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A motivating scenario: text classification



A motivating scenario: text classification

Our problem for today: how 
to think about explaining 
such a model’s output?



Why might we care about interpreting the
reasons for a model’s predictions?
• To debug a model

• To help us gain insight into the training data

• To increase confidence in a model by making it easier to flag poor reasons for making a 
decision

• Helpful to people in human-in-the-loop scenarios for deciding when to take a model’s 
advice into account

• For ethical reasons in cases where people affected by a model’s decision are owed an 
explanation



Interpretability

Causality

Data
Model InterpretabilityExplainable AI 

(XAI)

Mechanistic 
Interpretability



An outline for what we’ll talk about
• What do we mean when we talk about an "explanation"? What about an 
"interpretable model"?

• Global vs local interpretations

• Walking through some post-hoc methods for interpreting a model (Probing, 
LIME, integrated gradients, attention), plus some discussion of evaluation

• (If time) Basics of mechanistic interpretability



A quick aside about scope
• Most of what we'll be talking about is not 

exclusively applicable to NLP, but to interpreting 
(some) machine learning models more broadly

• (but it's work that comes up a lot in interpretability 
discussions on the NLP side of things too)



Defining terms



What qualities do we look for in an
explanation?
• Faithfulness

• Is the explanation true to what the model did?

• Utility to humans

• Is the explanation helpful to end users?

(see Doshi-Velez and Kim 2017, Madsen et al. 2022)



What qualities do we look for in a (globally) interpretable
model?
• Algorithmic transparency e.g., guarantees about convergence or the shape of 

the error surface 

• Decomposability: Are the different pieces of the model understandable on 
their own?

• Simulatability: Can a person hold the whole model in their head at once?

(see Lipton 2016)



What qualities do we look for in a (globally) interpretable
model?
• Algorithmic transparency e.g., guarantees about convergence or the shape of 

the error surface 

• Decomposability: Are the different pieces of the model understandable on 
their own?

• Simulatability: Can a person hold the whole model in their head at once?

(see Lipton 2016)

These concepts are a very 
tall order for current NLP 
models! So we’ll focus on 
local explanations.



Global versus local explanations

• A global explanation describes the entire model across all its possible inputs.
• A local explanation describes only the parts of the model relevant for a particular instance’s 

decision
• E.g. which parts of the input were responsible for the model’s prediction on this particular data point?
• Or which training example(s) lead the model to make this decision.

To borrow a figure from Ribeiro et al. 2016:



What choices are available to someone who hopes to 
interpret their eventual model?

• Restrict yourself to a class of model that’s more readily interpretable (See: enduring 
popularity of linear models in applied-NLP settings)

• Apply a post-hoc, model-agnostic method for producing explanations 

• Figure out how to interpret your model of choice



Post-hoc methods for interpreting models



What do we mean by “post-hoc”?
• Any method for getting us an 

explanation that doesn’t make 
assumptions about the structure of the 
model.

• Key challenge for these methods: how 
do we get information about what 
caused the model to make its decision 
without access to the model’s 
intermediate calculations?



Sentiment Analysis with Attention

Jain and Wallace (2019)

the       movie      was        not        good

Encoder

Attention Trainable query 
vector

Weighted sum of input

Negative

‣ Similar to a deep averaging (DAN) model, but (1) extra RNN layer; (2) attention layer 
instead of just a sum

FFNN



Attention Analysis

Jain and Wallace (2019)

Encoder

Attention Trainable query 
vector

‣ Attention places most mass on good — did the model ignore not?

‣ What if we removed not from the input?

Weighted sum of input

Negative

FFNN

the       movie      was        not        good



Attention Analysis

Jain and Wallace (2019)

‣ They show it is possible to modify attention while preserving the prediction probabilities

‣ Does this convince you that explanation is not helpful?



Is attention = explanation?

Big Picture Workshop

https://www.bigpictureworkshop.com/


Local Explanations
‣ An explanation could help us answer counterfactual questions: if the 

input were x’ instead of x, what would the output be?

that movie was not ____ , in fact it was terrible !

that movie was ____ great , in fact it was ____ !

that movie was not great , in fact it was terrible !

Model

—

—

+

‣ Attention can’t necessarily help us answer this!



Erasure Method
‣ Delete each word one by and one and see how prediction prob changes

that ____  was not great , in fact it was terrible !

that movie ____not great, in fact it was terrible !

___ movie was not great , in fact it was terrible !

— prob = 0.97that movie was not great , in fact it was terrible !

— prob = 0.97

— prob = 0.98

that movie was ___ great, in fact it was terrible ! — prob = 0.8

that movie was not ____, in fact it was terrible !

— prob = 0.97

— prob = 0.99



Erasure Method
‣ Output: highlights of the input based on how strongly each word affects the 

output

that movie was not great , in fact it was terrible !

‣ not contributed to predicting the negative class (removing it made it less 
negative), great contributed to predicting the positive class (removing it 
made it more negative)

‣ Saturation: if there are two features that each contribute to negative predictions, 
removing each one individually may not do much

‣ Inputs are now unnatural, model may behave in “weird” ways

‣ Will this work well?



Demo Time!



LIME
‣ Locally-interpretable, model-agnostic explanations (LIME)

‣ Similar to erasure method, but we’re going to delete collections of things at once

Ribeiro et al. (2016)

‣ Can lead to more realistic input (although people often just delete words with it)

‣ More scalable to complex settings



LIME

https://www.oreilly.com/learning/introduction-to-local-
interpretable-model-agnostic-explanations-lime

‣ Break input into components (for text: 
could use words, phrases, sentences, …)

‣ Check predictions on 
subsets of those

‣ Now we have model 
predictions on perturbed 
examples



LIME
‣ This is what the model is doing on perturbed 

examples of the input

‣ Now we train a classifier to predict the 
model’s behavior based on what subset of 
the input it sees

‣ The weights of that classifier tell us which 
parts of the input are important



LIME

Wallace, Gardner, Singh
Interpretability Tutorial at EMNLP 2020

‣ This secondary classifier’s weights now give us highlights on the input



Problems with LIME
‣ Lots of moving parts here: what perturbations to use? what model to train? etc.

‣ Expensive to call the model all these times

‣ Linear assumption about interactions may not be reliable



Problems with LIME
‣ Problem: fully removing pieces of the input may cause it to be very unnatural

data manifold (points we 
observe in practice)

LIME/erasure 
zeroes out 
certain features

‣ Alternative approach: look at what this perturbation does locally right around the data point using gradients



Demo Time!



Gradient-based Methods



Gradient-based Methods

Learning a model

score = weights * features
(or an NN, or whatever)

Compute derivative of score 
with respect to weights: how 
can changing weights improve 
score of correct class?

Gradient-based Explanations

Compute derivative of score 
with respect to features: how 
can changing features
improve score of correct class?



Gradient-based Methods

Simonyan et al. (2013)

‣ Originally used for images

‣ Higher gradient magnitude = small change in pixels 
leads to large change in prediction

Sc = score of class c

I0 = current image



Gradient-based Methods

Simonyan et al. (2013)



Integrated Gradients

Sundararajan et al. (2017)

‣ Suppose you have prediction = A OR B for features A and B. Changing either feature doesn’t change the 
prediction, but changing both would. Gradient-based method says neither is important

‣ Integrated gradients: compute gradients along a 
path from the origin to the current data point, 
aggregate these to learn feature importance

‣ Intermediate points can reveal new info about 
features



Demo Time!



PROBING



Transformer models are HUGE



How do we make sense of this huge model?

Probe

num 
layers

num 
layers



What is a Probe?

Definition: A classifier that is specifically trained to predict some 
property from a pretrained model’s representations.



Edge Probing (Tenney et al. 2019)

● General method that works to probe different types of information



BERT rediscovers the NLP pipeline (Tenney et al. 2019)

POS - part of speech tagging (e.g. this word is a noun)

consts - constituent labeling (e.g. is this span a noun phrase)

deps - dependency labeling (e.g. is span_one the subject and span_two the object) 

entities - named entity labeling (e.g. this word is a person)

SRL - semantic role labeling (what roles are the spans playing with each other: “Mary 
(pusher) pushed John (pushee)”

coref - coreference (do span_one and span_two refer to the same entity or event)

SPR - semantic proto-role (identifying attributes like awareness so is Mary aware that 
they are doing the pushing)

relations - relation classification (predicting the real-world relation between two spans 
given a set of these)



Issues with Probing (Belinkov et al. 2021)
● Probe works

○ Representation encodes information
○ Probe solved task by itself

● Probe doesn’t work
○ Representation lacks the information
○ Representation encodes information, but probe is not the right 

function class

● We want to probe tasks, but require supervised data, so instead we 
probe datasets

● Probes designed this way are correlative not causative



Other Probing Works



Evaluating Explanations



Faithfulness vs. Plausibility
‣ Suppose our model is a bag-of-words model with the following:

‣ Suppose explanation returned by LIME is:

the = -1, movie = -1, good = +3, bad =0

the movie was good      prediction score=+1

the movie was bad        prediction score=-2

the movie was good

the movie was bad

‣ Is this a “correct" explanation?



Faithfulness vs. Plausibility
‣ Plausible explanation: matches what a human would do

the movie was good the movie was bad

‣ Maybe useful to explain a task to a human, but it’s not what the model is really doing!

‣ Faithful explanation: actually reflects the behavior of the model

the movie was good the movie was bad

‣ We usually prefer faithful explanations; non-faithful explanations are actually deceiving 
us about what our models are doing!

‣ Rudin: Stop Explaining Black Box Models for High-Stakes Decisions and Use Interpretable 
Models Instead



Evaluating Explanations
‣ Nguyen (2018): delete words from the input and see how quickly the model flips its 

prediction?

‣ Hase and Bansal (2020): counterfactual simulatability: user should be able to predict 
what the model would do in another situation

‣ Hard to evaluate

‣ Downside: not a “real” use case



Evaluating Explanations

‣ AI provides both an explanation for its prediction (blue) and also a possible 
counterargument (red)

‣ Human is trying to label the sentiment. The AI provides its prediction to try to help. Does the 
human-AI team beat human/AI on their own?

Bansal et al. (2020)



What to Expect from Explanations?
‣ What do we really want from explanations?
‣ Explanations should describe model behavior with respect to counterfactuals (Miller, 

2019; Jacovi and Goldberg, 2021)

The movie is not that bad.

The movie is not ___ ___.?
‣ What about realistic counterfactuals? Since dropping tokens isn’t always meaningful

The movie is not actually bad.

‣ We are going to evaluate explanations based on whether they can tell us useful things 
about model behavior

Ye et al. (2021)



A Multi-hop QA Example

Are Super High Me and All in This Tea both documentaries? 

Super High Me is a 2008 documentary film about smoking.
All in This Tea is a 2007 documentary film. YE

S

Base Example

Token-Level Explanation

<s> Are Super High Me and All in This Tea both documentaries ?
</s>  Super  High  Me  is  a  2008  documentary film  about  
smoking .  All  in  This  Tea  is  a  2007  documentary film . </s>

Actual Behavior

The hypothesis is not true.
Model always predict YES.

Super High Me is a 2008 romance film about smoking.
All in This Tea is a 2007 documentary film. YE

S

Realistic Counterfactuals

Super High Me is a 2008 documentary film about smoking.
All in This Tea is a 2007 romance film. YE

S
Super High Me is a 2008 romance film about smoking.
All in This Tea is a 2007 romance film. YE

S

Expected Behavior

The hypothesis is true.
Mismatch

?

Hypothesis

The QA model is looking at the 
two documentary tokens

‣ We formulate a hypothesis about the model’s behavior, and test it using counterfactuals

Ye et al. (2021)



Takeaways
‣ Lots of ongoing research:

‣ How do we interpret explanations? 

‣ How do users interpret our explanations?

‣ How should automated systems make use of explanations?

‣ This research has taken a bit of a back seat during the current era of LLMs.

‣ Emerging consensus: there is no one-size-fits-all solution. There are many 
formats of explanation that all have their uses — choice may be application 
specific



Takeaways
‣ Many other ways to do explanation:

‣ Diagnostic test sets (“unit tests” for models)

‣ Building models that are explicitly interpretable (there is some work on interpretable architectures)
Interpretable Architectures and Algorithms for Natural Language Processing? (Yadav, Rohan Kumar 2022)

Wallace, Gardner, Singh
Interpretability Tutorial at EMNLP 
2020



What is Mechanistic Interpretability?

Definition: The study of reverse engineering parametric 
models (often neural networks) from their learned weights 
into more human-interpretable algorithmic units.

Notable Work
● Analysis of 1 and 2-layer MLPs and Transformers to find circuits (Olah et al. 2021)
● Induction Heads (Olsson et al. 2022)
● Neuron Polysemanticity (Elhage et al. 2021; 2022)





Residual Streams



Model Editing

Target: A concept or specific fact needs to be changed 
in the model

Approach: Changing the weights of the model to edit 
the model’s belief of that fact/concept?



ROME (Meng et al. 2022)
● Use causal tracing to isolate the causal effect of individual hidden states when 

processing a fact
● Introduce rank-one model editing (ROME) to edit the model



Steering Vectors (Subramani et al. 2019; 2020; 2022)

Steering Vectors: a fixed-length vector that steers a language 
model to generate a specific sequence exactly when added to 
the hidden states of a model at a specific location.

This is our stick that we’re poking a language model with.



Extracting steering vectors



Steering vector results



Inference-time Interventions (Li et al. 2023)

● Use linear probes to find attention heads that correspond to the 
desired attribute

● Shift attention head activations during inference along 
directions determined by these probes



More activation manipulation

● Contrastive steering vectors (Turner et al. 2023; Rimsky et al. 2023)



What can mechanistic interpretability give
us?

Outcome 1: Better understanding of how language models work.

Outcome 2: Light-weight methods to control and steer models.

Outcome 3: Potential alternatives or complementary methods to 
further align models to human preferences.





Resources: some NLP model interp groups

● Ellie Pavlick’s group at Brown
● David Bau’s group at Northeastern
● Hassan Sajjad’s group at Dalhousie
● Martin Wattenberg’s group at Harvard
● Jacob Andreas’s group at MIT
● Yonatan Belinkov’s group at Technion
● Mor Geva’s group at Tel Aviv University
● Anthropic’s Mech Interp team
● Google’s PAIR, NLP, and MechInterp teams
● EleutherAI’s Interp team
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