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Supervised Learning { Reinforcement Learning
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Self-Supervised Supervised

Fine-Tuning

Fine-Tuning (SFT)
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Perplexity }

Instruction Tunlng
Evaluation

Input: Decode:

Step 1:
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Training 3

Trajectories

} Howto Train
{ your... AGENT! |
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ReAct

Yao et al.
2022

Trajectory

User: Find the population of Tokyo and compare it to New York City.

Thought: | should search for the current population of Tokyo first.
Action: search("population of Tokyo 2024")
Observation: Tokyo metropolitan area population is approximately 37.4 million.

Thought: Now | need the population of New York City.
Action: search("population of New York City 2024")
Observation: New York City population is approximately 8.3 million.

Thought: | have both numbers. | can nhow compute the comparison.
Final Answer: Tokyo (37.4M) is approximately 4.5 times larger than New York City (8.3M).
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1. Quality Assessment of Agent Fine-Tuning Benchmarks

PROBLEM
Agent fine-tuning rests on benchmarks the quality
of which has not been systematically assessed
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1. Quality Assessment of Agent Fine-Tuning Benchmarks

SOLUTION
Build a unified quality framework to characterize
what agent benchmarks actually measure
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BenchmMmoaoark Diffculty Curve

Each bar is a bucket of tasks. Height = number of tasks in that bucket. X-axis = empirical

difficulty (fraction of model-run pairs that fail the task). Shape reveals whether a

benchmark discriminates capability.

Smooth unimodal GOOD
spread

peak nloa 05

!HHH.

® Tasks span the full range. Every
difficulty tier is represented — easy,
medium, hard.

® Score differences are meaningful. A
better model shifts the boundary
rightward; you can detect that.

® Good for both SFT and RL. Mid-range
tasks provide demonstrations and reward
signal.

-"

Bimodal / U-shaped -

"n

no mid-range tasks
!

¢ Measures one threshold, not a

range. Tasks are trivial or impossible —
nothing in between.

¢ Training improvements are invisible.

A better model still fails the hard tasks
and already solved the easy ones.

RL gets no gradient signal. Reward
variance near zero in both tails — nothing

to optimize against.

Leftr-skewed — to0 BAD
easy

urating

sat

Scores cluster near the ceiling. Most
models solve most tasks — no room to
improve. AgentGym shows this pattern.

Cannot distinguish strong models. A
fine-tuned model looks roughly the same
as the baseline.

SFT overfits to easy patterns. Training
on these tasks doesn't generalize; it just
memorizes solved trajectories.

Right-skewed — too BAD
hard

floor effects

® Scores cluster near zero. The
benchmark was designed for a capability
level the field hasn't reached yet.

® RL starves. Successes are too rare for
stable reward signal — gradients are noisy
and training diverges.

® SFT has no demonstrations. If the
teacher model also fails, there are no
successful trajectories to imitate.
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Full Fine-Tuning Parameter Efficient Fine-Tuning

(FFT) (PEFT)
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PEFT Taxonomy

Full Fine-Tuning Parameter Efficient Fine-Tuning
(FFT) VS (PEFT)

L Re-parameterized

DASIab
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PEFT Taxonomy

Full Fine-Tuning Parameter Efficient Fine-Tuning
(FFT) VS (PEFT)

I
|
,'
L Re-parameterized
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Selective PEFT

frozen trainable

' LLM Block LLM Block LLM Block LLM Block LLM Block f o
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Selective PEFT

frozen trainable
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Selective PEFT

Two more ideas

BitFit
(Ben Zaken et al., 2021) |

Q"™ (x) = W/'x + b
Vit (x) = W;’)n’ex + bvm"g
h) = Dropout(W?, -hi + bl )

14
¢ (hy +x)—p 4
LN, © . b,

hf = GELU(me h§ + bfnz)
I’ ¢ I ¢
h = Dropout(W’,_ -h§ + b, )

®( 5 03) :b%NQ

hj

0 _
out” = gy n,
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LayerNorm Tuning

|  (Bingchen Zhao et al., 2024, ICLR) |
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PEFT Taxonomy

Full Fine-Tuning Parameter Efficient Fine-Tuning
(FFT) VS (PEFT)
I
[]
Additive :
K

Re-parameterized
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Additive PEFT

The Adapter Architecture

‘- Add & Norm

. . . W,
L " SR !
ny PN s
L
Ny

(Self/Cx »68) Attention
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Additive PEFT

The Adapter Architecture

© -~ LLM Block
Adapter [ S
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LLM Block

Sl

Additive PEFT (e
[Serial] Adapter (Houlsby et al., 2019) | =3

Adapter

4

h' < h +f(th0wn)Wup
Wdown < Rer
w,, € R™

Adapters: small trainable feed-forward
networks inserted between the layers 1n the
frozen pre-trained model.
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Additive PEFT

Prefix Tuning (Li & Liang, 2021)

LLM Block

~ o ~_- . ~
<
. 9 e 4 o AR >
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Additive PEFT

Prompt Tuning (Brian Lester et al., 2021)

LLM Block

I- Add & Norm
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PEFT Taxonomy

Full Fine-Tuning Parameter Efficient Fine-Tuning
(FFT) VS (PEFT)

L Re-parameterized

DASIab
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Which one is better from a systems perspective ,?
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PEFT Taxonomy

Full Fine-Tuning Parameter Efficient Fine-Tuning
(FFT) VS (PEFT)
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Re-parameterized PEFT
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Re-parameterized PEFT L E—
Low Rank Adaptation (Hu et al., 2021)

LoRA
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LLM Block

Re-parameterized PEFT
Low Rank Adaptation (Hu et al., 2021)
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LLM Block

Re-parameterized PEFT
Low Rank Adaptation (Hu et al., 2021)
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LLM Block

Re-parameterized PEFT
Low Rank Adaptation (Hu et al., 2021)

a
h—xW+—-xWg, W,
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= Rlxd
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PEFT Taxonomy

Full Fine-Tuning Parameter Efficient Fine-Tuning
(FFT) VS (PEFT)

L Re-parameterized

DASIab
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Which one is better from a systems perspective ,?
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[PEFT Methods for PLMs]
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PEFT Taxonomy

Adapter-based
Fine-tuning

Soft Prompt-based | | -
g Finc-tuning o

Adapter Design

Multi-task Adaptation }— AdapterIfusion [35], AdaMix [36], PHA [37], AdapterSoup [38], MerA [39], Hyperformer [40]

~ Soft Prompt Design }—

fPrcﬁx-tuning [41], Prefix-Propagation [42], p-tuning v2 [43]. APT [44], p-tuning [45],
prompt-tuning [40), Xprompt [47], IDPG [48], LP1 |49], SP1 |50), APrompt [51]

‘Serial Adapter [31], Parallel Adapter [32), CIAT [33], CoDA [34]

Training Speedup }—

SPoT [52], TPT [53], InfoPrompt [54]. PTP [55], IPT [56], SMoP [57], DePT [58]

Others  — (IA)® [59], MoV [60], SST [61], IPA [62]
Unstructural : . _— . \ ) ) )
Masking = U-Diff pruning [63], U-Bitl'it [64], Pal‘ [65], I'ishMask [66], Iish-Dip [67], LT-SI'T [68], SAM [69], Child-tuning [70]

|

ILow-rank
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| Dyvnamic Rank J}—\DyLoRA [82], AdaLoRA [83], SoRA [84], CapaBoost [85]. AutoLoRA [86] I
LoRA Improvement xLaplacc-LoRA [87]. LoRA Dropout [88], PeriodicLoRA [89]. LoRA+ [90], MoSLoRA [91] l
Multiple LoRA lnRAHuh 192], MOELaRA [93], MoLORA [60], MoA [94]. Mal.E [95], MixL.oRA (96| J

UniPELT [97]. S4 [98]. MAM Adapter [32], NOAH [99], AUTOPEFT [100], LLM-Adapters [101], S YPET [102] ‘

Fig.

3: Taxonomy of Parameter-Efficient Fine-Tuning Methods for Large Models.
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LoRA Variants

’--------------------------------------------.

A}
[
i . Rank Expansion Methods (§II-B1) - ReLoRA [21], PeriodicLoRA [39], CoLA [40], XGBLoRA [41], McLoRA [42], LoHA [43] 5
LoKr [44], HIRA [45], MoRA [46]
[
Rank Adjustment Based . ShareLoRA [47], VeRA [48], RaSA [49], RandLoRA [23], DenseLoRA [50], ProLoRA [51]
i [ LoRA Variants (§11I-B) 1 R ) o BSLoRA [52], TiedLoRA [53], VB-LoRA [54], E*LoRA [55] 10
i
- Rank Budgeting Methods (§H-B3) || Adal.oRA [22], Sal.oRA [56], SoRA [57]. Autol.aRA [5R8], Increl.aRA [59], ALoRA [60], 10
[ BiLoRA [61], GoRA [62], RaLoRA(-Pro) [63], EVA [64]
i A ) Stability Enhancing Methods(§1I-C1) — rsLoRA [65], LoRA+ [24], RPLoRA [66] 2
- Optimization Process Adjustment {
- Based LoRA Variants (§11I-C) . X oRA-Pro . o 20 et al.
g Ali ent Enhancing Methods(§II-C2) . DoRA [67], DeLoRA [68], DuDE [69], LoRA-Pro [25], RPLoRA [66?, FLoRA (H t al.) [70] 1 1
] = . FLoRA (Si et al) [71], Aurora [72], SineLoRA [73], LoRAN [74], LoDA [75]
Ny
I > s - -
[ Data-independent Init Methods (SI-D1) — NZLoRA [76], Hayou et al. [77] PiSSA [26], MiLoRA [78], OLoRA [51], NoRA [79] %
i § NLoRA [80], SORSA [81]
= Initialization Adjustment Based
[ - | LoRA Variants (§II-D) - Gradient-driven Init Methods(§1I-D2) . LoRA-GA [27], LoRA-One [82], GORA [62], LoRA-TSD [83] 4,
] —  Acitivation-aware Init Methods(§11-D3) —_ CorDA [84], EVA [64] 2
i = Loss Modification Methods (§II-E1) . MoELoRA [85], LoRAMOoE [86] 2
0 || Mixture-of-Experts Intergration - Router Modification Methods (81I-E2) — MoA [87], AdaMoLE [88] 2
i Based LoRA Variants ($II-E)
I | Expe rt Modification Methods (§II-E3) || Mol.A [R9], GOAT [90], Hydra-l.oRA [91], MoSLoRA [92], Mulhtil.oRA [93], Sira [94] 1 O
MtLoRA [95], Yang et al. [96], Llava-mole [97], Moka [15]
[
g Fig. 1. Hierarchical taxonomy of LoRA variants based on four core principle operational axes. 71
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4
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2. Parameter Budget Allocation in Parameter Efficient Fine-Tuning

PROBLEM
Given a fixed parameter budget, how should LoRA
adapters be allocated across the layers and modules
of an LLM to maximize task performance?
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2. Parameter Budget Allocation in P

Published as a conference paper at ICLR 2021

MORE OR LESS: WHEN AND HOW TO BUILD
CONVOLUTIONAL NEURAL NETWORK ENSEMBLES

Abdul Wasay Stratos Idreos
Harvard University Harvard University
awasay @ scas harvard.cdu stratos @ scas. harvard.cdu

ABSTRACT

Cuonvulutional neusal actwotks wic utilized W sulve wacasingly e voaplea
problems and with more data. As a result, researchers and practitioners seck

to scale the representitional pewer of sich mod:ls by adding more parameters.
However, increasing parameters requires additional enitical resonress< in terms of
memory and compute, leading to increesed training and inference cost. Thus a
consistent challenge is to obtain as high as possible accuracy within a parameter
budget. As neural network designers nevigate this complzx landscape, they are
guidzd by coaventional wisdom that is informed “rom past empirical studies We
ideniify a critical part of this design space that s not well-unders:ood: How to
decide between the alternatives of expanding a single convo.utional network model
or increasing the number of networks 1n the torm of an ensemble. We study this
question in detail across various network architectures and data sets. We buid an

extensive experimental framework that captures numerous angles af the possible
design space in terms of how a new se: of parameters own be used in a model.

We consider a holistic set of metrics such as training time, infereace time, and
memory usage. The ramewotk provides a robust assessment by making sure
it controls for the numher of parameters Contrary to corwentional wisdomr, we
show that whzn we perform a holistic ard robust assessment, we uncover a wide
design space, where ensembles provide better accuracy. train faster, and deploy at

speed comparable to single convolutional networks with the same tctal number of
parameters.

1 INTRODUCTION

Scaling capacity of deep learning models. Comvolutional neural nztwork models are becoming as
accurate as humans on percepual tasks. They are now us:d In numerous and diverse applicaidons
such as drug discovery, data compression, and astomating gameplay. These models increasingly
grow in size with more parameters and layers, driven by two major trnds. First, there is a continuous
risze in data complexity and sizas in many applications (Shazeer etal., 2017). Secornd, there is an
increasing need for higher accuracy as models ace utilized in more critical applications — such as
self-driving cars and medical diagnosis (Grzywacaewski, 2017). This effect is especially pronounced
in camputer vision and natural language processing: Model sizes are three orders of magnitude larger
than they wers just three years ago (Sanh ct al., 2019).

With bigger model sizes, the time, computation, ard memory needed to train and deploy such models
also increase. Thus, 1t is a consistent challenge to design models that marzimize accuracy while
remaining practical with respect to the resources they need [Lee et al., 2015; Huang et al., 2017b). In
this paper, we study the following question: Giver a number of paraneters (neurons), how to design
a convolutional neural network to optimize holistically for accuracy, training cast, and nference cost?

The holistic design space is very complex. Designers of convolutional neural network medels
navigate a complex design landscape to address this question: First, they need to decide on network
architecture. Then, they have ‘o consider whether to use a single network or build an ensemble
mod:] with multiple networks. Additionally, they have to decide hew many neural networks to use
and their individual designs, i.c., the depth, width, and number of networks in their model. Mcdern

arameter Efficient Fine-Tuning

Param.: |S| | Depth: d | Width: w

Depth
_—

I i I b B
I y S i B
I iy I i B

(a) Single network

Param.: S| | Depth: d | Width: w’
El ][ J[C ]
o7l I iy N o B

gz 10 1 [ ]
(b) Depth-equivalent ensemble

Param.: |S| | Depth: d’ | Width: w
El E2 E3

(¢) Width-cquivalent ensemble



2. Parameter Budget Allocation in Parameter Efficient Fine-Tuning

SOLUTION
Formally define the primitives of the LORA placement
design space and identify good domains to restrict the
otherwise infinite design space
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