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Figure 6: Performance after repeatedly taking gradient steps on different types of data-points. We use figure titles
A—B—C to refer to the settings where the model is trained on A, fine-tuned on B, and then evaluated on C.
The lines refer to the mean performance averaged across 3 repetitions, and the shaded area covers the max/min
performance. When models are evaluated on HANS, the influence values are computed w.r.t. each subset of
HANS validation dataset (shown with different line colors), and we show results on each subset of HANS test
dataset. Please see the appendix for corresponding results on validation datasets.
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Figure 7: Experiments on ANLI and Amazon-WILDS.

dataset (i.e., a data augmentation setup). Figs. 6 (b)
and 7 (c) show the results for the model trained on
MultiNLI, evaluated on HANS/ANLI, and the aug-
mented data come from the HANS/ANLI training
dataset. We can observe that random data augmen-
tation works reasonably well.” Further, augment-
ing helpful data-points can outperform random data
augmentation and using anchor data-points directly
in general. In the end, we could improve the aver-
age accuracy on HANS and ANLI by more than
5.9%/2.7% (about 2.8%/1.7% more than using an-
chor data-points directly) respectively. These re-
sults show the potential of influence functions for
sample-efficient data augmentation.

°This intuitively makes sense because the evaluation data
comes from HANS/ANLI evaluation dataset.

Finally, we experiment with settings where
the model is trained/fine-tuned on the Amazon-
WILDS training dataset, and evaluated on an out-
of-distribution (OOD) test set. Fig. 7 (d) shows
that fine-tuning on harmful data-points deteriorates
the performance as expected, though fine-tuning on
helpful ones has little impact on the performance.
We hypothesize that the selected anchor data-points
are not representative enough of the evaluation
dataset, as fine-tuning on anchor data-points di-
rectly also has little impact. This shows that the
usefulness of our method likely depends on the
quality of chosen anchor data-points.

7 Conclusions

We present FASTIF which, via simple modifica-
tions, significantly speeds up the computation to
influence functions without significantly impacting
their performance. Our improvements include us-
ing kNN to pre-select a subset of influence-worthy
data-points, identifying a set of hyperparameters
for the inverse HVP estimation algorithm, and a
parallel implementation that minimizes communi-
cation overhead. We empirically examine the ef-
fectiveness of these modifications. Then, with the
availability of fast influence functions, we demon-
strate a few interesting applications that were pre-
viously intractable: (1) examining the “explainabil-
ity” of influential data-points, (2) visualizing data
influence-interactions, (3) correcting model predic-
tions using original training data, (4) and correcting
model predictions using data from a new dataset.
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8 Ethical Considerations

This work presents scalable influence functions
for efficient model interpretation and debugging,
which would be especially useful for improving
model performance for particular categories of
model failures after they are identified.

Recently, Carlini et al. (2020) noticed that an
adversary could extract training data from large-
scale language models and recover potentially sen-
sitive information. If properly used, the tool could
be helpful for checking whether a model might
be vulnerable to such attacks (hence, our tool
should be used to encourage the detection of such
memorization-based models as opposed to being
misused to exploit such models). Finally, while the
fast influence functions are more compute-efficient
than alternatives like retraining and full-scale in-
fluence functions, they are nevertheless expensive
operations. Thus, applying FASTIF to large-scale
datasets and models might be restricted to those
who have access to adequate computing power (but
in fact, this is why the main purpose of this pa-
per is to make influence functions faster and more
compute efficient).
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Appendix
A Summary of Key Experiment Details

Please see Table 3.

B Experimental Results and Analysis

In this section, we examine the effectiveness of the
methods described in Sec. 3.2 and 3.3. Specifically,
we conduct the following set of experiments:

e We measure KNN’s recall in terms of retrieving
data-points that are potentially influential.

e We look at the trade-off in speed/quality of
inverse Hessian-vector-product approximation
with various configurations.

e We examine the quality of the influence estima-
tions using all of the proposed techniques, by
comparing the correlations between the influ-
ence values computed with/without them.

B.1 Recall of kNN

In Sec. 3.2, we describe the use of kNN for pre-
selecting a subset of data-points. This (smaller) set
of data-points are then re-ranked using the more ex-
pensive influence functions. Making this work well
requires that the subset selected by kNN contains
potentially the most influential data-points.

In this section, we examine the kNN’s recall. We
ask the question: if a data-point is influential, will
it be included in the subset selected by the kKNN?
To formalize this, we define the recall score RQm
as the percentage of top-m ground-truth influential
data-points that are selected by the kNN,

| { retrieved } N { top-m influential } |
B | { top-m influential } |

R@Qm

where we let the top-m influential data-points com-
puted without kNN (i.e., on the full dataset) be the
top-m ground-truth influential data-points.

Details. For each evaluation data-point 2z,
we first compute the ground-truth influential
data-points via running influence functions
on the MultiNLI training dataset without
ENN (i.e., {top-m influential }). Then,
we use kNN to select the k training data-
points (i.e., { retrieved }). We chose ke
{1x10,1x102,1x103,1x10% 5x10%, 1x10%}.
Finally, we compute the recall R@Qm with
me{10',102,10%}. We repeat the aforementioned
steps for three types of influential data-points: most
positively influential (harmful), most negatively
influential (helpful), and most influential (unsigned
influence, by taking the absolute value). We select
100 data-points from the MNLI evaluation dataset
(50 data-points when the model predictions are
correct and incorrect) and aggregate the results.

Results. Fig. 8 shows the experiments results.
Overall, the recall scores show that kNN is useful
in selecting data-points that are likely to be influ-
ential. The recall scores for the most influential
(i.e., using the absolute value) data-points are close
to 60% with k=5x10%, and 20% with k=5x103.
These k’s are about order(s) of magnitude smaller
than the size of the full training dataset (more than
3.9x10° examples). Note that random selection
would lead to recall around 15% (k=5x10%) and
1.5% (k=5x10?) in the two settings. One inter-
esting observation is that, the recall scores for the
most harmful data-points tend to be higher than the
most helpful ones when the predictions are correct,
but lower when the predictions are incorrect.'”

B.2 Inverse-Hessian-Vector-Product
Approximation Speed-Quality Trade-Off

We look at the speed-quality trade-off of the Hes-
sian approximation tricks, and see if the Hessian
approximation’s speed-up comes at the cost of dra-
matically lower quality. Our experiments show that
the speed-up does not greatly affect the quality.

Details. We
proximations

compute the Hessian ap-
with  Je€{700, 800, ...,1300},

1"Experiments in Main Paper Sec. 6.2 find that when the
predictions are incorrect, there tend to exist a few very-helpful
data-points and many more relatively-medium harmful ones.
This might help explain that kNN tends to have higher recall
on helpful data-points when the predictions are incorrect.
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Section

| Details

Sec.5.2/B.1 | 100 evaluation data-points, kNN with k€{1x10",1x10% 1x10%, 1x10%, 5x10%,1x10°}, R@m with
me{10',10%,10%}.
Sec.5.3/B.2 | 8evaluation data-points, J€{700, 800, ..., 1300}, B€{2°,2', ...,27}, T€{1,4}.
Sec. 5.4/B.3 | 20 evaluation data-points for estimating correlations, and 10 for retraining experiments, kNN with
ke{10%,10*}, Mremove€{1, 5, 25,50, 100}
Sec. 6.1 /C.1 | 20 evaluation data-points, 1 fine-tuning data-point, 50 learning rates in log-space from 10> to 102, and
repeat for 10 different fine-tuning data-points.
Sec. 6.2/ C.2 | 400 evaluation data-points where the model predictions are incorrect, including 100 from the MNLI evaluation
dataset and 100 for each of the three subsets from the HANS evaluation dataset. We use kNN with k& = 103,
Sec. 6.3/ C.3 | Experiments are repeated 3 times, fine-tuning is applied repeatedly for 10 iterations. For each iteration, we
select 10 validation data-points as the “anchor” data-points, update parameters for one gradient step on 10
fine-tuning data-points with learning rate 10~*. For Amazon-WILDS experiments, we use 50 anchor and
fine-tuning data-points.
Table 3: Some of the key experiment details.
Most Helpful Most Harmful Most Influential
1.01 recall@10 (correct) recall@10 (correct) recall@10 (correct)
recall@10 (incorrect) recall@10 (incorrect) | recall@10 (incorrect) (A
0.8 recall@100 (correct) recall@100 (correct) ! recall@100 (correct) 57
recall@100 (incorrect) recall@100 (incorrect) /' recall@100 (incorrect) | ,’,
_ 0.64 -4~ recall@1000 (correct) ! _1 ~#- recall@1000 (correct) /*' _1 —4- recall@1000 (correct) 7/ |
S recall@1000 (incorrect) l’ ° recall@1000 (incorrect) g recall@1000 (incorrect) /,‘
£ 0.4 l/" 2] 2] /|
0.21 ~ i"l/ /4
e =
0.0 eesemssipzazian +---- 11 §=o=o=m ssszagesess -
100 102 103 10*  10° 100 102 10°  10*  10° 10! 102 10®  10*  10°

#Nearest Neighbors

#Nearest Neighbors

#Nearest Neighbors

Figure 8: The recall of kNN in terms of finding influential data-points. The lines and error bars represent the means
and standard deviations across 100 correct/incorrect predictions.

Be{20,21 ... 27}, Te{1,4},'" and repeat the
experiments for 8 different MultiNLI evaluation
data-points (4 for correct/incorrect predictions).

Results. Fig. 9 shows the results of the exper-
iments. For the two figures on the left, we can
observe that the computation cost (measured in
time) grows with both the batch size and number of
recursive iterations J. Similarly, the estimation er-
or!? (the figures on the right) shows that the error
decreases with both the batch size and J in general.
Further, we notice that when the batch size is
small (e.g., B=1), we can make up the loss in
quality by increasing 7', which is inherently par-
allelizable (Main Paper Sec. 3.4). Overall, these
suggest that we could trade off a small drop in qual-
ity with a significant speed-up by the combination
of (1) small B, (2) medium J, and (3) large 7.3

"In the figures, we only include the results of different
T for difference norm. This is because practitioners can use
parallelism to speed up the computations of each run, which
is independent of each other as described in Sec. 3.4. Thus,
the change in time mainly depends on parallelism overhead,
which we found to be reasonable in our initial experiments.

12The estimation error is measured as the difference norm
w.r.t. the estimation using the most expensive configuration.

BWe pick J€{1000, 1500, 2000} based on convergence.

Comparison \ Pearson Spearman Kendall

Fast (k=10%) vs Full 99.840.33  99.54+1.34  96.94+2.81
Fast (k=10%) vs Full 99.940.10  99.74+0.55  96.84+2.27
Fast (k=103 vs k=10%) | 99.940.18  99.64+0.75  96.6+2.35

Table 4: Correlations between influence values using
various measures. The means and standard deviations
are computed with 20 evaluation points (balanced be-
tween correct and incorrect predictions).

B.3 Quality of Influence Estimations

Finally, we want to ensure that there are no signifi-
cant cascading estimation errors and that the final
computed influence scores are of sufficient quality.
Think of Sec. B.1 and B.2 as “unit-tests” to under-
stand whether each component works well on its
own, and in this section, our goal is to understand
whether all the components work well together.

First, we compute the correlations of influ-
ence values among the following two systems:
one that computes influence functions with both
KNN and fast seg approximation (Fast, with
k=103/k=10%), and one that computes influence
functions without them (Full).

Next, we further compare the quality of com-
puted influences by actually retraining the models
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Figure 9: Left Half: computational time of Hessian approximation as a function of batch size and recursive
iterations J. We further break down the figure into two sub-figures: cases when the prediction is correct and those
when it is incorrect. Right Half: estimation error norm as a function of batch size, recursive iterations, whether
the prediction is correct, and additionally the number of independent runs 7'.
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Figure 10: Change in loss on the data-point after re-
training, where we remove Myemove €{1, 5, 25, 50, 100}
data-points. We can see that the fast influence algo-
rithms produce reasonable quality estimations at just a
fraction of computation cost.

using three systems: (1) a system that computes
influence functions with both kNN and fast e
approximation, (2) a system that computes influ-
ence functions without them, and (3) a system that
randomly selects data-points.

For each evaluation data-point selected, we find
its Mremove Most influential training data-points.
Then we retrain the model by removing them and
measure the change in the loss on the same evalua-
tion data-point. If the influence function correctly
identifies helpful and harmful data-points, retrain-
ing without helpful points should result in the eval-
uation loss rising (i.e., positive change in loss), and
retraining without harmful points should result in
the loss falling (i.e., negative change in loss).

Details. For each evaluation data-point selected,
we find its influential training data-points using
one of the three aforementioned systems. Then
we retrain the model by removing My emove train-
ing data-point(s) and measure the change in the

loss on the same evaluation data-point. For system
(1), we use kNN (with £€{103,10*}) and fast s
approximation, and for system (3), we randomly
select data-points with each of the three labels. We
choose Myemove €{1, 5,25, 50,100} and repeat the
experiment for 10 data-points (5 data-points where
the prediction is correct and incorrect) that have at
least 100 harmful/helpful data-points.

Results. First, Table 4 shows that the correla-
tions are high for all measures considered. No-
tably, the results show that fast influence functions
achieve >95% correlations with full influence func-
tions. These demonstrate that using the fast influ-
ence functions achieve reasonable qualities at just
a fraction of the total cost. Next, Fig. 10 shows
the retraining results, where we separate the re-
sults for cases based on whether the prediction
is correct, and averaged across data-points within
this bucket. We can see that overall loss increases
when we remove helpful data, decreases when we
remove harmful data-points. Further, the perfor-
mance (measured by the change in loss) between
using the fast influence functions and full influ-
ence functions (i.e., no kNN and fast s approx-
imation) is similar, and both perform better than
random selection in general.

C Applications of FASTIF

C.1 Explainability of Influential Examples

Experiment Design.

1. Train the “task model” fy_, on the original
training dataset {z;, y; }/~,, and another “sim-
ulator model® fy on the modified training

simulator
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Figure 12: Corresponding performance on validation datasets.

(c) (d)
MultiNLI- ANLI-» ANLI  Amazon -» Amazon - Amazon

Average |Z| (x107") | # Edges (x10°)

Slice Helpful Harmful Helpful Harmful 205 ~ 4
H(L) | 8.66 0.34 0.05 0.95 *® mZiZ ,/
H(S) | 9.34 0.66 0.08 0.92 . N 4
H(C) | 4.65 1.79 0.29 0.71 Lo V4
M 136.89  44.19 0.27 0.73 D ] i —
Time Step ! Time Step
Table 5: Statistics on the visualizations. Harmful edges P == x
have positive influences, helpful edges have negative 2" \\
influences, but here we use average absolute values pooge N
(Average |Z|). # Edges refers to the number of (harm- T \
ful/helpful) edges connecting to the slice. “H (L/S/C)”

refers to the three subset of HANS, and “M” to the 2- Time step Time step
. . —— helpful random —— helpful random
label version of MultiNLI. Note that for average |Z|, e e e e

'
'
'
|
|
'
'
|
|
'

comparisons are only meaningful within each row. w
Figure 13: Experiments on ANLI and Amazon-
WILDS.

Slice | HANS (L) HANS(S) HANS(C) MNLI

dataset {z;,y;}I",, where g;=fp ., (z;) is the

Correlation (Rounded) task model’s prediction

H@3) | 1.00 0.99 0.99 0.92 : g /

H(S) | 0.99 1.00 0.99 0.91 2. leen,a new .test data-point =’ and .the task

H(C) | 0.99 0.99 1.00 0.67 model’s prediction, compute the simulator

M 0.92 0.91 0.67 1.00 model 1088 £ = L( fo,uuer (), fou (7))
Number of Pairs 3. Find the most influential data-point(s), and fur-

H(L) | 29581 14917 3495 5380 ther fine-tune (i.e., take gradient steps with) the

H(S) | 14917 25145 6218 6270 simulator model on these data-point(s), to get

H(C) | 3425 6218 26621 13972 ’ X

M 5380 6270 13972 79394 new parameters 0, .. Compute the new sim-

ulator model loss ¢/=L( for (@), fouq (@ ).
Table 6: Statistics on the correlations and number of 4. Use the difference between ¢ and ¢ as the proxy
pairs (where a training data-point have influences on measure of explainability. The intuition is that
both data slices) between data slices. the difference estimates how much extra infor-
mation the explanation provides to the simulator
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model to forecast the task model’s prediction.

Details We repeat the experiments over 20 test
data-points (10 when the prediction is correct and
incorrect), and choose five types of data for fine-
tuning: random (with label neutral, entailment, or
contradiction), most negative influential, and most
positive influential. For a given test data-point and
fine-tuning type, we fine-tune on 1 data-point with
50 learning rates in log-space from 10~ to 10~2,
and repeat for 10 different fine-tuning data-points.
The max and mins losses among the 10 fine-tuning
data-points are used to construct the confidence
intervals. Further, during the fine-tuning, the label
we used corresponds to the true label (instead of
the label predicted by the model).!*

Extended Results Please see Fig. 11.

C.2 Effect Visualization

Experiment Design. We conduct experiments
on two models, one trained on MultiNLI and the
other trained on the HANS dataset. We then com-
pute influence functions on their corresponding
training data-points and build circular bipartite
graphs. The nodes represent training (inner circle)
and evaluation (outer circles) data-points (incorrect
predictions), and the strength and color of edges
represent the influence values. For visualization
purposes, we organize the nodes so that positions of
training data-points are determined via optimizing
a weighted distance function to their connected test
data-points. In the setting with the model trained
on HANS, we further partition the training data-
points (represented by three inner circles) based on
the subset they are in. Note that, this is possible
only because the influence function calculations
are fast enough.

Details. In both settings (i.e., visualizations cor-
responding to the model trained on MultiNLI and
HANS dataset), we select 400 test data-points
where the model predictions are incorrect, includ-
ing 100 from the MNLI evaluation dataset and 100
for each of the three subsets from the HANS evalu-
ation dataset. We use kNN with & = 103,

Details on Computing Correlations. We
slightly abuse the notation and define Z; ; as the

“We experimented with both settings in some initial ex-
periments and found using the original/true labels performed
better. This makes sense as the task model was trained with
true label as targets, and fitting to the original labels replicates
the process that produced the task model.

average (signed) influence values between the it
training data-point and j** data slice. Note that
each training data-point can influence multiple
evaluation data-points. We then compute the
correlation between each of the two pairs of data
slices p(Z. j,,Z..;,). We only include cases where
the data-point has influences on both data slices.

C.3 Error Correction

Experiment Design.

1. For a given test dataset/data-slice, first evaluate
the model performance on the data slice.

2. Next, select a small batch of “anchor” data-
points from the validation dataset/data-slice.

3. Then, find influential data-point(s) from the
training dataset w.r.t. those anchor data-points
using influence functions.

4. Update the model parameters by taking gradient
step(s) on these influential data-point(s).

5. Repeat Step 2-4 multiple times.

6. Re-evaluate the model performance on the test
dataset/data-slice.

Why Fine-tuning? In the ideal scenario, one in-
tuitive way to correct model predictions given influ-
ential examples is to retrain the model with these
examples added to the training dataset. However,
this is expensive as one could imagine.

To see why fine-tuning on influential examples
makes sense, recall the definition of influence func-
tions on model parameters,

df. .
Z'—params(z) = d67

~ —H.'VyL(z,0) (5)
e=0
We can see that by setting the (matrix) learning
rate proportional to —Hé_l, fine-tuning on influ-
ential examples is an approximation of retraining
the model with the loss of influential examples
upweighted. In practice, computing the Hessian
inverse for each gradient update is expensive, so
we could use a scalar learning rate instead (e.g.,
through diagonal approximation). This reduces to
the vanilla fine-tuning setting.

Details. The experiment is repeated 3 times, and
we compare the performance between using help-
ful data-points, harmful data-points, and random
data-points. Since we assume gradient access to
the anchor data-points, we further experiment with
directly fine-tuning on those anchor data-points.
We mostly follow standard train/validation/test
splits for different datasets. For HANS, we set
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aside 1% of the evaluation dataset as the validation
split, and for Amazon-WILDS, we use the OOD
validation/test splits. When the models are evalu-
ated on HANS, we use each of the three slices of
the HANS dataset as the evaluation dataset.

We repeat the Step 2-4 for 10 iterations. For each
iteration, we sample a batch size of 10 from the val-
idation dataset (i.e., the “anchor” data-points) when
computing influence scores, and update model pa-
rameters for one gradient step on 10 fine-tuning
data-point with learning rate 10~*. For Amazon-
WILDS experiments, we use 50 anchor and fine-
tuning data-points instead.

Discussion on Yang et al. (2020) Re-
cently, Yang et al. (2020) examined the application
of influence functions in filtering out detrimental
synthetic training examples. Here we use them
to select helpful training examples from another
non-synthetic dataset. Both demonstrate that
computing influence values on new examples
could be useful. However, Yang et al. (2020)
(Appendix C) reported that with a pool of more
than 380K candidates, running influence functions
could take more than 8 hours. In our setup (i.e.,
finding a handful of influential examples), we
can find the most helpful examples significantly
faster thanks to our fast influence functions (see
Main Paper Sec. 5.1). Extending our fast influence
functions to their setup would be an interesting
next-step.

Validation Results Please see Figs. 12 and 13.
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