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LLM training is expensive

Llama 4

Rumored to have been pre-trained on 32k H100’s

Quality data is scarce

Llama 4:

Leading Multimodal Intelligence

Llama 4 Behemoth

288B active parameter, 16 experts
2T total parameters

The most intelligent teacher model for distillation

Llama 4 Maverick

17B active parame: ters, 128 experts
400B total parameters

Native multimodal with 1M context length

Newest model suite offering unrivaled
speed and efficiency

Llama 4 Scout

17B active parameters, 16 experts
109B total parameters

Industry leading 10M context length
Optimized inference
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Influence estimation...?

CONV

- How important is this data point?
- i.e. influence function (Koh & Liang 2017) or data valuation
- Use it to choose a of influential samples

(LU
N




- Model Dependent

- Model Independent
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How Is influence estimation done?

CONV

- Model Dependent

- Subset is specific to model’s weaknesses
- Uses model-specific signals like confidence, performance, gradients

- Model Independent

- Subset can be used for any model
- Uses clustering-based or semantic similarity based methods



How is influence estimation done?

Model Dependent

- Subset is specific to model’s weaknesses

- Uses model-specific signals like confidence, performance, gradients

Model Independent

- Subset can be used for any model

- Uses clustering-based or semantic similarity based methods

sim(i, ) = Influence of jon i

Mx N

CONV
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Influence estimation is expensive!

CONVAI

-  Forward/backprop using a language model

Method Cost Size
Pairwise
DELIFT (Agarwal et al., 2025) O(MN) - F 7-8B
DELIFT (SE) (Agarwal et al., 2025) O(MN) - F 355M
LESS (Xia et al., 2024) OM+N)-B 7-8B
(spoiler)
Pointwise
SelectIT (Liu et al., 2024a) OM)-F 7-8B

(spoiler)

11



Inference/backprop using a language model

Method Cost Size
Pairwise
DELIFT (. | et al., 2025) O ‘/ V) - F 7-8B
D [FT ( SI J 355M
These rks es’rl ate mf!t,lq cqbu g
(spoiler)
Pointwise
Select]IT (Liu et al., 2024a) OM) - F 7-8B
(spoiler)
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Can we learn to estimate influence instead?
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Motivation

LLM-based influence functions

- Input: text data
- Output: influence score

Output
Probabilities

ar

Feed
Forward
J

Add & Norm
(Add & Norm ]
BN Multi-Head
Attention
Nx
Nx
Masked
Multi-Head
Attention
A B
———/)
Positional Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Train a neural network:

Input: (embedded) text data
Output: influence score

CONVAI
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Motivation

Method

Cost Size

Pairwise

DELIFT (Agarwal et al., 2025)
DELIFT (SE) (Agarwal et al., 2025)

LESS (Xia et al., 2024)

O(MN)-F  17-8B
OMN)-F  355M
O(M +N)-B 17-8B

(spoiler)

Pointwise

SelectIT (Liu et al., 2024a)

OM)-F  17-8B

(spoiler)

CONVAI
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Motivation

Method Cost Size
Pairwise
DELIFT (Agarwal et al., 2025) O(MN) - F 7-8B
DELIFT (SE) (Agarwal et al., 2025) O(MN) - F 355M
LESS (Xia et al., 2024) OM+ N)-B 7-8B
NN-CIFT (ours) O(MN) - F 205K
Pointwise
SelectIT (Liu et al., 2024a) OM) - F 7-8B
NN-CIFT (ours) OM)-F 205K
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Motivation

Method Cost Size
Pairwise
DELIFT (Agarwal et al., 2025) O(MN) - F 7-8B
DELIFT (SE) (Agarwal et al., 2025) O(MN)-F  355M
LESS (Xia et al., 2024) OM+ N)-B 7-8B
NN-CIFT (ours) O(MN)-F 205K
Pointwise
SelectIT (Liu et al., 2024a) OM)-F 7-8B
NN-CIFT (ours) OM)-F 205K
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Model size
reduces by
99.73%)!
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NN-CIFT: Neural Networks for Efficient Instruction Fine-Tuning

/ Step 1: collect training data

IFT datasets D, Dy Take a random subset of

u of both datasets

—_—
n i €

(L

M N

Calculate influence matrix

using influence function

sim(i, j)
- -_) I:Imxn e
= JE=

-’ -

N

/ Step 2: train/evaluate the InfluenceNetwork

Training data Train InfluenceNetwork I Ny

N

Evaluate on the rest of
the similarity matrix

Dmxn % .
MxN

<

/ Step 3: use similarity matrix for IFT

Use data selection to
Influence values
select v samples

Obtain pruned IFT data Sz € Dg

(LU

Fine-tune model M’

-~ - B -

4
4

J
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NN-CIFT

/ Step 1: collect training data

IFT datasets Dg, Dy

Take a random subset of
u of both datasets

—

Calculate influence matrix
using influence function

sim(i, j)

e em Bmxn—
(e €
-
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NN-CIFT — Step 1: collect training data (‘&5)

CONV

Use existing influence function to calculate a few influence scores

sim(i, ) = Influence of jon i

i | Our evaluation uses:

1. DELIFT [Agarwal et al. 2025]
2. + DELIFT (SE)

3. LESS [Xia et al. 2024]

4. SelectIT [Liu et al. 2024]

M XN
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NN-CIFT

/ Step 1: collect training data

IFT datasets Dy, Dy Take a random subset of Calculate influence matrix
u of both datasets using influence function
sim({, j)
U —_— E E e — - [ mxn ——>
| - i -
U -, Wi, lEww ,] Eas
[ — o
\ M N
/ Step 2: train/evaluate the InfluenceNetwork
s ) Evaluate on the rest of
Training data Train InfluenceNetwork I Ng

the similarity matrix

Dmxn % .
MxN

PN

CONVAI
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NN-CIFT — Step 2: train the InfluenceNetwork

InfluenceNetwork definition:
class InfluenceNetwork (nn.Module) :

def init (self, dim, hidden size=100) :

super (InfluenceNetwork, self). 1nit ()
self.fcl = nn.Linear (dim, hidden size)
self.activate = nn.RelLU/()

self.fc2 = nn.Linear (hidden size, 1)

Use mini-batch gradient descent to train

CONVAI
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NN-CIFT — Step 2: train the InfluenceNetwork — Does it work well?

MSE on validation: 0.072!

—e— InfluenceNetwork
G280 —— Predicting 0
—— Random
0.225
} -
o
= 0.200 1
L
gol
8 0.175
O
-}
O 0.150
wn
5
0.125
0
b3
0.100 1 \‘
— —9
0.075

0.60 0.65 0,'10 0.’15 0.l20 O.’25 0.'30 O.’35 0.110
InfluenceNetwork training size
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NN-CIFT — Step 2: train the InfluenceNetwork — Does it work well?

MSE on validation: 0.072!
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NN-CIFT — Step 2: train the InfluenceNetwork — Does it work well?

MSE on test set: 0.063

Mean Squared Error

0.24 4

0.22 1

0.20 +

0.18 1

0.16 +

0.12 +

0.10 1

0.08 A

1 —e— InfluenceNetwork
—— Predicting 0
—— Random

\f @ *——eo—o——o

1@

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

InfluenceNetwork training size

CONVAI
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Why is this so cool?
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NN-CIFT — Step 2: train the InfluenceNetwork — Does it work well?

Estimating influence is not adaptive to new data

CONVAI
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NN-CIFT — Step 2: train the InfluenceNetwork — Does it work well?

CONVA

Learning to estimate influence to new data
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NN-CIFT

/ Step 1: collect training data

IFT datasets D, Dy Take a random subset of

u of both datasets

—

(((

M N

\

Calculate influence matrix
using influence function

sim(i, j)
S = B —
e8I 8,

/ Step 2: train/evaluate the InfluenceNetwork

Training data

\

Train InfluenceNetwork I Ny

Evaluate on the rest of
the similarity matrix

Dmxn % .
MxN

<

/ Step 3: use similarity matrix for IFT

Use data selection to

Influence values
select v samples

B A

Obtain pruned IFT data Sz € Dg

(LU

IS

Fine-tune model M’

J
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Results on Phi-3

NN-CIFT — Step 3: use sim. matrix for IFT — does pruning work?

Datasct MixInstruct Alpaca

Mecthod ICL QLoRA ICL QLoRA

Metric ROUGE BGE LAJ ROUGE BGE LAJ ROUGE BGE LAJ ROUGE BGE LAJ
Initial 37.87 7892 298 36.36 8255  3.02 25.79 67.82  2.56 27.29 7157  2.62
Random 39.00 80.66 3.12 44.45 85.46 3.12 3493 73.50 3.07 35.57 75.16 2.96
SclectIT 43.08 84.50 3.18 45.14 85.88 3.21 33.56 77.10 3:12, 34.04 78.10 3:21
NN-CIFT + SclectlT 43.71 81.95 3.16 46.09 86.13  3.19 34.85 7179  3.13 34.07 78.11 3.16
LESS 42.08 83.24 3.26 45.16 84.95 3.28 35.78 76.84 3.16 35.28 76.49 3.15
NN-CIFT + LESS 42.84 83.74 3.26 45.18 84.63  3.26 36.12 77.11  3.16 36.49 7575  3.16
DELIFT (SE) 47.43 84.40 3.28 48.22 86.50 3.28 37.53 80.76 3.25 42.66 84.26 3.18
NN-CIFT + DELIFT (SE) 47.30 82.99 323 46.49 84.68 3.29 37.02 80.72 3.26 42.52 84.58 3.29
DELIFT 48.46 85.77 335 52.79 88.04 3.37 38.36 81.13 336 4343 85.05  3.56
NN-CIFT + DELIFT 48.57 83.90 341 53.30 81.34 3.54 38.99 80.29 3.49 44.64 85.23 357
Full Data 58.65 88.72 345 65.51 92.24 3.51 35.27 717.85 3.31 39.29 78.85 329

CONVAI
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NN-CIFT — Step 3: use sim. matrix for IFT — does pruning work?

Results on Phi-3

Datasct MixInstruct Alpaca

Mecthod ICL QLoRA ICL QLoRA

Metric ROUGE BGE LAJ ROUGE BGE LAJ ROUGE BGE LAJ ROUGE BGE LAJ
Initial 37.87 7892 298 36.36 8255  3.02 25.79 67.82  2.56 27.29 7157  2.62
Random 39.00 80.66 3.12 44.45 85.46 3.12 3493 73.50 3.07 35.57 75.16 2.96
SclectIT 43.08 84.50 3.18 45.14 85.88 3.21 33.56 77.10 3:12, 34.04 78.10 3:21
NN-CIFT + SeleetlT 43.71 81.95 3.16 46.09 86.13 3.19 34.85 71.79 3.13 34.07 78.11 3.16
LESS 42.08 83.24 3.26 45.16 84.95 3.28 35.78 76.84 3.16 35.28 76.49 3.15
NN-CIFT + LESS 42.84 83.74 3.26 45.18 84.63  3.26 36.12 77.11  3.16 36.49 7575  3.16
DELIFT (SE) 47.43 84.40 3.28 48.22 86.50 3.28 37.53 80.76 3.25 42.66 84.26 3.18
NN-CIFT + DELIFT (SE) 47.30 82.99 323 46.49 84.68 3.29 37.02 80.72 3.26 42.52 84.58 3.29
DELIFT 48.46 85.77 335 52.79 88.04 3.37 38.36 81.13 336 4343 85.05  3.56
NN-CIFT + DELIFT 48.57 83.90 341 53.30 81.34 3.54 38.99 80.29 3.49 44.64 85.23 357
Full Data 58.65 88.72 345 65.51 92.24 3.51 35.27 717.85 3.31 39.29 78.85 3.29

Difference between NN-CIFT and original influence function is 1.40%)!

CONVAI
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NN-CIFT — Step 3: use sim. matrix for IFT — does pruning work?

Results on Llama-8B

Datasct MixInstruct Alpaca

Mecthod ICL QLoRA ICL QLoRA

Metric ROUGE BGE LAJ ROUGE BGE LAJ ROUGE BGE LAJ ROUGE BGE LAJ
Initial 28.53 74.05 294 34.42 78.54 3.00 24.85 72.45 2.26 34.29 80.82 3.03
Random 40.07 84.04  3.26 41.68 8426 3.22 36.95 8047  3.12 38.64 80.46  3.07
SclectIT 46.51 86.18 3.25 50.31 87.38 3.25 41.42 83.25 3:27 4451 84.18 334
NN-CIFT + SclectIT 46.48 85.86 228 50.87 8743  3.26 42.07 83.67 327 44.99 85.13  3.37
LESS 48.21 86.19 3.34 51.24 86.07 3.37 43.34 84.19 3.38 44.73 84.04 3.32
NN-CIFT + LESS 48.20 86.31  3.36 51.56 86.39 341 44.42 84.69 332 46.40 85.44 336
DELIFT (SE) 48.36 85.91 3.38 51.43 86.20 3.34 44.30 85.52 341 45.35 86.34 3.48
NN-CIFT + DELIFT (SE) 48.59 85.01  3.39 50.53 86.10  3.33 45.49 86.27 3.4 45.75 86.45 347
DELIFT 51.66 88.02 343 55.58 91.81 3.50 46.49 87.60 3.50 49.16 87.74 3.54
NN-CIFT + DELIFT 52.03 88.38 341 55.85 9196  3.51 46.26 8741  3.55 49.15 87.74  3.50
Full Data 54.43 92.55 3.40 59.47 94.12 3.58 48.53 91.21 3.63 48.29 90.82 3.66

Here, its 1.39%!

CONVAI

33



NN-CIFT — Step 3: use sim. matrix for IFT — what about the cost?

Costs (seconds) are cut down by 77% to 99%

Model Phi-3 Llama-8B
Dataset MixInstruct  Alpaca  MixInstruct  Alpaca
Initial - - - -
Random 12.4 12.3 12.9 12:3
SelectIT 7,047 6,594 6,671 6,470
NN-CIFT + SelectIT 65 63 64 63
LESS 12,338 11,217 10,843 14,819
NN-CIFT + LESS 78 75 74 84
DELIFT (SE) 216 218 218 219
NN-CIFT + DELIFT (SE) 48 48 48 48
DELIFT 67,379 68,117 68,076 65,711
NN-CIFT + DELIFT 215 217 217 211

Full Data

CONVAI
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What does this all mean? X

CONV

NN-CIFT..

uses instead of language models for data valuation
learns to estimate influence with
, which was not previously possible
up to 99% costs performance

35



Cheap Neural Networks for Learnable and Scalable

Influence Estimation of Instruction Fine-Tuning
Ishika Agarwal, Dilek Hakkani-Tur

arXiv

NN-CIFT..

- Uses only of data to train neural network
- Network size reduces to of LLMs
- Accurate data selection (MSE: )




How is influence estimation done?

- Model Dependent

- Inference-based

- DELIFT: quantifies how close the answer is to the ground truth

- SelectIT: uses confidence and consistency to estimate importance
- Gradient-based

- LESS: measures how similar the gradients are for two data points

- Model Independent

- Clustering-based: data points that match a target task are better to learn

(X
\

CONV
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Pairwise v Pointwise

- Pairwise: uses the mutual/conditional information between two

datasets

- IFT: does Common Corpus already have this knowledge from MixInstruct?

- Task-specific FT: what data from MixInstruct looks like GSM8k?

- Continual learning: what data from DatasetName-v2 is different from
DatasetName-v1?

- Pointwise: computes a ranking of “importance”

CONV
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Evaluation Details: InfluenceNetwork

- Dataset: MixInstruct

- Model: Phi-3

- Influence Function: DELIFT
- MSE:

1 . PR
Dy x Dy > (IFy(i, ) — sim(i, §))
(4,7)EDE XDy
D_F — MixInstruct training
D_T — MixInstruct validation
IF _theta — InfluenceNetwork

sim(i,j) — DELIFT

- Baselines:

Predicting only 0O influence
Predicting random influence

0.24 +

0.22 4

0.20 +

0.18 4

0.16 +

0.14 4

0.12 4

0.10 1

0.08

CONVAI

—e— InfluenceNetwork

—— Predicting 0

—— Random

0.00

0.05

0.10

0.15 0.20 0.25 0.30

0.35

0.40
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Evaluation Details: subset selection

CONVAI

- Datasets: MixInstruct, Alpaca
- Model: Phi-3, Lliama-8B

- Metrics:
- ROUGE
- BGE: cosine distance between BAAI General Embeddings
- LAJ: Llama-as-a-Judge, Prometheus

- ICL/QLOoRA:

Dataset MixInstruct Alpaca

- ICL: use chosen subset as pool for ICL v aomn o
L R A . f' 1_ h b 1_ Metric ROUGE BGE LAJ ROUGE BGE LAJ ROUGE BGE LAJ ROUGE BGE LAJ
- Q o . TIné-Tune on chosen subse Tnitial 2853 7405 294 3442 7854 300 2485 7245 226 3429 8082 3.3
. Random 4007 8404 326 4168 8426 322 3695 8047 312 3864 8046 3.07
- Bq Sel | n eS: SelectIT 4651 8618 325 5031 8738 325 4142 8325 327 4451 8418 334
DistilGPT2 + SelectlT 4126 8033 320 4486 8472 323 3918 8099 299 4172 8L50 314
.. . NN-CIFT + Selectlt 4648 8586 228 5087 8743 326 4207  §3.67 327 4499 8513 337
= In ITIGI: no SubSeT SeIeCTIOn LESS 48.21 86.19 3.34 51.24 86.07 3.37 4334 84.19 3.38 44.73 84.04 332
. DistilGPT2 + LESS 42.18 78.34 323 48.64 79.09 327 42.02 80.89 329 4251 82.35 329
- Rq n d om: se I eCT in g a ran d om su bse-r NN-CIFT + LESS 4820 8631 336 5156 8639 341 4442 8469 332 4640 8544 336

. Sl

DELIFT (SE) 48.36 8591 338 5143 86.20  3.34 44.30 8552 341 4535 86.34 348
DistilGPT2 + DELIFT (SE) 4721 8424 328 49.37 8424 329 43.51 85.45 341 44.89 79.81 3.36

.« . . .
= Ol’lg | I‘\Cl| infl uence fu nction NN-CIFT+ DELIFT SE) 4859 8501 339 5053 8610 333 4549 8627 344 4575  $645 347

. . . DELIFT 5166 8802 343 5558 9181 350 4649 8760 350  49.16 8774  3.54
- U SiNn g D | S1'| IG PT2 as 1' h e L M N I FS DistilGPT2 + DELIFT 4709 8474 326 4821 8424 328 4508 8145 341 4107 8322 344

NN-CIFT + DELIFT 5203 8838 341 5585 9196 351 4626 8741 355  49.05 8774  3.50

- Fu” DGTG. using 100% of The da'rq Full Data 5443 9255 340 5947 9412 358 4853 9121 363 4829 9082  3.66
.
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