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Figure 1: Prompt transferability. We calculate the accuracy when using the prompt for the source task on
the target task divided by the accuracy when using the prompt for the target task on the target task for
each seed, and report the average across seeds.

(a) RoBERTa (b) T5

Figure 2: Distribution of neuron predictivities (box plots) on top of model accuracy (bar plots).

ability. Table 1 shows the models’ accuracy on the
adversarial datasets, evaluated with the prompts of
their non-adversarial counterparts. The accuracies
drop significantly. For RoBERTa, they are consis-
tently below chance performance. The score is es-
pecially low for AdvQQP, which is unbalanced (41%
versus 59%)—unlike AdvQNLI and AdvSST2. T5
is somewhat more robust, with below chance per-
formance on AdvSST2 but around 60% accuracy
on the other two adversarial datasets.2 Figure 1
shows the relative task accuracies when transfer-
ring a continuous prompt from a source task to a
target task (see Appendix A for absolute values).
In line with earlier findings, the prompts tend to
be highly transferable to datasets belonging to the
same type of task (Lester et al., 2021; Su et al.,

2F1 scores on AdvQQP range between 36.4–44.4%
for RoBERTa, with an average of 39.4%; and between
38.9–59.7% for T5, with an average of 48.2%.

2022). In conclusion, Prompt Tuning is robust to
data changes, including domain shifts (within the
same type of task), but not to adversarial data.

5.2. Skill Neurons

Following a similar procedure to Wang et al. (2022),
we test for the existence of skill neurons by cal-
culating the neuron predictivities (Equation 5) and
making sure that the most predictive neurons are
highly predictive, task-specific, and important for
solving the task.

High Predictivity. RoBERTa and T5 have only
a few highly predictive neurons for each dataset.
This observation is in line with the initial findings
presented by Wang et al. (2022). Consistent with
other studies that analyzed FFN activations across
layers (Geva et al., 2021; Dai et al., 2022), neurons



12408

(a) RoBERTa (b) T5

Figure 3: Spearman rank correlation between the neuron predictivities for different datasets.

with high predictivities tend to be located in the
upper layers. The predictivities of the most predic-
tive neurons of RoBERTa largely correspond to the
model’s accuracy for the non-adversarial datasets
(see Figure 2a). The most predictive neurons of T5
reach or fall (slightly) short of the model’s accuracy
(see Figure 2b). For T5, especially in the cases
where neuron predictivity is lower than model ac-
curacy, more predictive neurons can probably be
found in the decoder. Regarding the adversarial
datasets, the predictivities of almost all neurons
exceed the models’ accuracy. Possible reasons
are discussed in section 5.3.

Task-specificity. We calculate the Spearman
rank correlation between the neuron predictivities
for all datasets (see Figure 3). The correlations
are calculated per layer, based on the neuron pre-
dictivities when evaluated on the corresponding
dataset, and then averaged across layers. High val-
ues within but not between different types of tasks
for RoBERTa and T5 indicate a high task-specificity
of the models’ skill neurons. Notably, the correla-
tions are generally higher for T5 which might be due
to its sparse activations (Li et al., 2022). If there
is a large number of consistently inactive neurons,
they will always rank lower than active neurons and
thus lead to a net positive correlation.

Importance. To ensure that the most predictive
neurons are in fact essential for performing the task,
we compare the decrease in accuracy when sup-
pressing 1-15% of the models’ most predictive neu-
rons versus the same number of random neurons.
Wang et al. (2022) perturb the neurons with Gaus-
sian noise instead of suppressing them completely.
Given that the activations in T5 are much higher
than those in RoBERTa, using the same amount
of noise (same standard deviation) will have differ-

ent effects on the models. Instead, we decided to
suppress the neurons, which has also been done
in other work (e.g. Dai et al., 2022). Neurons are
suppressed by setting their activations to zero. For
both models, the accuracy drops much more when
suppressing skill neurons compared to random neu-
rons, highlighting the importance of skill neurons
for the models’ task performance (see the IMBD
example in Figure 4 and results for all datasets
in Appendix D). In general, suppressing random
neurons has a larger impact on RoBERTa than T5,
which we again attribute to T5’s sparse activations:
A significant proportion of the randomly selected
neurons would not have been active anyway.

Figure 4: Model accuracies on IMDB when sup-
pressing skill neurons (solid lines) versus randomly
selected neurons (dashed lines).

In sum, both models have neurons that are pre-
dictive and selective for specific tasks, and their
performance declines when suppressing these neu-
rons, especially in comparison to suppressing ran-
dom neurons.
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(a) AdvQQP (b) AdvQNLI

Figure 5: Model accuracies on each adversarial dataset when suppressing the skill neurons determined
for these tasks (solid lines) and when suppressing randomly selected neurons (dashed lines).

5.3. The Relationship between
Robustness and Skill Neurons

Our analyses above (Figure 2) show that the most
predictive neurons on the adversarial datasets are,
in fact, more predictive than the model itself. No-
tably, this is also true for the neuron accuracies
(Equation 3) and can therefore not be attributed
to inhibitory activations (see Appendix C). These
findings suggest that highly predictive neurons may
exist that do not function as skill neurons because
they do not encode the necessary skill (e.g. do
not correlate with the skill neurons determined on
similar tasks) or because the model does not rely
on their activations in making a prediction.

To investigate these possibilities, we look at the
Spearman rank correlation between the neuron
predictivities on the adversarial datasets and the
corresponding non-adversarial datasets (see Fig-
ure 3). There are important differences between
RoBERTa and T5. T5 exhibits strong (ρ: 0.57–
0.84) and significant (p < 0.01) correlations be-
tween the predictivities. For RoBERTa, in con-
trast, correlations are close to zero (ρ: -0.01–0.07),
and largely non-significant—except for (Adver-
sarial) QNLI (p = 0.02). Even when account-
ing for the generally higher correlations for T5 (by
normalizing the scores, see Appendix B), T5 still
exhibits a much stronger correspondence between
adversarial and non-adversarial predictivities than
RoBERTa.

Additionally, we study what happens when skill
neurons for adversarial datasets are suppressed,
ignoring the datasets where model performance is
below chance to begin with, leaving us with T5: Ad-
vQQP and AdvQNLI. Figure 5 shows the model ac-
curacies on these tasks. The results for RoBERTa
are included for comparison. In both cases, sup-
pressing the skill neurons leads to a decrease in
performance, with a stronger decrease when more
neurons are suppressed. Thus, the analyses so far
establish that T5’s “adversarial” skill neurons are

important for the model’s performance and further
that they correlate with the “non-adversarial” skill
neurons of the corresponding task.

To further test whether T5 uses the same set
of skill neurons on both adversarial and non-
adversarial data, we run an ablation experiment:
We evaluate the model’s performance on the adver-
sarial datasets when suppressing the skill neurons
identified on the corresponding non-adversarial
datasets and vice versa (see Figure 6). Indeed,
in both cases, performance is negatively affected,
and suppressing the alternative skill neurons de-
creases performance more strongly than suppress-
ing random neurons. For RoBERTa, in contrast,
suppressing the alternative skill neurons is not more
(and sometimes even less) harmful to performance
than suppressing random neurons. In line with the
correlation analysis, these results further support
that at least some of T5’s (but not RoBERTa’s) skill
neurons continue to be predictive and influential
on adversarial data. Taken together, these findings
suggest that T5’s higher robustness to adversarial
data might be related to the fact that it recruits some
of the skill neurons determined on the correspond-
ing non-adversarial dataset, and therefore—given
the high prompt transferability—neurons that gen-
erally encode knowledge about the relevant type
of task.

6. Discussion

This paper investigated the robustness of Prompt
Tuning with respect to model activations.

Firstly, we demonstrated that Prompt Tuning
leads to a high prompt transferability between
datasets of the same type of task but is not robust
to adversarial data. Regarding adversarial robust-
ness, T5 is more robust than RoBERTa, probably
because the examples in AdvGLUE were gener-
ated against surrogate models based on BERT
and RoBERTa (Devlin et al., 2019). Comparing
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(a) AdvQQP–QQP (b) AdvQNLI–QNLI

(c) QQP–AdvQQP (d) QNLI–AdvQNLI

Figure 6: Model accuracies on the adversarial datasets when suppressing the skill neurons identified on
the corresponding non-adversarial datasets, and vice versa. For example, (a) shows the accuracies on
AdvQQP when the most predictive neurons of QQP (solid lines) or randomly selected neurons (dashed
lines) are suppressed.

our results on AdvGLUE to those of finetuned (and
larger model versions of) T5 and RoBERTa (Wang
et al., 2021) suggests that there is no advantage of
Prompt Tuning over model finetuning in terms of ad-
versarial robustness. In other words, susceptibility
to adversarial attacks likely arises during pretrain-
ing and persists across different task-adaptation
methods.

Secondly, we identified skill neurons in both
RoBERTa and T5. The suppression analysis re-
vealed that, even though both models rely on these
skill neurons when performing a task, suppressing
them affects RoBERTa more strongly than T5. It
might be that T5 encodes more redundant informa-
tion. For example, it is known that a transformer’s
encoder output can be significantly compressed be-
fore being passed to the decoder without negatively
impacting performance (Zhang et al., 2021). Be-
sides, the skill neurons we identified for T5 tend to
be slightly less predictive than those we identified
for RoBERTa. More predictive neurons possibly
reside in the T5 decoder and future work should
extend the skill neuron analysis method to encom-
pass both the transformer encoder and decoder.

Finally, we identified a potential link between ro-
bustness and skill neurons. Our results suggest
that the activation (as measured by the correlation

analysis) and use (as measured by the suppres-
sion analysis) of the same skill neurons on non-
adversarial and the corresponding adversarial data
may be related to model robustness. We discussed
above that the adversarial attacks in AdvGLUE were
generated against BERT- and RoBERTa-based
models, and that T5 is slightly more robust against
these adversarial attacks. Given that T5, but
not RoBERTa, use similar skill neurons on corre-
sponding pairs of adversarial and non-adversarial
datasets, it could be that adversarial attacks work
because they modify relevant skill neuron activa-
tions. Unlike RoBERTa, T5 has sparse activations.
While sparsity might explain some of our results,
such as the task specificity and importance of the
skill neurons (see section 5.3), it is still an open
question whether there is a connection between
sparsity and adversarial robustness.

Building on our insight that adversarial robust-
ness may be regulated by individual neuron activa-
tions, future research on model robustness could
aim to develop methods for consistently activating
the relevant skill neurons for a given task. For ex-
ample, given that prompts are transferable between
similar tasks, one could search for a prompt that
activates skill neurons both on non-adversarial and
adversarial data for a specific task, and transfer this
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prompt to other tasks of that type. Similar to meth-
ods that enforce the expression of certain concepts
or facts by activating the corresponding FFN neu-
rons (see Section 2), these methods could enforce
the use of specific skills.

7. Conclusion

In this paper, we investigated the robustness of
Prompt Tuning in relation to model activations,
specifically focusing on the existence of skill neu-
rons and their connection to adversarial robustness.
Our findings revealed that Prompt Tuning yields
prompts that are transferable between similar tasks
but not robust to adversarial attacks. We identi-
fied skill neurons in both RoBERTa and T5, which
were highly predictive and task-specific. Suppress-
ing these skill neurons significantly impacted task
performance, highlighting their importance. Inter-
estingly, T5 demonstrated higher adversarial ro-
bustness than RoBERTa, and skill neurons in T5
exhibited stronger correlations between adversarial
and non-adversarial data. This suggests a poten-
tial link between the activation of skill neurons on
adversarial data and model robustness. Future re-
search could explore methods to enhance model
robustness by consistently activating relevant skill
neurons.
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A. Transferability

Figure 7 shows the average absolute accuracy when evaluating the prompts tuned on a specific source
dataset on a specific target dataset. Adversarial datasets are not included because we did not tune any
prompts for these. Note that the matrices correspond to the matrices in Figure 1 except that we report
absolute instead of relative accuracies here.

(a) RoBERTa (b) T5

Figure 7: Prompt transferability. We calculate the accuracy when using the prompt for the source task on
the target task.

B. Task-specificity (normalized)

The correlations between neuron predictivities for different datasets are generally higher for T5 than
RoBERTa (see Figure 3). We applied a Z-score normalization to the correlation values to account for this
difference (see Figure 8). The normalization does not affect our conclusions: Skill neurons in both T5 and
RoBERTa are task-specific, and there is a strong correlation between neuron predictivities on adversarial
and corresponding non-adversarial data for T5 but not RoBERTa.

(a) RoBERTa (b) T5

Figure 8: Z-score normalized Spearman rank correlations of the neuron predictivities for different datasets.

C. Neuron accuracies

Figure 9 shows the distributions of neuron accuracies (Equation 3) for both models and each dataset. For
non-adversarial and adversarial datasets, neuron accuracies are excitatory and inhibitory. (Adv)QNLI
poses an exception in that neuron activations are exclusively inhibitory.
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(a) RoBERTa (b) T5

Figure 9: Distribution of neuron accuracies (box plots) on top of model accuracy (bar plots).

D. Suppression analysis

Figure 10 shows the results of our suppression analysis for all non-adversarial datasets. Suppressing
skill neurons consistently leads to a stronger decrease in accuracy than suppressing random neurons. In
addition, accuracy tends to decrease with increasing suppression rates. Suppressing random neurons
hardly affects T5 but leads to a—sometimes strong—decrease in performance for RoBERTa.

(a) Ethics-Deontology (b) Ethics-Justice (c) MRPC

(d) QQP (e) QNLI (f) IMDB

(g) Movie Rationales (h) SST2

Figure 10: Model accuracies when neurons are suppressed. For each dataset, activations of the 0-15%
most predictive neurons (solid lines) or the same amount of randomly selected neurons (dashed lines)
are set to zero.


