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1. Is the gradient cancellation effect® a reliable predictor of layer contribution in influence estimation?

validation set

2. Which model layers yield the most effective influence scores for detecting detrimental samples?
3. Can alternative aggregation strategies improve influence estimation performance compared to
traditional averaging?

4. How reliably can the detrimental sample distribution measures predict the downstream
performance of influence-based data filtering methods?

Yeh et al. “First is better than last for language data influence”, NeurlPS 2025
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[RQ1] Issues with Cancellation Effect

Training gradient cancellations: 1 — no cancellation, oo — extreme cancellation.

® |ayer cancellation “smoothes” the
gradient compensation over a large
number of parameters, hiding weights
where individual cancellation is high.

® Cancellation effect has a weak-to-no
correlation to downstream performance
after filtering of the least influential
samples. (Spearman correlation p)

e High Cancellation Can Improve Sample
Separability in Influence Score Range
(Theorem 5.1)

Layer Mean +std Median Min Max p
o WE 22 +03 1 1 o~ -03
20005 94x30 118 1 10° 01
7 06-11 105+46 143 17 10° 0.1
£ 1217 94 :s1 125 16 oo 0.1
5 1823 85 +44 1.1 15 10% 0.2
© CL 8561 111 16 oo 0.1
o WE 2.9 +03 1 1 oo 0.3
— 00-03 8.4 +29 118 17 o -01
& 0407 58 +23 7.7 12 105 -0.2
é 08-11 44 +16 5.8 1 10° -01
5 12-15 40 +17 53 1 10 -0.1
=~ CL 31x23 25 1 10* -01
WE 3.5 +03 1.1 1 o) 0.1

@ 00-07 17.7 +35 17 16 oo 00
— 0815 164 +64 186 22 oo 01
2 16-23 156 +86 16 19 oo 00
S 2431 157+102 155 18 oo 0.0
CL  205+195 117 38 10° 0.1
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[RQ2] Most Effective Layers (1)

Results for Mistral 7B on GLUE benchmark
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[RQ2] Most Effective Layers (2)

L Roberta-Large Llama-3.2 1B Qwen-2.5 1.5B Mistral 7B
€' Datalnf Tracln  Cosine | Datalnf Tracln  Cosine | Datalnf Tracln  Cosine | Datalnf Tracln  Cosine
TIO - 1 (.49) - - 1 (.56) 2 (.49) - - 1 (.58)
Tloe - 2 (.48) - 2 (.52) - 1(.51) - 2 (.50)
WE - 1(.54) 2 (41) - 3(44) 3(42) - 3(.40) 3 (.19) - 2(50) 1(.58)
1 4(.29) 3(50) 3(.35) | 1(.53) 2(54) 1(.53)|1(.49) 2(42) 2(.45) | 2(53) 1(.61) 1 (.60)
2 4(30) 5(40) 2(40) |1(.58) 1(54) 1(.53)| 1(.48) 1(.57) 1(.60) |1(.60) 2(48) 2(.55)
3 2(.40) 4(44) 1(.56) | 2(42) 4(38) 2(45) |1(.49) 2(48) 1(.61)| 2(.39) 3(29) 3(.37)
4 1(.55) 6(.36) 1(54) | 3(.23) 5(22) 4(.28) | 2(.31) 4(.30) 2(.40) | 3(.20) 4(.20) 4(.23)
CL 3(.36) 7(.17) 4(.15) | 4(.18) 6(.17) 5(.15) | 3(.16) 5(.22) 3(.18) | 3(.20) 4 (.20) 5(.09)
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[RQ3] Better Influence Aggregation Strategies (1)

We consider better strategies that address Ax- , the score compensation, and magnitude
domination between validation samples and NN modules.

I(%,X",01) = Axr ((I'(-, %, ©))) ()

Rank(/") = Z Z "(7,%,01) < I'(-,X', 1))

x'eX" leLyeX

Votex (') = — Z max(k — Z "(7.%,0,) < I'(,X',©)),0)

x'eX",lel yeX
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[RQ3] Better Influence Aggregation Strategies (2)

Results for Mistral 7B on GLUE benchmark
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[RQ4] AUC NDR Reliability as Proxy Measure

Medium-to-strong correlation of
NDR to downstream performance,

Inflfunc  Roberta-Large Llama-3.2 1B Mistral 7B
) C NDR_AUC| C NDR AUC| C NDR AUC
Datainf 02 07 05 | 00f 06 05| 01 05 05
o Tracn,. 03 06 04 |02 06 05 |01* 04 03
S Trachl® 03 06 04 |00* 05 05 |00* 05 03
= Traclh  00* 04 03 |01* 06 05 |00* 06 05
Cosine 02 07 06 |-00 05 05 |-01 06 05
Datainf 03 07 07 |-01* 06 06 | 00F 06 07
. Trach, -03 06 05 |-01* 02 02%|00* 03 02
S Trachnld -03 05 05 |-02% 0.1* 0.0* |-0.1¥ 02* 0.1*
% Trach 02 05 05 [-01* 05 05 |-0.1* 04 05
Cosine 02 07 07 |-01* 06 06 |01* 06 06
Datalnf 03 08 08 |-01 06 06 | 01 09 08
, Trach, -04 08 08 [-01* 05 05 |-01* 08 08
3 Trachl® -04 07 08 |-01* 05 05 |00* 08 08
Z Tradn 02 08 07 |-01 06 06|01 08 08
Cosine 02 07 06 | -01 02 02 ]00* 04 04

Mistral NDR across layers and LoRA modules.
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Conclusions

1. Cancellation effect is not a reliable predictor of downstream performance after
detrimental set filtering.

2. Middle attention layers achieve better influence-scoring performance than the WE
and CL heads.

3. Alternative aggregations of individual influence scores may drastically improve the
filtering capability (Rank, Vote-k methods).

4. NDR is a better proxy measure that may be used for studying alternative
aggregations and layer/module set selection.

9/9



