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2D FDOFEFILETTICIDDIRIEIRETILEED

JO—3F2D
1. EHANILDOETILY—>
2. L1V —ILANILDODEFILY—>




Vi

EHLANIVDETIVY—

Model A New Model C Model B
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[2203.05482] Model soups: averaging weights of multiple fine-tuned models improves accuracy
without increasing inference time

[2212.04089] Editing Models with Task Arithmetic
[2306.01708] TIES-Merging: Resolving Interference When Merging Models

[2311.03099] Language Models are Super Mario: Absorbing Abilities from Homologous Models as a
Free Lunch

[2403.19522] Model Stock: All we need is just a few fine-tuned models
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* [2312.15166] SOLAR 10.7B: Scaling Large Language Models with
Simple yet Effective Depth Up-Scaling

* [2401.02415] LLaMA Pro: Progressive LLaMA with Block Expansion
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[1803.05407] Averaging Weights Leads to Wider Optima and Better Generalization

[2203.05482] Model soups: averaging weights of multiple fine-tuned models improves accuracy
without increasing inference time
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Subject images “a [V] dog in a bucket”

‘ » S “a [V] dog in [S] style”
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“a dog in [S] style”

https://github.com/mkshing/ziplora-pytorch
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[2311.03099] Language Models are Super Mario: [2310.04799] Chat Vector: A Simple Approach to Equip
Absorbing Abilities from Homologous Models as a LLMs with Instruction Following and Model Alignment
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[2305.12827] Task Arithmetic in the Tangent Space: Improved Editing of
Pre-Trained Models
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Figure 1: Illustration of weight disentanglement, where distinct directions in the weight space, RO =5 E—FHNTAY MU LET, 20N MLSABBGERLTHN
T¢, are associated with localized areas of the input space, D;. This allows a model, f, to manipulate S

these areas independently by adding linear combinations of 7’s to a pre-trained checkpoint 6. £¥EL,

0 +6

NIl R SE A DR T O HieH

https://joisino.hatenablog.com/entry/2024/01/09/174517



https://joisino.hatenablog.com/entry/2024/01/09/174517

ESIIY—S(H RS FEL 1

L1V —LARIVLDi=sEDH
[2103.14586] Understanding Robustness of Transformers for Image
Classification
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A Visual Guide to Evolution Strategies
https://blog.otoro.net/2017/10/29/visual-evolution-strategies/
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HTML5 Genetic Algorithm 2D Car Thingy https://rednuht.org/genetic cars 2/
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Id. Model Type Size MGSM-JA (acc 1)
1  Shisa Gamma 7B vl JA general 7B 9.6
2 WizardMath 7B v1.1 EN math 7B 18.4
3 Abel 7B 002 EN math 7B 30.0
4  Ours (PS) 1+2+3 7B 52.0
5 Ours (DFS) 3+1 10B 36.4
6 Ours (PS+DFS) 4+1 10B 55.2
7 Llama?2 70B EN general 70B 18.0
8 Japanese StableLM 70B  JA general 70B 17.2
9 Swallow 70B JA general 70B 13.6

10 GPT-3.5 commercial - 50.4

7t [BARGEED] & [GEHFRE ] = RIzIZir TRl
TOWSZ BABHFRENDLE U CHEBTRIELRD



fmER1: HARSERNEFLLM

MGSM-JA
Shisa Gamma 7Bv1l{ ||| | | (. 0 B I I 0 T I I B |
WizardMath 7B v1.1 1 [l [ 1 [l [ 1 | (HEE 1 Il NI REN [l
Abel 780021 HIIEN T ICERIRGC O LEEC R0 00 HEREIEE TP TREm N (W0 W
Ours(PS){ NI MIMERUTIIINNNEIN QR ONE FORRE Pt rrn T S ern iy (i
Ours (DFS) 1 (LR R S R AN R R il im At 1R
Ours (PS+DFS)1  HIEH WEWUIHI N (100 FRCO W ey W omens i im s (i i i

0 50 100 150 200
Problem Id

Figure 2: Performance Overview. The figure depicts the success of various models on the MGSM-JA
task, with each of the 250 test problems represented along the x-axis by problem ID. Correct answers
are indicated by colored markers at the corresponding positions.
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Figure 3: Evolved Configu-
rations for PS merging. Al-
though the weights are similar
across the three source mod-
els, the pronounced density
from the Japanese LLM under-

scores its pivotal role in our
merged model.
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Figure 4: Evolved Configurations for DFS Merging of models A
and B. The three figures depict the evolution of the inference path on
the MGSM-JA task. The y-axis represents the layer index [ € [1, M],
and the x-axis corresponds to the path index ¢ € [1, T'|. Blue markers
indicate path steps utilizing layers from model A, and red markers
denotes those from B. Marker size reflects the magnitude of the
scaling factor W;;. The evolutionary search result includes most
layers in A at an early stage and then alternates between layers from
both models. This result is from our 10B model (PS+DFES).
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%E%Z: EZIKEEVLM (Vision Language Model)
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Id. Model Type Inference steps FID| HPST
1 SDXL 1.0 Original SDXL 40  57.70 18.66
2  Juggernaut-XL-v9  Fine-tuned SDXL 40  35.56 18.02
3 SDXL-DPO RLHF SDXL 40 48.54 19.38
4 JSDXL JA SDXL 40 18.20  22.78
5 SDXL-Lightning 4-step SDXL 4 4256 21.62
6 Ours (Base) 1+2+3+4 40 13.51 27.19
7  Ours (4-step) 5+6 4 15.88 28.85
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(& AutoMerger created the best 7B model on the Open LLM Leaderboard

By randomly combining top models from the Open LLM Leaderboard,
AutoMerger created YamshadowExperiment28-7B. The model is three weeks
old and has been at the top of the leaderboard for a week now. It was created
through a simple SLERP merge of:

- automerger/YamShadow-7B (another top model created by AutoMerger)
- yam-peleg/Experiment28-7B (a top model from Yam Peleg)

It's quite remarkable because | don't even use the Open LLM Leaderboard to
evaluate these automerges. Instead, | use Nous' suite and the YALL leaderboard
(https://Inkd.in/e-qRitXG). On the leaderboard, YamshadowExperiment28-7B
is ranked as the 9th best-performing automerge. Compared to others, it does

not perform particularly well on AGIEval or Bigbench, which are my two favorite ’

benchmarks.

Thanks to Saml Paech, | have scores on EQ-Bench, where it managed to
outperform all of my previous models. It even surpasses recent models,
DBRX instruct, Qwen1.5 32B Chat, and Cohere's Command R+.

If you're interested, | created a GGUF version of the model struggled to find
the correct chat template. Eventually, Alpaca worked w; ith default settings,
although the model can still sometimes produce a f "INST" tokens.
Surprisingly, it does not support ChatML or Mi Instruct, unlike my other
merges, which are part of its family tree.

In my experiments, YamshadowExperiment28-7B doesn't seem smarter than
other successful merges like AlphaMonarch. On the contrary, | found several
mathematical or reasoning problems where it fails. Considering these results, it
looks like it might overfit the Open LLM Leaderboard, which is anything but
surprising when you randomly merge 156 models. Nonetheless, it's an
interesting experiment that could show some limits with our current
benchmarks.

& Model: https://Inkd.infefNiyhaK

© GGUF: https:/[Inkd.in/e7Q4YJXr

& AutoMerger: https://Inkd.in/eAxZCzDB
o ———

In my experiments, YamshadowExperiment28-7B doesn't seem smarter than
other successful merges like AlphaMonarch. On the contrary, | found several
mathematical or reasoning problems where it fails. Considering these results,
looks like it might overfit the Open LLM Leaderboard, which is anything but
surprising when you randomly merge 156 models. Nonetheless, it's an
interesting experiment that could show some limits with our current
benchmarks.
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