirements of the original pre-trained model while infusing
it with multiple new capabilities (Matena & Raffel, 2022;
Jin et al., 2023; Ilharco et al., 2023; Yadav et al., 2023;
Yu et al., 2024; Davari & Belilovsky, 2024). The advent
of model merging techniques and open-source libraries for
merging (Kandpal et al., 2023; Goddard et al., 2024) has
had an important impact on the deep learning community,
providing a simple, training-free way to create better models
from already existing checkpoints and adapters. In the past
year, many of the top performing models on HuggingFace’s
Open LLM Leaderboard (Beeching et al., 2023) have re-
sulted from the merging of fine-tuned checkpoints (Yu et al.,
2024).

A natural pipeline has therefore emerged to leverage the
benefits of transfer-learning and amortize past sunk train-
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From Memorization to Parameter Interference

ing costs: large models are pre-trained in an unsupervised
fashion on large amounts of general, unlabeled data; these
foundational models are then fine-tuned, potentially using
PEFT techniques, on specialized datasets or tasks; finally
these fine-tuned expert checkpoints or adapters are merged
and combined to create more capable, often multi-task mod-
els.

A common assumption is that increased performance at one
stage of this pipeline will propagate downstream. In other
words, a stronger pre-trained model should yield a stronger
fine-tuned model, and similarly, stronger fine-tuned experts
should produce a stronger merged model. We challenge this
assumption in this work by studying the following questions:
How does expert training affect model merging? and Do all
capabilities and knowledge transfer equally well?

We find that long fine-tuning that optimizes for expert perfor-
mance can substantially hurt model merging, a phenomenon
to which we refer as “overtraining” in the context of this
paper. While overtrained experts might be better on their
respective fine-tuning tasks, they lead to worse performance
when merged. We validate this phenomenon across diverse
settings, including merging fully fine-tuned and LORA-
adapted models, in both vision and language domains and
across different model families and sizes. We use tools from
the data difficulty literature to link prolonged training to the
memorization of hard examples. This memorization causes
negative parameter interference, leading to hard examples
being overwhelmingly forgotten during merging, while easy
examples remain correctly classified While some recent
work has hinted that undertraining experts can benefit merg-
ing performance (Pari et al., 2024; Zhou et al., 2025), our
work provides a systematic analysis of this phenomenon,
and demonstrates how simple early stopping strategies can
significantly improve the efficacy of existing merging tech-
niques. Our research introduces a critical new dimension to
model merging, showing how careful expert training, and
targeted checkpoint release can unlock improved perfor-
mance.

Concretely, our contributions are the following:
• We show that overtraining full fine-tuned (FFT) mod-

els produces sub-optimal merges (Section 3.1), and
that the negative impact is even stronger when using
LoRA adapters for parameter-efficient fine-tuning (Sec-
tion 3.2);

• We explain this phenomenon through the lens of data
difficulty in Section 4, showing that later training steps
are dominated by the memorization of a small frac-
tion of difficult examples, which are predominantly
forgotten during merging due to negative parameter
interference.

• We show that task-dependent expert training duration
can further improve model merging performance. We

propose early stopping as a general principle to encour-
age expert undertraining. Our early stopping strategies
effectively adapt training duration per task and can
recover optimal merging accuracy (Section 5).

2. Preliminaries and methodology
2.1. Model merging

Model merging has recently gained a lot of popularity as a
means to combine the abilities of multiple fine-tuned ver-
sions of the same pre-trained model into one, preserving the
model architecture and size (Yang et al., 2024). Formally, a
model merging method, Merge, takes the parameters θ0 of
the pre-trained foundation model, and parameters {θt}t∈T
of the multiple experts, which are fine-tuned models on
each task t from a set T , and outputs the parameters of
the merged model θ̄ = Merge(θ0, {θt}t∈T ). A simple ex-
ample of this combination step is averaging the different
fine-tuned models’ parameters:

θ̄ = 1
|T |

∑
t∈T θt. (1)

Merging methods are generally motivated by the observa-
tion that fine-tuned models exhibit linear mode connectivity:
their loss minima are connected by low-loss linear paths in
parameter space (Frankle et al., 2020; Sharma et al., 2024).
This property typically emerges because fine-tuned models
share substantial portions of their training trajectories (Fran-
kle et al., 2020; Neyshabur et al., 2020), and is therefore a
key reason merging is expected to be feasible. Nonetheless,
a common challenge in model merging is the observed per-
formance degradation of the merged model θ̄ on individual
tasks t ∈ T , relative to the original fine-tuned model θt.
This phenomenon has been coined “interference”, and a
plethora of merging methods have been proposed to reduce
interference when merging models and to preserve as much
of the accuracy of the expert models as possible (Matena &
Raffel, 2022; Jin et al., 2023; Yadav et al., 2023; Yu et al.,
2024; Deep et al., 2024; Davari & Belilovsky, 2024). These
methods have mainly focused on modifying the experts pa-
rameters {θt}t∈T or the respective task vectors {τt}t∈T ,
where τt = θt − θ0, and / or changing the combination step.
We consider 4 popular merging methods:

• Average simply averages the parameters of all fine-
tuned models following Equation (1);

• Task Arithmetic (TA) (Ilharco et al., 2023) scales
the sum of the task vectors by a tuned scalar λ, and
adds it to the pre-trained model parameters, returning
θ0 + λ

∑
t∈T τt;

• TIES (Yadav et al., 2023) prunes low magnitude pa-
rameters from each task vector, then only averages the
remaining parameters if they have the same sign as the
weighted majority;
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From Memorization to Parameter Interference

• DARE (Yu et al., 2024) randomly prunes a fraction of
each task vector parameters; the remaining parameters
are rescaled based on the pruning fraction, and are
combined as in TA.

We review other popular methods in Appendix A and detail
our hyperparameter tuning procedure for merging in Ap-
pendix B. Prior works have primarily focused on deriving
new techniques to reduce interference while assuming fixed,
standard fine-tuning protocols. The role of the fine-tuning
procedure itself, particularly its duration, has received lit-
tle attention, with some exceptions discussed in Section 6.
Our work explicitly studies how expert training time affects
mergeability.

2.2. Low-rank adaptation

Modern foundation models have tens, if not hundreds, of
billions of parameters, making full fine-tuning impractical
on typical hardware (Grattafiori et al., 2024; DeepSeek-
AI, 2024; Team, 2025). Parameter-Efficient Fine-Tuning
(PEFT) updates only a small subset of the parameters to ease
the computational burden and curb catastrophic forgetting
(Hu et al., 2022; Liu et al., 2022). Low-Rank Adaptation
(LoRA) (Hu et al., 2022), has emerged as one of the most
popular PEFT methods due to its simplicity and effective-
ness. LoRA inserts two low-rank matrices A and B into
selected linear layers of a model. If the input and output
dimension at that layer are nin and nout, LoRA uses a
rank r ≪ min(nin, nout) to define matrices A ∈ Rr×nin

and B ∈ Rnout×r. The output of that layer then becomes
(Wx+ b) + α

rBAx where α is a scaling hyperparameter.
During fine-tuning, the original model is frozen and only
the LoRA’s A,B matrices are updated.

Merging LoRA adapters At each layer, the
weight update induced by LoRA is exactly
∆W = Wfine-tuned −Wpre-trained = α

rBA. Consequently,
standard merging techniques can be directly applied to
LoRA-adapted models if the updates α

rBA are added
to the pre-trained weights or if they are directly used to
compute the task vectors. Merging the LoRA A and B
matrices separately is not recommended since this can
lead to mismatched representation spaces resulting in poor
performance (Stoica et al., 2025). Nevertheless, recent work
has observed that merging LoRA-adapted models is harder
than merging FFT models (Tang et al., 2024a; Stoica et al.,
2025), often leading to significant performance degradation.

2.3. Data difficulty
In this work, we use data difficulty scores to identify which
knowledge is transferred during merging and to relate merg-
ing performance to training dynamics and memorization.
Specifically, we use the EL2N score introduced by Paul
et al. (2021) which measures the norm of the error vector,

i.e. the predicted class probabilities minus the one-hot label
encoding. For a training example x with one-hot label y, the
EL2N score is defined as E∥p(θ, x) − y∥2, where p(θ, x)
denotes the model’s predicted class probabilities for x under
parameters θ.

Prior work has examined how individual data points influ-
ence neural network training dynamics and properties such
as generalization, memorization, and privacy, leading to the
development of various data difficulty scores (Kwok et al.,
2024). These scores aim to quantify an intrinsic charac-
teristic of the data, namely data difficulty, which captures
how easy or hard individual examples are to learn. Easy ex-
amples typically exhibit common, easily learnable features,
whereas hard examples often possess idiosyncratic structure
or even noisy labels. Such scores have been successfully
used for data pruning, with past work showing that large
fractions of easy examples can be removed with little ef-
fect on performance, while pruning a small fraction of the
hardest examples can improve generalization by eliminat-
ing outliers with uncommon features (Toneva et al., 2019)
or mislabeled data (Paul et al., 2021). Moreover, Sorscher
et al. (2022) showed that appropriate data pruning can yield
better-than-power-law error scaling with dataset size.

A natural relationship exists between data difficulty and
deep learning generalization and memorization. For in-
stance, Sorscher et al. (2022) found a 0.78 Spearman rank
correlation between EL2N scores (Paul et al., 2021) and
the memorization score presented by Feldman & Zhang
(2020). These observations suggest that correctly classi-
fying difficult examples often requires memorization, and
that a certain degree of memorization is therefore necessary
for achieving near-optimal generalization. This relationship
between memorization and generalization has been further
substantiated with theoretical results in simpler settings (At-
tias et al., 2024; Feldman, 2020).

2.4. Models and datasets
Vision domain We evaluate merging performance in a
standard vision benchmark setting using the official code-
base from (Ilharco et al., 2023): a CLIP (Radford et al.,
2021) pre-trained ViT-B-32 model (Dosovitskiy et al., 2021)
is fine-tuned on 8 image classification tasks: Cars (Krause
et al., 2013), DTD (Cimpoi et al., 2014), EuroSAT (Hel-
ber et al., 2019), GTSRB (Stallkamp et al., 2012), MNIST
(Deng, 2012), RESISC45 (Cheng et al., 2017), SUN397
(Xiao et al., 2010) and SVHN (Netzer et al., 2011). The
fine-tuning is done with a batch size of 128, the AdamW
optimizer (Loshchilov & Hutter, 2019; Paszke et al., 2019)
and a learning rate of 1e-5. We use a learning-rate scheduler
with linear warm-up for the first 10% of training, followed
by cosine annealing. When evaluating merged models, we
use the corresponding frozen classification head for each
task.
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From Memorization to Parameter Interference

Language domain For our natural language processing
(NLP) experiments, we adopt the setting of the TIES paper
(Yadav et al., 2023) and use their released code. We use
pre-trained T5-Base models (Raffel et al., 2020) which we
fine-tune on 7 tasks: QASC (Khot et al., 2020), WikiQA
(Yang et al., 2015) and QuaRTz (Tafjord et al., 2019) for
question answering; PAWS (Zhang et al., 2019) for para-
phrase identification; Story Cloze (Sharma et al., 2018)
for sentence completion and Winogrande (Sakaguchi et al.,
2020) and WSC (Levesque et al., 2012) for coreference res-
olution. We use the AdamW (Loshchilov & Hutter, 2019)
optimizer with a batch size of 256, a constant lr of 0.0001
and no weight decay. bfloat16 mixed precision training is
used to reduce GPU utilization.

Evaluation For all our experiments we report the raw,
un-normalized test accuracy averaged across the multiple
considered tasks. We chose not to use the popular nor-
malized accuracy metric because the set of experts being
merged here differs across experiments, which also changes
the normalization factor and makes comparisons inconsis-
tent. A more detailed justification is provided in Appendix
C. Our experiments are ran using the PyTorch (Paszke et al.,
2019) and HuggingFace (Wolf et al., 2019) open source
machine learning frameworks on an Nvidia Quadro RTX
8000 GPU with 48GB of memory.

3. Longer fine-tuning hurts model merging
In this section, we present results challenging the common
assumption that better fine-tuned models lead to better merg-
ing results. We show that overtrained experts lead to worse
merged models for both FFT and LoRA adaptation.

3.1. Merging fully fine-tuned models

While a multitude of model merging methods have been
proposed, the influence of the fine-tuning procedure itself
on merging remains understudied. Most prior works have
used similar fine-tuning protocols, typically training for
a fixed 2000 steps in the vision setting described in Sec-
tion 2.4. Instead of proposing yet another model merg-
ing method, we take a look at how the number of train-
ing iterations affects merging. We fine-tune our vision
and NLP models for varying number of training steps
s ∈ {2, 4, 8, 16, 32, 64, 128, 256, 512, 1024, 2048} on ev-
ery considered dataset. Each merge combines either 8 vi-
sion or 7 NLP experts (one per task) all trained for the same
duration.
Figure 1 (left) shows that, except for Average, all methods
achieve better merging performance when the ViT experts
are trained for just 256 training steps, only ∼1/8 of the
commonly used 2000. TA, TIES, and DARE yield models
with ∼3% higher accuracy at 256 steps compared to 2048,
a gain comparable to the 3.4% gap between TA and the

more sophisticated TIES at 2048 steps. The same conclu-
sions hold in the NLP setting (Figure 2 left), with both TA
and TIES peaking around 256–512 training steps. Further
training leads to a drop in merging performance of over 3%
for both merging methods. Notably, merging undertrained
experts with TA outperforms merging experts trained for
longer with TIES. Average is the only method that seems to
benefit from training the experts longer, but it consistently
underperforms overall. Moreover, TA, TIES, and DARE
show similar trends across training durations, suggesting
that training length itself, rather than the merging method,
plays a key role in merging performance.

Better experts do not necessarily lead to better merging
The black lines in the left and central panels of Figures 1
and 2 show the average accuracy of the expert models on
their respective fine-tuning tasks. In both the vision and
NLP settings, we observe that higher expert accuracy does
not necessarily translate into better merging performance.
In the vision setting, expert models trained for 256 steps
achieve an average accuracy of 88.4%, which is 1.6% lower
than at 2048 steps (90.0%). Nevertheless, merging after
256 steps yields models with approximately 3% higher ac-
curacy than merging after 2048 steps. The discrepancy is
even more pronounced in the NLP setting. Expert accuracy
improves from 78.2% at 256 steps to 82.4% at 1024 steps, a
4% gain, yet the merging accuracy of TA and TIES drops
by around 3% over the same interval. We provide a per-task
breakdown of these results in Appendix D and further ex-
periments with ViT-L-14 and BERT models in Appendix E.
The same “overtraining degrades merging” phenomenon
can be generally observed.

Effect of model scale In the right panel of Figure 2, we
compare Task Arithmetic merging accuracy across different
model sizes in the T5 family: T5-Base (220M parameters),
T5-Large (770M), and T5-3B (3B). We observe that the
same trend persists across scales: model merging perfor-
mance peaks at an intermediate number of training steps
before degrading with longer fine-tuning. Additional merg-
ing results are provided in Appendix F.

3.2. Merging LoRA adapters
We now extend our previous results to the highly relevant
setting of merging LoRA adapters. We find that long train-
ing of LoRA experts hurts merging performance even more
than in the FFT case. We add LoRA adapters at every linear
layer of the original ViT-B-32 and T5-Base models. We
use LoRA rank r = 8, scaling parameter α = 32 and
learning rates 1e-4 and 5e-4 for the ViT and T5 models re-
spectively. We train the LoRAs for different number of steps
s to evaluate the impact of training duration on accuracy
and mergeability. The parameters of the base model are kept
frozen.
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Figure 1. Average test accuracy across all 8 vision classification tasks for fully fine-tuned (right) and LoRA-adapted (left) ViT-B-32
models. We plot the average accuracy of the expert models evaluated on their respective tasks as well as merging accuracies for multiple
methods. Shaded regions show mean±std over 3 random seeds.
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Figure 2. Average test accuracy across all 7 NLP tasks for fully fine-tuned (left) and LoRA-adapted (center) T5-Base models. We plot the
average accuracy of the expert models evaluated on their respective tasks as well as merging accuracies for multiple methods. Right: Task
Arithmetic merging accuracy for different T5 model sizes. Shaded regions show mean±std over 3 random seeds.

Overtraining severely impairs LoRA merging The cen-
ter panels of Figures 1 and 2 show expert and merging
accuracies for our vision and NLP LoRA models, respec-
tively. For the ViT models, merging performance peaks
at 128 training steps (64 for DARE), with accuracies rang-
ing from 65–67% across all methods. Although further
training improves expert accuracy by about 1%, it signifi-
cantly degrades merging performance, with accuracy drops
of 5–6% for Average, TA, and DARE, and nearly 17% for
TIES. In the NLP setting, different methods reach peak
merging performance at different training durations: 512
steps for Average (66.5%), 256 for TA (68.5%), and 128
for TIES (68.6%). Expert models, however, continue to
improve, reaching an average accuracy of 81.9% at 2048
steps. Despite this, merging at 2048 steps harms perfor-
mance, with drops of 2.5%, 4.6%, and 9.9% for Average,
TA, and TIES, respectively. In Appendix G, we examine
the impact of LoRA rank and show that higher ranks lead to
smaller performance degradations when merging.

Extension to Model MoErging Our findings on expert
overtraining also extend to model MoErging, an alternative
“upcycling” strategy that combines adapters into modular
mixture-of-experts (MoE) layers rather than merging param-
eters directly (Yadav et al., 2024; Ostapenko et al., 2024). In
Appendix K, we show that MoE-fied models initialized with

overtrained LoRA experts reach approximately 2% lower
final multi-task accuracy than models initialized with un-
dertrained experts, even after continued multi-task training
of the router and expert modules. This indicates that the
negative impact of expert overtraining is not specific to pa-
rameter merging, but reflects a more general sensitivity of
model upcycling methods to expert training dynamics.

4. Why is undertraining beneficial for
merging?

In this section we use tools from the data difficulty litera-
ture to explain why undertraining is beneficial for model
merging. This allows us to make a series of empirical obser-
vations linking prolonged training to the memorization of
hard examples and to increased parameter interference.

For all the training examples from the 8 considered image
classification tasks we compute the EL2N data difficulty
scores early in fine-tuning, after only 32 steps, across 10
different seeds (different models than the ones we merge).
We note that despite being computed early in training, the
EL2N scores aim to estimate an intrinsic characteristic of the
data, independent of model training. To facilitate analysis,
we group the training examples into 10 bins according to
their EL2N scores, the 10% of examples with the lowest
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EL2N scores (the easiest examples) are in bin 1 and so on.

Observation 1: Later training stages are driven by the
memorization of hard examples. In the left panel of Fig-
ure 3 we show the relative loss of the training examples
during training. We observe that easy examples, which have
more common features, are learned very early in training.
The remaining of training is driven largely by the loss
of the difficult examples, with the top 10% of hardest ex-
amples accounting for over 50% of the total loss after the
first 100 steps. In Appendix H we quantify memorization
of examples in each data difficulty bin using three met-
rics: change in margin (gap between true class probability
and maximum probability among other classes), change in
loss, and predictive distribution shift (L1 norm of the differ-
ence between predicted probabilities). Comparing ViT-B-32
models trained for 256 and 2048 steps, all metrics show
changes orders of magnitude larger for the hardest examples
(bin 10) than for the easiest (bin 1), despite only modest
accuracy gains on the test set (1.6% on average) and on the
training set (4%). This suggests that memorization of hard
examples occurs during the later stages of training.

Observation 2: Later training stages result in idiosyn-
cratic parameter updates causing increases in parameter
interference. As discussed in Section 2.3, hard examples
represent outliers with uncommon features or noisy labels.
Therefore, it stands to reason that the memorization of such
examples would also yield idiosyncratic parameter updates
that don’t generalize across tasks. In Appendix I we estimate
the amount of parameter interference between the task vec-
tors obtained with various training durations using four dif-
ferent metrics: sign conflict percentage, parameter overlap
percentage, magnitude ratio and per-parameter variance.
All of these parameter interference scores increase with
training duration, confirming that longer training yields
idiosyncratic parameter updates leading to more param-
eter interference. Since parameter interference is a well
accepted explanation to the performance degradation ob-
served when merging (Yadav et al., 2023), this directly
explains our main observation that longer training nega-
tively impacts model merging.

To directly link these parameter updates to the memoriza-
tion of hard examples, we take a look at which examples are
forgotten during merging, i.e. training examples correctly
classified by the expert models but incorrectly classified
after merging. Figure 4 shows that hard examples are dis-
proportionately forgotten during merging, with over 50% of
forgotten data points in the top 30% in terms of data diffi-
culty. This confirms that parameter updates from prolonged
training are idiosyncratic and driven by memorization of
hard examples, and that merging destroys some some of
these learned features due to parameter interference.

Observation 3: Difficult examples are still necessary for
good merging generalization. Inspired by work show-
ing that removing difficult examples from training can aid
generalization (Toneva et al., 2019; Paul et al., 2021), we
investigate how this affects merging performance. We re-
move the top 1, 2, 5, or 10% most difficult examples from
training and report merging results in the right panel of Fig-
ure 3. However, we find that the best merging results are
achieved when all data is used and that removing difficult ex-
amples consistently hurts performance. This expands upon
past work showing that some memorization is necessary
for close-to-optimal generalization (Feldman, 2020; Feld-
man & Zhang, 2020; Attias et al., 2024) by demonstrating
that some amount of memorization is also necessary for
close-to-optimal merging performance.

5. Aggressive early stopping improves merging
results

Our core finding that overtraining experts harms merging
performance naturally motivates the use of early stopping to
mitigate this effect. We hypothesize that early stopping dur-
ing fine-tuning will yield stronger merging results, as it both
shortens training duration and automatically adapts the stop-
ping time for each task. In this section we investigate this
hypothesis and find that merging can indeed be improved by
early stopping, even when expert-level performance is lower.
Our goal here is not to establish the optimality of a single
strategy, but to propose early stopping as a general principle
for mitigating the negative effects of overtraining in model
merging and to introduce practical, automated variants that
follows established best practices.

5.1. Vision setting — Linear warm-up and adaptive
decay

The learning rate scheduler used in Section 3 for ViT mod-
els, a linear warm-up followed by cosine decay, is a standard
choice in vision training and recent merging work, where
warm-up provides early stability and decay supports smooth
convergence. Our early stopping strategy for these models
retains this warm-up/decay structure while making it adap-
tive to the shorter, task-dependent training lengths induced
by early stopping. We achieve this by pairing a 50-step lin-
ear warm-up phase with a “reduce learning rate on plateau”
phase that gradually decreases the learning rate when valida-
tion accuracy stagnates. We compute the validation accuracy
every 5 training steps and multiply the learning rate by 0.5
when it has not improved for 3 consecutive rounds. Once
the learning rate falls below a threshold of 1e-7, training
is stopped. We fine-tune FFT and LoRA models on the 8
considered vision tasks using peak learning rates of 1e-5
and 1e-4 respectively. Pseudocode for this LR scheduler
and early stopping strategy is provided in Appendix J.
In Table 1 we compare the merging of early stopped ex-
perts to two baselines from Section 3: merging “overtrained”
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Figure 4. Proportion of forgotten examples in each data difficulty bin for three different model merging methods. Bin 1 represents
10% easiest examples (lowest EL2N scores), bin 10 represents 10% hardest examples (highest EL2N scores). Hard examples are
overwhelmingly forgotten when merging with all methods, with the 30% hardest examples representing over 50% of forgotten examples.

models trained for 2048 steps and merging the checkpoints
that achieved the highest accuracy among all training dura-
tions (same duration across tasks). We see that the models
trained using our simple task-dependent early stopping strat-
egy yield merges that are better than those of overtrained
models and as good, if not better, than the best merged ex-
perts obtained with a common stopping time even though
the experts are on worse on their respective tasks. Early
stopping seems to work especially well for LoRA adapta-
tion, yielding results on average better than the best ones
from Section 3.2.

5.2. NLP setting — Stopping when validation accuracy
plateaus

Our T5 models from Section 3.1 were trained with a con-
stant learning rate, making the design of the early stopping
criterion straightforward: we evaluate accuracy on a held-
out validation set every #steps batches and stop train-
ing whenever the validation accuracy fails to improve for
#wait consecutive evaluations. The checkpoint with the
highest validation accuracy is selected as the expert. We
study two variants of this strategy: v0, with #steps=100
and #wait=5, and a more aggressive v1, with #steps=50
and #wait=3. Results are presented in Table 2.
Experts obtained with v0 match the performance of models

trained for 1024 or 2048 steps, while v1 yields slightly
lower accuracy. Importantly, both strategies achieve these
results with far fewer training iterations, on average only
485 steps for v0 and 269 steps for v1. We also note high
variance for the number of steps across tasks. Despite the
reduced training time, the merging performance improves
substantially. Task Arithmetic and TIES both benefit: across
seeds, both early stopping strategies produce merges that
are roughly 4% more accurate than merges from experts
trained for 1024 or 2048 steps. Moreover, the merging
results for early stopped models are even superior to the
best results from Section 3.1 where the single best stopping
point is selected commonly for all tasks. Average merging
is the only method which doesn’t seem to benefit from early
stopping.

6. Related work
Special fine-tuning procedures for better merging Sev-
eral recent works study how modifications to fine-tuning
can improve merging performance. However, these ap-
proaches adjust the fine-tuning procedure itself, for example
by updating only selected submodules (Jin et al., 2025) or
parameters (Iurada et al., 2025), using sharpness-aware opti-
mization (Lee et al., 2025), or employing linearization-based
updates (Tang et al., 2024b; Ortiz-Jimenez et al., 2023). In
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Table 1. Experts and merging accuracy (%) for the overtrained, optimal and early stopped ViT-B experts. Mean and standard deviation
across 3 random seeds shown.

Experts Average Task Arithmetic TIES DARE

FFT 2048 steps 89.9±0.1 65.9±0.2 69.8±0.27 73.8±0.4 69.6±0.3
FFT best (# steps) - 65.9±0.2 (2048) 72.7±0.2 (256) 75.8±0.4 (256) 72.6±0.3 (256)
FFT early stop 87.9±0.2 64.5±0.1 72.6±0.5 74.7±0.3 72.5±0.5
LoRAs 2048 steps 87.6±0.1 60.3±0.3 61.1±0.3 50.7±0.4 58.8±0.5
LoRAs best (# steps) - 65.4±0.4 (128) 67.0±0.5 (128) 66.9±0.6 (128) 64.7±0.1 (64)
LoRAs early stop 87.9±0.1 65.6±0.4 68.0±0.8 67.1±0.6 65.3±0.3

Table 2. Merging accuracy (%) and number of training steps for the overtrained, optimal and early stopped T5 experts. Mean and standard
deviation across 3 random seeds shown.

# steps Experts Average Task Arithmetic TIES

1024 steps 1024 82.4±0.3 65.2±0.1 70.9±0.6 72.2±1.0
2048 steps 2048 82.0±0.5 65.0±0.4 70.1±0.7 72.2±1.4
Best (# steps) – – 65.2±0.1 (1024) 73.7±0.2 (256) 75.7±0.2 (256)
Early stop v0 485±350 82.3±0.6 63.4±0.4 75.0±0.3 76.9±0.5
Early stop v1 269±199 81.3±0.4 62.8±0.4 74.0±0.1 77.0±0.3

contrast, our work analyzes how standard fine-tuning pro-
tocols, without merging-specific adjustments, affect down-
stream merging performance, providing a complementary
perspective on merging behavior under the most commonly
used training procedures.

Expert training time Most model merging do not ex-
amine how expert fine-tuning affects downstream merging,
with two notable exceptions. Zhou et al. (2025) show that
the effectiveness of task-vector based approaches is largely
driven by first-epoch gradients and propose alternating 1-
epoch fine-tuning and merging. While they note that less
training can improve accuracy, they only test 1, which can
yield either overtrained or undertrained experts depending
on dataset size. Pari et al. (2024) observe representational
incompatibilities when merging highly specialized experts,
but study only two-model merges and propose bypassing
merging altogether by using MoErging. To our knowledge,
we are the first to systematically link expert training duration
to downstream merging outcomes, analyze merging through
example difficulty, and propose an early-stopping strategy
that adapts to dataset heterogeneity. Finally, although TIES
Merging (Yadav et al., 2023) uses early stopping, it is only
used to avoid expert overfitting and its effect on merging is
not studied.

Overtraining in pre-training Analogous to our work,
others have studied how scaling pre-training impacts down-
stream fine-tuning. In a large-scale vision study, Abnar et al.
(2022) found that as pre-training accuracy improves, fine-
tuning saturates. Recently, Springer et al. (2025) show that
over-training LLMs during pre-training can harm fine-tuned
in- and out-of-distribution performance.

7. Conclusion
In this paper, we challenged the assumption that better fine-
tuned experts yield better merging performance. Across
multiple merging methods, model families and sizes, and
for both fully fine-tuned and LoRA-adapted models, we
found that optimal merging occurs well before full conver-
gence, often when experts are less accurate on their original
tasks. We attribute this to a shift in training dynamics:
as fine-tuning progresses, training becomes dominated by
memorization of difficult examples, leading to idiosyncratic
parameter updates and negative parameter interference. Fi-
nally, we show that simple early stopping strategies mitigate
overtraining and can even yield superior merging perfor-
mance.

Our findings have important implications for the sharing of
model versions and adapters and the evaluation of merging
pipelines. Publish intermediate checkpoints: Releasing
not only final but also intermediate checkpoints is crucial,
as the best merging point may precede convergence. In
practice, even a single intermediate checkpoint, extracted
when validation accuracy starts to plateau, is likely sufficient
for achieving close-to-optimal merging performance, as
supported by our early stopping experiments. Prioritize
early-stopped experts: When training experts in-house,
aggressive early stopping can outperform convergence for
downstream merging. Since merging reuses checkpoints
and amortizes sunk costs, our findings can help reduce the
future computational and environmental footprint of training
AI models.
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8. Impact statement
This paper presents work whose goal is to advance the field
of Machine Learning, specifically research on model merg-
ing and the reuse of fine-tuned expert models. A prac-
tical benefit of our findings is the potential reduction in
computational and environmental costs: aggressive early
stopping and the release of intermediate checkpoints can
improve merging performance while requiring substantially
less training. More broadly, improving the reliability of
model merging can enable more efficient reuse of open-
weight models and reduce duplication of training effort. The
ethical and societal risks associated with this work are not
substantially different from those of other advances in ma-
chine learning methodology, and we do not identify specific
negative consequences that warrant special attention.
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A. Additional related work
The simplest approach, parameter averaging, was shown
to lead to better generalization when used on checkpoints
from the same training trajectory (Izmailov et al., 2018)
and was popularized in federated learning with FedAvg
(McMahan et al., 2017). Recently, parameter averag-
ing was also shown to be useful in the context of robust
fine-tuning (Wortsman et al., 2022) and to obtain better
pre-trained models (Choshen et al., 2022). When merging
multiple fine-tuned versions of the same pre-trained model,
Fisher-weighted averaging (Matena & Raffel, 2022) and
related methods improve upon this simple averaging by ad-
justing per-parameter contributions (Jin et al., 2023; Tam
et al., 2024). Task arithmetic based methods rely on the
computation of task vectors, which are then summed, scaled
and added back to the pretrained model (Ilharco et al., 2023)
to give it multi-task capabilities. Pruning the task vector
parameters (Yadav et al., 2023; Davari & Belilovsky, 2024;
Yu et al., 2024; Deep et al., 2024) and selectively combining
them to reduce negative interference (Yadav et al., 2023)
further benefits performance. Sharma et al. (2024) explores
merging of experts that were trained from different or poorly
performing pre-trained models.

B. Tuning merging hyperparameters
Several merging methods require careful hyperparameter
tuning to achieve optimal performance. In particular, Task
Arithmetic, TIES, and DARE each apply a scaling factor
α to their task-vector sums before adding them to the pre-
trained weights; TIES and DARE additionally specify a
percentage k of weights to retain after pruning. As is stan-
dard, we select the best α, k values by maximizing merging
accuracy on a held-out validation set. All merging accura-
cies reported in the main text are evaluated on the test set
using hyperparameters selected via validation performance.
We followed the hyperparameter configurations from the
original papers (Ilharco et al., 2023; Yadav et al., 2023; Yu
et al., 2024), adjusting them as needed to optimize perfor-
mance in our experimental settings.

Crucially, we perform tuning of merging hyperparam-
eters for each individual merging experiment, i.e. the
tuning is done for each different number of training steps
and each different random seed across all our settings.

Vision setting: Following (Ilharco et al., 2023), we re-
serve 10% of the training data for validation and train the
ViT models on the remaining 90%. We tune the following
hyperparameter values using the validation set:

• Task Arithmetic: α ∈ {0.05, 0.1, . . . , 1}

• TIES: α ∈ {0.5, 0.6, . . . , 1.5} and k ∈ {10, 20, 30}

• DARE: α ∈ {0.05, 0.1, . . . , 0.55} and k ∈
{10, 20, 30}

NLP setting: We adopt the validation splits from (Yadav
et al., 2023) and evaluate the following hyperparameter
values:

• Task Arithmetic: α ∈ {0.1, 0.2, . . . , 1}
• TIES: α ∈ {0.8, 0.9, . . . , 2.1} and k ∈ {10, 20, 30}

C. Using the raw, un-normalized accuracy
The normalized accuracy is a very common metric used
to compare model merging methods (Ilharco et al., 2023;
Yadav et al., 2023). However, because the normalized ac-
curacy depends on both the merged model’s performance
and that of the experts, it isn’t suitable for settings like ours
where different sets of experts are used and compared.

The core issue is that normalized accuracy, defined as
(merged accuracy / expert accuracy), is a relative metric
designed to compare different merging methods when the
set of experts (the denominator) is fixed. Papers that propose
a novel model merging method are justified in using this
metric by the fact that they have a fixed set of experts and
they are comparing merging methods, therefore only the
numerator changes. In our study, the experts themselves are
the primary variable, as their training duration and perfor-
mance change in each experiment, therefore the denomina-
tor changes from one merging experiment to another. This
creates paradoxical situations that make the metric mislead-
ing for our purposes. For example consider the following
scenario:

• Case 1 (Undertraining): Experts trained for only a
few steps have very low absolute accuracy (e.g., 60%).
When merged, they interfere very little since they’re
all relatively close in parameter space to the zeroshot
model, so the merged model also achieves around
60% accuracy. This yields a normalized accuracy near
100%, despite the models being bad at solving the
considered tasks.

• Case 2 (Optimal Training): Experts trained for longer
have high accuracy (e.g., 90%). Merging them re-
sults in a high-performing model with 85% absolute
accuracy. However, the normalized accuracy is only
85/90 = 94.4% due to negative interference caused
by longer training.

Comparing the “useless” 100% from Case 1 with the “use-
ful” 94.4% from Case 2 is meaningless. Absolute, un-
normalized accuracy on the other hand allows for a fair
and interpretable comparison of the final upcycled model’s
quality across different expert training durations.
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From Memorization to Parameter Interference

D. Per-task breakdown of expert and merging
accuracies

Here we present per-task accuracy plots for the expert and
merged models in both the vision (Figure 5) and NLP set-
tings (Figure 6). While there is some variability to the
magnitude of the overtraining effect across datasets and
merging methods, the direction of the effect is fairly consis-
tent: for most tasks and merging methods, experts trained
for significantly fewer steps yield higher merging accuracy.
Importantly, we do not rely on any single dataset or outlier
task to support our conclusions: the phenomenon is robust
across tasks, domains, and merging methods.

E. Results with additional models
To further reinforce the generality of our results, we have
also run experiments with other model architectures.

E.1. Vision - ViT-L-14

In the vision setting we have fine-tuned CLIP (Radford et al.,
2021) ViT-L-14 (Dosovitskiy et al., 2021) models on the
same set of 8 image classification tasks introduced in Sec-
tion 2. We used the same training hyper-parameters as for
the ViT-B-32models. The results are shown in Figure 7. The
same phenomenon can be oserved for the larger ViT-L-14
models, while the average expert accuracy keeps increasing
throughout training, the average merging accuracy peaks
early in training. Task Arithmetic reaches a peak accuracy
of 85.6% at 512 steps before decreasing to 84.0% at 2048
steps. TIES reaches a peak accuracy of 87.7% at 512 steps
of training before decreasing to 86.2% at 2048 steps. DARE
also peaks at 512 steps with an average accuracy of 85.6%
before decreasing to 84.0% at 2048 steps. Lastly, Average
merging again seems more robust to the negative effects of
overtraining on model merging, as in our main results. It
continues improving with training reaching a peak accuracy
of 79.4% at 2048 steps, only slightly better than the 79.1%
achieved at 512 steps. However Average merging yields sig-
nificantly worse results than all other considered methods,
regardless of the number of fine-tuning steps.

E.2. NLP - BERT Base

In the NLP setting we have fine-tuned BERT base (Devlin
et al., 2019) language models on the same set of 7 natural
language processing tasks introduced in Section 2. For train-
ing we used a constant learning rate of 2e-5, the remaining
hyper-parameters being the same as for the T5 models. The
results are shown in Figure 7. The same phenomenon can
be oserved for the BERT models, while the average expert
accuracy keeps increasing throughout training, the average
merging accuracy peaks early in training. TIES reaches a
peak accuracy of 69.0% at only 32 steps of training before
decreasing to 58.5% at 2048 steps. Task Arithmetic reaches
a peak accuracy of 68.6% at 128 steps before decreasing to
64.0% at 2048 steps. Lastly, even Average merging which
seemed more robust to the negative effects of overtraining
on model merging reaches a peak accuracy of 59.3% at 128
steps before decreasing to 58.6% at 2048 steps.
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Figure 5. Per-task breakdown of expert and merging accuracies for our ViT-B-32 models trained on 8 image classification tasks. Mean
and standard deviation across 3 random seeds shown.

F. Effect of model scale
In the right panel of Figure 2, we have investigated how
model size influences the merging dynamics by comparing
Task Arithmetic merging results across T5-Base (220M pa-
rameters), T5-Large (770M), and T5-3B (3B). In Figure 8
we also show the average expert accuracy on their respective
tasks as well as the merging accuracies for Average, Task
Arithmetic and TIES methods. The purpose of these experi-
ments is to test whether the decrease in merging accuracy
observed after extended fine-tuning in smaller models also
occurs at larger scales. We find that the same phenomenon
persists: for both Task Arithmetic and TIES, merging ac-
curacy peaks at an intermediate number of training steps
and then degrades as fine-tuning continues, even though
the absolute merging accuracy is generally higher for the
larger models. Interestingly, Average merging appears ro-
bust to this degradation, but its overall accuracy remains
comparatively low.

G. Effect of LoRA rank
In this section, we examine how the choice of LoRA rank
affects the degradation effect reported in the main paper.
We find that increasing the LoRA rank mitigates the loss
in merging accuracy that occurs as experts are trained for
longer.

We fine-tune ViT-B-32 models on the eight image-
classification tasks from Section 2.4, applying LoRA

adapters to every linear layer while systematically
varying the adapter rank r. We employ square-root
scaling for the LoRA factor α, choosing (r, α) in
{(16, 45), (32, 64), (64, 90), (128, 128), (256, 181)}.
The models are trained for varying number of steps
s ∈ {8, 32, 128, 512, 2048} to assess how training duration
interacts with rank. When merging, we combine LoRA-
adapted models with the same rank and trained for the same
number of steps. The resulting accuracies are plotted in
Figure 9.

Across all three merging methods (Average, Task Arith-
metic, and TIES) increasing the LoRA adapter rank con-
sistently raises merging accuracy at every training duration.
Moreover, higher ranks substantially attenuate the accuracy
drop associated with extended training: as the number of
fine-tuning steps grows, models with larger ranks exhibit
smaller declines from their peak merging performance.
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Figure 6. Per-task breakdown of expert and merging accuracies for our T5 models trained on NLP tasks. Mean and standard deviation
across 3 random seeds shown.
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Figure 7. (left) Average test accuracy across all 8 vision tasks for fully fine-tuned ViT-L-14 models. (right) Average test accuracy across
all 7 NLP tasks for fully fine-tuned BERT base models. We plot the average accuracy of the expert models evaluated on their respective
tasks as well as merging accuracies for multiple methods. Shaded regions show mean±std over 3 random seeds.

H. Memorization Analysis of Early vs. Late
Checkpoints

A central hypothesis in our work is that longer finetun-
ing drives models to increasingly memorize difficult train-
ing examples. To test this, we compare CLIP ViT-B-32
models trained for 256 steps (“early”) to models trained
for 2048 steps (“late”) across eight image classification
datasets (Cars, DTD, EuroSAT, GTSRB, MNIST, RE-
SISC45, SUN397, SVHN) with three random seeds each.
Although both checkpoints show high training accuracy
overall (100% on easy examples at both stages; 75.1%→
95.6% on hard examples from 256 to 2048 steps), memo-
rization manifests not primarily in raw accuracy but in the
trajectory of prediction confidence, loss, and probability dis-

tributions. We show that while accuracy on hard examples
improves by 20.5 percentage points, the underlying memo-
rization metrics exhibit changes that are orders of magnitude
larger relative to easy examples, revealing the mechanism
by which extended training drives memorization.

To quantify this, we compute three per-example metrics
designed to detect late-stage memorization effects. All met-
rics are computed on the training set, and then aggregated
into 10 difficulty bins per dataset using EL2N scores (Sec-
tion 4). Each dataset is partitioned into 10 quantile-based
bins, where bin 1 contains the easiest 10% of examples and
bin 10 contains the hardest 10%. To prevent large datasets
from dominating the averages, all results are first aggre-
gated per dataset and then averaged across datasets (mean-
of-means). For a training example with label y at training
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step t ∈ {256, 2048}, we denote the predicted probability
vector as p(t) = softmax(z(t)) where z(t) are the logits.

H.1. Memorization Metrics

Change in margin: ∆m = m(2048) − m(256) where
m(t) = p

(t)
y −maxc̸=y p

(t)
c .

The margin measures the confidence gap between the true
class probability and the maximum probability assigned
to any other class. A strong positive relationship between
∆m and difficulty indicates that the late model becomes
disproportionately confident on hard examples.

Change in loss: ∆ℓ = ℓ(256) − ℓ(2048) where ℓ(t) =

− log p
(t)
y .

This measures the drop in cross-entropy loss from early
to late training. Large positive values indicate that the late
model “forces down” the loss of examples that earlier check-
points still struggled with, even when the top-1 prediction
was already correct.

Predictive distribution shift: shift = ∥p(2048)−p(256)∥1.
This L1 distance quantifies how much the model’s entire
probability vector changes between checkpoints. Large
shifts indicate substantial changes to the decision function,
revealing targeted late-stage adjustments even when accu-
racy is unchanged.

H.2. Results

Table 3 summarizes the mean values of each metric for
the easiest (bin 1) and hardest (bin 10) examples, averaged
across all datasets and seeds. All three metrics display a
strong positive correlation with difficulty bin number, in-
dicating that additional training preferentially modifies the
predictions of the hardest examples.

H.3. Analysis

All three metrics exhibit a strong, monotonic increase
across the 10 difficulty bins (Pearson correlations between
bin number and per-bin metric values: ∆m: r=0.914
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Metric Easy (bin 1) Hard (bin 10) Ratio (Hard/Easy)

∆m (margin) 0.0016 0.3911 244.6
∆ℓ (loss) 0.0009 0.5924 653.5
Predictive shift (L1) 0.0039 0.5003 129.4

Table 3. Per-bin memorization indicators averaged across datasets and seeds. Hard examples exhibit dramatically larger changes between
the 256- and 2048-step models, consistent with late-stage memorization.

(p=0.0002), ∆ℓ: r=0.820 (p=0.004), predictive shift:
r=0.920 (p=0.0002)). These highly significant correla-
tions demonstrate that difficulty bin systematically predicts
the magnitude of model changes during extended training,
ruling out random variation as an explanation. This pattern
reveals a coherent story:

• Confidence increases (margin) for hard examples are
more than two orders of magnitude larger than for easy
examples (244.6×). Easy examples already achieve
near-maximal margins at 256 steps (m ≈ 0.997), leav-
ing little room for improvement, while hard examples
undergo substantial margin increases (∆m = 0.39) as
the model learns to confidently classify them.

• Loss reductions from 256 to 2048 steps show the most
extreme differential effect (653.5×), indicating that ex-
tended training “forces” difficult examples into the cor-
rect class by dramatically reducing their cross-entropy
loss, even when the top-1 prediction was already cor-
rect at the earlier checkpoint.

• Probability distributions shift substantially more for
difficult examples (129.4×), suggesting targeted late-
stage adjustments to the decision function. While
easy examples maintain stable predictions (L1 shift
≈ 0.004), hard examples experience large redistri-
butions of probability mass across classes (L1 shift
≈ 0.50).

Together, these metrics provide consistent and quantita-
tive evidence that longer finetuning causes the model to
memorize difficult examples: the 2048-step models exhibit
large, difficulty-dependent changes to losses, margins, and
probability distributions that are absent or minimal in the
256-step models. These memorization patterns have im-
portant implications for task vector composition and model
merging. Models at different training stages have encoded
fundamentally different solutions to the same classification
task: early models rely on generalizable features that work
across many examples, while late models additionally em-
ploy example-specific adjustments that memorize individual
difficult cases. When such heterogeneous models are com-
bined via task arithmetic or model merging, the interaction
between generalizable and memorized components can pro-
duce unexpected emergent behaviors, potentially explaining

performance variability in multi-task and few-shot transfer
settings.
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I. Quantifying parameter interference
throughout training

Task Vector Construction For each dataset d and train-
ing step t, we compute a task vector τ td as the parameter
difference between the fine-tuned model and the pre-trained
(zero-shot) model:

τ td = θtd − θ0 (2)

where θtd represents the parameters of the model fine-tuned
on dataset d for t steps, and θ0 represents the pre-trained
model parameters. All floating-point parameters are con-
catenated into a single vector of dimension n.

Top-k% Pruning For analysis, we apply magnitude-based
pruning to the task vectors to retain only the most significant
parameter changes. For a given task vector τ and pruning
threshold k%, we define the pruned task vector:

τ̃i =

{
τi if |τi| ≥ thresholdk
0 otherwise

(3)

where thresholdk is the k-th percentile of |τ |. Unless oth-
erwise specified, we use k = 20% (retaining the top 20%
of parameters by absolute magnitude), following the best
practice from Yadav et al. (2023).

I.1. Metric Definitions

Sign Conflict Percentage. For each dataset pair (d1, d2),
we count the proportion of parameters where the task vectors
have opposite signs. Let A = {i : τ̃d1,i ̸= 0 ∨ τ̃d2,i ̸= 0}
be the set of active parameters, and C = {i ∈ A : (τ̃d1,i >
0 ∧ τ̃d2,i < 0) ∨ (τ̃d1,i < 0 ∧ τ̃d2,i > 0)} be the set of
parameters with conflicting signs. Then:

SignConflict(d1, d2) =
|C|
|A|
× 100 (4)

High sign conflict indicates destructive interference when
averaging task vectors.

Parameter Overlap Percentage We measure how much
the important parameters (top-k% by magnitude) overlap
between datasets. For each dataset d, letMd = {i : |τd,i| ≥
thresholdk} be the set of important parameter indices. The
overlap between two datasets is:

Overlap(d1, d2) =
|Md1 ∩Md2 |
|Md1

|
× 100 (5)

High overlap indicates that different tasks compete for the
same parameters, increasing the potential for interference
during merging.

Magnitude Ratio For parameters that are important in
both task vectors (i.e., in the overlapping set O =Md1 ∩
Md2 ), we measure the disagreement in their magnitudes:

MagRatio(d1, d2) =
1

|O|
∑
i∈O

max(|τd1,i|, |τd2,i|)
min(|τd1,i|, |τd2,i|)

(6)

A magnitude ratio significantly greater than 1 indicates that
even when tasks modify the same parameters, they disagree
substantially on the extent of modification, leading to inter-
ference when averaged.

Per-Parameter Variance Unlike the pairwise metrics
above, per-parameter variance captures multi-task disagree-
ment. For each parameter position i, we compute the vari-
ance of its changes across all D datasets:

Var(i) =
1

D

D∑
d=1

(τ̃d,i)
2 (7)

where we assume the mean is centered at zero (the pre-
trained model). The overall variance metric is:

Variance =
1

|Aall|
∑
i∈Aall

Var(i) (8)

where Aall =
⋃D

d=1{i : τ̃d,i ̸= 0} is the union of all ac-
tive parameters across datasets. Higher variance indicates
greater disagreement about how each parameter should be
modified, leading to information loss during averaging.

I.2. Results

We analyze ViT-B-32 checkpoints trained on the 8 consid-
ered vision datasets (Cars, DTD, EuroSAT, GTSRB, MNIST,
RESISC45, SUN397, SVHN) across 6 training step counts
(4, 16, 64, 256, 512, 2048) and 3 random seeds.

For pairwise metrics (Sign Conflict, Parameter Overlap,
Magnitude Ratio), we:

1. Compute the metric for all
(
8
2

)
= 28 dataset pairs at

each step and seed

2. Average across the 28 pairs to obtain a single value per
step per seed

3. Compute the mean and standard deviation across the 3
seeds

For the per-parameter variance metric, we:

1. Compute variance across all 8 datasets simultaneously
at each step and seed

2. Compute the mean and standard deviation across the 3
seeds
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Table 4. Parameter interference metrics across training steps (mean ± std across 3 seeds). Metrics computed on the union of each dataset’s
top 20% parameters by magnitude.

Steps Sign Conflict (%) Param Overlap (%) Mag Ratio Variance

4 7.24± 0.03 26.09± 0.07 1.03± 0.00 (1.35± 0.00)× 10−10

16 7.20± 0.01 26.46± 0.02 1.23± 0.00 (1.06± 0.00)× 10−9

64 7.42± 0.01 27.67± 0.00 1.38± 0.00 (4.05± 0.01)× 10−9

256 7.77± 0.01 28.75± 0.02 1.43± 0.00 (1.27± 0.01)× 10−8

512 7.92± 0.01 29.08± 0.02 1.43± 0.00 (2.37± 0.01)× 10−8

2048 8.03± 0.00 29.53± 0.01 1.48± 0.01 (8.15± 0.04)× 10−8

The results are presented in Table 4 and Figure 10.

Table 4 presents parameter interference metrics across train-
ing steps, revealing systematic increases in all interference
measures as training progresses. Sign conflict percentage
increases modestly from 7.24% to 8.03%, indicating a slight
rise in parameters with opposing signs across tasks. Pa-
rameter overlap grows from 26.09% to 29.53%, showing
that longer training causes different tasks to increasingly
compete for the same important parameters. The magnitude
ratio increases from 1.03 to 1.48, demonstrating growing dis-
agreement about the extent of parameter modifications even
when tasks modify the same parameters in the same direc-
tion. Most dramatically, per-parameter variance increases by
approximately 60-fold from 1.35× 10−10 to 8.15× 10−8,
providing strong evidence that extended training causes
datasets to diverge substantially in their parameter modifi-
cations. Collectively, these metrics demonstrate that longer
training amplifies parameter interference, directly explain-
ing the degradation in merge performance observed with
increased training steps. The consistency of these trends
across all metrics and the low standard deviations across
seeds indicate that this phenomenon is robust and repro-
ducible.
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Figure 10. Parameter interference metrics across training steps
(mean ± std across 3 seeds). Metrics computed on the union of
each dataset’s top 20% parameters by magnitude.
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J. Pseudocode for the ViT early stopping
strategy

Here we provide pseudocode for the LR scheduler and early
stopping strategy with linear warm-up and adaptive decay
used for ViT models.

Algorithm 1 Early stopping strategy with linear warm-up
and adaptive decay

Input: Peak LR ηmax, warm-up steps Swarm=50, valida-
tion interval Sval=5, patience P=3, decay factor γ=0.5,
minimum LR threshold ηmin = 1e−7
Initialize learning rate η ← 0
Initialize best validation accuracy Abest ← 0
Initialize plateau counter c← 0
for training step s = 1, 2, . . . do

if s ≤ Swarm then
Linear warm-up
η ← ηmax · s

Swarm

else
Adaptive decay and early stopping
if s mod Sval = 0 then

Evaluate validation accuracy Aval
if Aval > Abest then

Abest ← Aval
c← 0

else
c← c+ 1

end if
if c ≥ P then
η ← γ · η
c← 0

end if
if η < ηmin then

stop training
end if

end if
end if
Update model parameters using η

end for

K. Model MoErging results
Model MoErging (Yadav et al., 2024) is another popular
way to re-use existing model checkpoints. As opposed
to model merging, which combines the model parameters
directly, MoErging approaches such as Ostapenko et al.
(2024); Muqeeth et al. (2024) combine adapters into mod-
ular, mixture-of-experts (MoE) type layers (Shazeer et al.,
2017) expanding the model’s size and capabilities. A rout-
ing mechanism determines which input, or part of the input,
gets processed by which expert modules. For this upcycling
strategy further training is often required to let the router
and expert adapters learn how to interact with one another.
In this section we analyze the impact of overtraining experts
on downstream model MoErging.

K.1. Preliminaries
MoErging methods aggregate multiple fine-tuned experts
with the use of modular architectures, such as mixture-
of-experts (MoE) layers (Shazeer et al., 2017), to build
stronger deep learning systems. The large design space of
these methods, paired with their effectiveness has led to the
rapid development of many new methods in the recent past,
with varying expert, router and application design choices
(Yadav et al., 2024; Huang et al., 2024; Ostapenko et al.,
2024; Muqeeth et al., 2024). A key feature of MoErging
approaches is modularity; multiple experts are considered si-
multaneously and a routing mechanism decides which input,
or part of an input, is processed by which expert.

In this work we consider per-token and per-layer routing,
following recent works which suggest this leads to bet-
ter performance relative to other possible configurations
(Ostapenko et al., 2024; Muqeeth et al., 2024). Concretely,
let W ∈ Rdout×din , b ∈ Rdout denote the weight matrix and
bias of a pre-trained linear layer, whose original output is
Wx+ b. We assume the availability of a fine-tuned expert
module Et(·) for each target task t ∈ T and we replace the
original linear layer with a MoE layer. A router π parame-
terized by matrix R ∈ R|T |×din computes routing logits Rx
and applies softmax σ(·) to obtain the routing probabilities.
The outputs of the experts with top k highest probabilities
are then computed and weight-averaged. The resulting MoE
layer output is:

y = Wx+ b +

∑
t∈Ik(x)

π(x)t Et(x)∑
t∈Ik(x)

π(x)t
, (9)

where Ik(x) = {t | π(x)t ∈ top k elements of π(x)}. We
use k = 2 for our experiments.

We consider the “multi-task” setting where we assume ac-
cess to all the datasets the experts were trained on. After
updating every linear layer of the pre-trained model with
available adapters, we continue training the MoE-fied model
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on the multi-task mixture of data by freezing the original
model parameters and only updating the router and the ex-
pert modules. Our MoErging setup is closely related to
Ostapenko et al. (2024), which combines LoRA experts
into MoE layers and initializes routers using Arrow, but we
additionally assume access to the training data and continue
multi-task training. Notably, while prior work spans many
routing and architectural designs, none study how expert
overtraining affects downstream MoErging performance.

Model MoErging with LoRA adapters Using LoRA
adapters for model MoErging is straight-forward, with each
adapter being used to define one expert module in the MoE
layer. Let At and Bt denote the LoRA low-rank matrices
obtained from fine-tuning on task t, then we can define the
expert modules in Equation (9) as Et(x) = α

rBtAtx for
each task of interest t ∈ T .

K.2. Expert overtraining hurts Model MoErging
We now analyze how the performance of MoE-fied models,
initialized with LoRA experts, is affected by the training
time of these experts. We use LoRA adapters trained on
each of the 8 classification tasks (see Section 3 for details)
for different numbers of training steps to initialize our MoE
experts, one LoRA for each task. The routing mechanism is
initialized using Arrow (Ostapenko et al., 2024), where the
weight vector associated with each expert is the first right-
singular vector of the BA matrix multiplication. These
vectors are assumed to determine the direction of most vari-
ance induced by expert Et for t ∈ T in the space of hidden
states induced by data from task t.

We create one MoE-fied model for each number of steps s,
i.e. for each different model we initialize the MoE layers
with the expert LoRAs for each task, all trained for s steps.
Once the MoE-fied model has been initialized using the
fine-tuned LoRAs, we further train the routing mechanism
and the LoRA experts in a multi-task fashion for 4000 steps
with a peak learning rate of 1e-5, with the base parameters
frozen. We report the final, multi-task, accuracies over the 8
classification tasks in Figure 11.

We observe that the MoE-fied models initialized with over-
trained LoRA experts reach about 2% lower final multi-task
accuracy than the models initialized with experts trained for
less. Even expert LoRAs trained for as little as 4 steps on
their respective tasks reach a higher final multi-task accu-
racy than those overtrained. We conclude that overtraining
experts can hurt downstream MoErging.

K.3. Early stopping

We also use the early-stopped LoRAs, selected via the early
stopping criterion described in the Section 5, to initialize
MoE layers and continue training in a multi-task fashion, as
in the previous section. As shown in Table 5, the MoErged
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Figure 11. Final multi-task accuracy of the MoE-fied models
as a function of the number of training steps used to obtain the
LoRA experts used for initializing the MoE-fied model. Mean and
standard deviation across 3 different initializations of the experts
are shown.

Table 5. Early stopping MoErging results

Expert initialization Avg. accuracy

2048 steps LoRAs 85.1 ± 0.1
Best LoRAs (256 steps) 87.3 ± 0.2
Early stop LoRAs 87.3 ± 0.1

models initialized with the early stop LoRAs achieve the
same accuracy as the best LoRAs across all training steps.
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