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As the use case and adoption of LLMs expands
across many domains, so does the concern for
safety and security. 

Specific focus on studying the defenses for attacks
that are algorithmically carfted using optimzers.

Adverseial attack in LLM with hand-crafted fine
tuning and RLHF can bypass the safety guards. 

PROBLEM STATEMENT



GOAL

The main focus is not designing new defenses but rather testing a
range of safeguard developed by adverserial community. 



THREAT MODEL

Classical threat Models- capability, knowledge of ML system.

The constraints used for images don't apply well to large language
models, since the inputs (text) are not often scrutinized by humans for
small alterations. Instead of trying to make changes imperceptible, the
main constraint for attackers is how much text they can input into the
model.



NEW PROPOSAL FOR LLM THREAT MODEL:

The authors suggest that rather than focusing on the size of the input, a
more practical constraint for LLMs might be the computational
resources the attacker uses. This is because existing attacks on LLMs
require significantly more computational power compared to attacks in
computer vision



THREAT MODEL

Second Component: System Access

The paper adopts a gray-box threat model where language model
parameters and key defense components are kept confidential from
attackers. This reflects systems like ChatGPT.

All experiments in the paper consider attacks that are constrained
to the same computational budget as used by Zou et al. (2023)
(513,000 model evaluations spread over two models). 



BASELINE DEFENSE 

Detection
Preprocessing Defenses
Adversarial Training

The baseline defense for the adversarial attacks on LLM
is chosen based on the following:

1.
2.
3.

They utilized the jailbreaking attack by Zou et al. (2023)
as a testing ground for defense mechanisms. This attack
employs a greedy coordinate gradient optimizer to
create an adversarial suffix (trigger) to block the display
of a refusal message. 



The suffix consists of 20 tokens and is fine-tuned over 500 steps, leveraging an
ensemble of Vicuna V1.1 (7B) and Guanaco (7B) models (Chiang et al., 2023;
Dettmers et al., 2023). Furthermore, AlpacaEval (Dubois et al., 2023) was used to
assess the effectiveness of standard defense mechanisms.



SELF-PERPLEXITY FILTER

Naive Filter: Check if the entire text's perplexity exceeds a set threshold. If it does,
it might be a suspicious input.
Windowed Filter: Break the text into smaller chunks and check each chunk's
perplexity. If any chunk exceeds the threshold, flag the entire input as suspicious.

Perplexity in Text: This is a measure of how well a probability model predicts a sample. A
higher perplexity indicates that the model is more surprised by the sequence, suggesting
it's less likely or fluent. So, an adversarial attack trying to fool the model might result in a
gibberish string, leading to high perplexity.

Approach: The authors propose two methods to use perplexity as a defense:
a.

b.

1.DETECTION



DETECTION

The naive and windowed perplexity filters caught all adversarial prompts.

Evaluation Setup: They tested the effectiveness of the perplexity filters against several 7B parameter models:
Falcon-Instruct, Vicuna-v1.1, Guanaco, Chat-GLM, and MPT-Chat. They measured how many attacks they
caught.

Results: 
1.

Table 1

"Attack Success Rate" measures how often the attack was
successful. "PPL Passed" and "PPL Window Passed" appear to
measure how often certain filters or defenses were bypassed
without detecting the adversarial input.



In scenarios where the attacker knows
about the filter and tries to it (a "white-
box" scenario), the filter still effectively
catches most attacks. Attackers had
difficulty making their adversarial strings
both harmful and low in perplexity.

Interestingly, it was harder to catch
shorter attacks (like 10 tokens) than
longer or very short ones.

Result



2.PREPROCESSING DEFENSES: PARAPHRASING

For images, preprocessing defenses usually transform the image (encode and decode)
into a new representation to make adversarial attacks less effective.

Similarly, in the context of LLMs, they propose using a generative model to "paraphrase"
a given adversarial instruction or prompt. The idea is that while a normal, benign
instruction would be paraphrased correctly, an adversarial one would lose its
adversarial nature when paraphrased



2.PREPROCESSING DEFENSES: PARAPHRASING

The paraphrasing defense can be effective in most scenarios. However, sometimes it
can degrade the model's performance.
Ideally, this paraphrasing defense should be used with detection defenses. This way, if
the detection system suspects an adversarial prompt, it can be handled with
paraphrasing, ensuring the model still performs well if there's a false positive.

How Well Does It Work?:



2.PREPROCESSING DEFENSES: PARAPHRASING

The researchers tested the paraphrasing defense on models using the protocol
established by Kirchenbauer et al. (2023).
They used ChatGPT to perform the paraphrasing. They would provide the model with a
prompt like "paraphrase the following sentences:", followed by the potentially
adversarial instruction.

Experimental Setup:



2.PREPROCESSING DEFENSES: PARAPHRASING

Implementing the paraphrasing defense significantly decreased the Attack Success Rate
(ASR), making the models more resilient against adversarial triggers.

1.

Results



2.PREPROCESSING DEFENSES: PARAPHRASING

2. Sometimes, ChatGPT wouldn't paraphrase harmful prompts but instead would recognize
their malicious intent and respond with a message like "I am sorry...". This shows an added
benefit of the defense as the attack also has to fool the paraphrasing model.

Results



2.PREPROCESSING DEFENSES: PARAPHRASING

Trade-offs:

Using the paraphrasing defense does have a cost: there's a drop in model performance. For
instance, the performance of some models dropped by 10-15%.
Rarely, instead of paraphrasing, ChatGPT might respond to the prompt, which could further
decrease performance.

However, in a "grey-box" scenario where the attacker doesn't know all the details about the
paraphrasing model, it's much harder to launch a successful attack.

In a "white-box" scenario where the attacker has full knowledge of the paraphrasing system, they
might be able to craft inputs that, when paraphrased, still result in adversarial outputs. 



2.PREPROCESSING DEFENSES:  RETOKENIZATION

Retokenization: This is a method where the prompt's tokens are broken down
into smaller tokens. The hypothesis is that adversarial prompts exploit certain
combinations of tokens, so by breaking them up, this adversarial behavior may
be disrupted.

BPE-dropout: To achieve retokenization, they use a method called BPE-dropout,
which randomizes tokenization by skipping a certain percentage of the usual token,
resulting in more tokens than the standard process would produce.

Approach



2.PREPROCESSING DEFENSES: RETOKENIZATION

Results
BPE-dropout can reduce the success rate of attacks. A 0.4 dropout
rate was found optimal for some models.

1.



2.PREPROCESSING DEFENSES: RETOKENIZATION
Results
2. Despite making attacks less successful, using BPE-dropout can sometimes
confuse the model even when there's no attack (leading to a higher baseline
Attack Success Rate or ASR). This suggests models might need to be fine-tuned
with BPE-dropout to robustly handle retokenized inputs.



2.PREPROCESSING DEFENSES: RETOKENIZATION

3. An adaptive attack, crafted with individual characters spaced apart,
was also tried. It was found to degrade model performance, but not
more than the original attack with dropout.



3.ROBUST OPTIMIZATION: ADVERSARIAL TRAINING

Adversarial Training is a popular method to defend against adversarial attacks

However adversarial training for LLMs presents challenges. Unlike image
classifiers, creating adversarial samples for LLMs can be computationally
expensive and time-consuming.

Instead of using computational methods to generate adversarial prompts, the
researchers experimented with injecting human-made adversarial prompts into
the training data

Challange: 
If the model is trained solely on harmful prompts that should result in refusal, the
model might learn to refuse every input, which is undesirable. Therefore, a mix of
harmful and benign prompts is used



3.ROBUST OPTIMIZATION: ADVERSARIAL TRAINING

The LLaMA model was fine-tuned on a dataset, and harmful prompts were
added at different rates to observe their effect.
When adding harmful prompts at a rate of 20% (β = 0.2), the model began to
excessively use words like "cannot" and "harm". Even reducing the rate to 5%
or 10% led to similar issues.

Experimental Setup



3.ROBUST OPTIMIZATION: ADVERSARIAL TRAINING

Including harmful prompts in the training, data can reduce the success rate of
harmful prompts that were not attacked - the model did better at refusing
harmful requests.
However, when the harmful prompts were modified to try to fool the model,
the success rate didn't change much. This indicates that the defense wasn't
entirely effective.

Results
1.

2.



The paper explores various defenses against adversarial attacks on
Large Language Models (LLMs). These defenses include filtering, pre-
processing, and robust optimization methods such as perplexity
filtering, paraphrasing, retokenization, and adversarial training.

Contrary to the vision domain, filtering and pre-processing strategies
appear more successful (not significant) in defending against
adversarial attacks in the language domain. This is surprising and
highlights that adversarial attacks on LLMs present unique challenges
and dynamics.

STRENGTH




