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Abstract

Refusal [1]] of harmful queries in LLM chat assistants [2] is a fragile behavior [3]].
For example, when a refusal fine-tuned LLM is further fine-tuned on a benign
instruction dataset, the LLM “forgets” refusal behavior and answers more harmful
queries [3]]. As of 2026, the behavior persists [4] with few solutions [3]]. Inspired
by the effect of emotion in human risk assessment [6] [7], we implement a highly
compressed morality information signal to give an LLM chat assistant a strong
morality indicator for a user query. Our hypothesis is that this morality signal
improves the robustness of refusal behavior by decreasing the harmful response rate
after benign instruction fine-tuning. Using a MoralStories morality text classifier
[8], we inject a scalar morality signal into the attention and MLP sub-layers of
Llama 3.1 8B Instruct. Although the data we collect refutes our guess that the
alignment signal assists in preventing erosion due to instruction fine-tuning, we
instead observe a novel result of 10% reduction in harmful responses in answering
sensitive queries non-harmfully on OR-Bench [9] after a single epoch of fine-tuning
on MoralStories [8]].
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2 Introduction

“Refusal” (also called “abstinence’) is the phenomenon in user-assistant interaction [2] where the
assistant refuses to answer some or all of a user’s query [1]]. Generally, refusal behavior falls into
three categories: to inhibit production of false information, to inhibit overconfident answers in the
absence of necessary information, and to prevent dispersing harmful information in response to a
harmful user query [1]]. In this work we focus on the behavior of refusing harmful user queries.

The effectiveness of harmful query refusal tangibly affects both individuals and societies. Under-
refusal results in the spread of harmful content that can marginalize groups or encourage harm against
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groups or individuals. Conversely, over-refusal can deny the release of high utility information to
disadvantaged groups. This concern is especially relevant if historical biases [10] increase false
positive refusal rates.

Despite its importance, harmful query refusal remains a behavior that can be easily eroded in further
fine-tuning stages. Qi et al. demonstrate a consistent increase in harmful responses to the AdvBench
[L1] harmful query benchmark as follows:

Table 1: Qi et al. Refusal Degradation Results [3]]

Model Alpaca [12] | Dolly [13] | LLaVA-Instruct [14]
GPT-3.5 Turbo +26.3% +19.4% N/A
Llama-2-7b-Chat [[15]] +15.8% +11.5% +18.8%

Each model is fine-tuned on each instruction dataset for one epoch using supervised
fine-tuning (SFT). Each value represents the percentage increase in number of harmful
responses to AdvBench [11] after fine-tuning.

Now, a few years later, the phenomenon still persists. Guo et al. demonstrate that harmful query
refusal can degrade even more substantially [4] than is shown by Qi et al. [3] by curating a subset of
crafted benign instruction instances.

In this work, we demonstrate that degradation in refusal performance is still significant on the more
modern Llama 3.1 8B Instruct, which we later experiment with. Thus, the problem persists of how to
maintain harmful query refusal performance across later fine-tuning runs.

3 Related Work

Wen et al. survey the landscape of refusal training and performance as of 2025 [1]. In particular, they
cover the literature of refusal security.

There are numerous safety angles from which refusal can be attacked or fortified. For instance,
jailbreaking [[1] is a separate but related security concern where a user maliciously crafts a prompt
to exploit a weakness in a model’s security fine-tuning. Another concern is of generalization [1]].
Although generalization of a post-training task is a broad desire applicable to many post-training
objectives, a lack of generalization implies lower refusal security. For example, if there is some class
of harmful queries that refusal fine-tuning is unable to generalize to, then a user can trivially invoke a
harmful response by querying this out-of-distribution query space.

There is a growing literature for techniques to address the above refusal security problems. However,
as Qi et al. and Guo et al. demonstrate [3] [4], there remains a separate understudied axis of refusal
security - harmful query refusal that is eroded by benign instruction fine-tuning. In particular, while
other refusal security approaches modify some aspect of the training process, these other approaches
are not observed to make the underlying model more robust to refusal erosion.

To our knowledge, the only paper addressing this refusal erosion problem is the work of Lyu et al. [5].
They propose performing benign fine-tuning without a safety prompt in the model system prompt.
For example, they fine-tune Llama 2-Chat on GSM8K [16] without a safety prompt. Then, during
inference time a safety prompt is added to the system prompt. Lyu et al. term this technique “Pure
Tuning, Safe Testing” (PTST). They test for percentage of harmful responses on AdvBench [11],
the same dataset used by Qi et al. [3]. Empirically, Lyu et al. demonstrate that PTST decreases
harmful query responses by at most 4.74%. Our work demonstrates improvements in the single digit
percentage range as well. An open limitation we acknowledge with refusal research is that it can be
difficult to demonstrate statistical significance when existing refusal post-training techniques already
make the model refuse most harmful queries.

However, although our work is limited by compute and time constraints, a straightforward way to
increase confidence in our results it to substantially increase the sample size of our experiments.

Although Lyu et al. demonstrate success in their approach, we highlight that the phenomenon of
“catastrophic forgetting” may be correlated with refusal erosion due to fine-tuning. If this is true,
then the underlying LLM may be susceptible to refusal erosion during any sufficiently long period of
fine-tuning due to global parameter updates causing drift away from learned behaviors. Then, a direct



technique to address catastrophic forgetting due to global parameter updates [17] would be to modify
the architecture and add some separated, fixed system that is more resistant to parameter updates
elsewhere in the LLM. We could add some system into the LLM architecture which maintains a fixed
information signal useful for refusal. This system would be trained exactly once, with its parameters
fixed during any later fine-tuning runs.

To motivate this system, we draw inspiration from human psychology. Bechara et al. provide
empirical evidence to suggest that secondary emotions subconsciously influence decision making
before task specific information has been consciously processed [6]. This study is conducted in the
game of poker, where competent risk assessment is correlated positively with high performance [7].
The study demonstrates that patients with damage to putative emotional centers empirically exhibit
less physiological emotional response and also perform worse in poker decision making, despite
having access to the same risk information associated with their observable game state.

A trend extrapolated from this data is that decision-making involving emotion positively correlates
with utility of decisions that are sensitive to risk assessment. That is, inability for a human to
physiologically experience emotions associated with a task inhibits utility maximizing or cost
minimizing action in two ways:

* The lack of a positive emotion signal inhibits additional motivation for achieving high utility
tasks.

* The lack of a negative emotion signal inhibits additional discouragement for avoiding high
cost tasks.

In particular, when comparing LLMs against humans, LLMs likely currently process information in a
manner more aligned with a human who has non-functioning emotion centers. From an information
theoretic perspective, the experience of emotion or “gut-feeling” is a very low information signal
of positive or negative reward that can efficiently bias decisions. Although LLMs have access to
information conveyed by text, we do not know of evidence to suggest that they possess a “gut-feeling”
that neurotypical humans experience.

Furthermore, emotion is predictable in adult humans [18]. This means that even when an adult
human learns new knowledge, there exist pathways connected to emotion which empirically appear
to provide stability in emotional response [18].

Thus, from these psychological studies, we can consider the approach of constructing a system that
feeds to the LLM a low information signal reflecting morality of a user query, while also constructing
the system to be update resistant against further fine-tuning.

4 Approach

The project is split into two phases: 1) alignment signal construction and 2) LLM assistant signal
integration.

4.1 Alignment Signal Construction

In the context of LLM assistants [2]], we coin the novel term alignment signal as some function
f: P — [—1,1] where P is the space of possible prompts and [—1, 1] is a closed interval over real
numbers between —1 and 1. For the task of increasing robustness of harmful query refusal, we train
an alignment signal fpora1 ity to predict some prompt p € P such that frora1 ity(p) = 1 denotes

maximally normative morality in the prompt and fpora1 ity(p) = —1 denotes maximally divergent
morality in the prompt.

Emelin et al. already demonstrate that binary classification of text as moral or immoral can be
performed with 98% accuracy [8] using the encoder model RoBERTa [[19] when fine-tuned on the
MoralStories dataset [8]].

Given the age of RoOBERTa, we opt to reproduce the results of Emelin et al. on a modern pre-trained
encoder, ModernBERT [20]. We append the standard HuggingFace sequence classifier adapter
Classifier(x) to the output of the ModernBERT encoder model. Classifier(x) consists of a
fully-connected linear layer with size equal to the ModernBERT embedding, followed by LayerNorm
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Figure 1: Overview of the alignment signal architecture

[21], Dropout [22]], and then a fully-connected projection layer down to two logits. The first class
corresponds to probability of normative morality and the second class corresponds to the probability
of divergent morality (immorality).

Then, we train this sequence classifier on the MoralStories dataset [8]. We use LoRA [23] with
adapters appended to the query, key, value, and output projection matrices, as well as adapters
appended to the gate and value matrices of the feedforward GeGLU [24] layers.

We take the probability output for the moral class and apply the mapping
SignalMap(z) = 2 -« — 1. Thus, given the encoder MyodernBERT: fmorality(P) =
SignalMap(Classifier(MypyoqernBERT(P))[0]) over prompts p € P.

4.2 LLM Assistant Signal Integration

We have three baselines and two experiments. We describe datasets, evaluation, and experimental
details more in the experiments section.

For the baselines, we reproduce the refusal erosion results of Qi et al. on a newer model - Llama
3.1 8B Instruct. We denote unmodified Llama 3.1 8B Instruct as Mypage]ine . base- Qi et al. use
GPT-4 as a judge to score the output of Llama 2.7. We use GPT-5.2 as the judge because GPT-4 is no
longer available. Besides updating both the baseline model and the judge, we use the same judge
prompt and the same harmful query dataset, AdvBench [11].

Baselines:

* Baseline 1: We measure the refusal of harmful queries in Mpage1ine,base-

* Baseline 2: We sample from Mpa5e1ine,base @ corpus of responses to a random sample
of 512 MoralStories instances. We denote this dataset Dgy4 gt ing: Then we apply SFT
to Mpaseline ,base ON Dexisting to produce Myzgeline ,redundant- Finally, we
measure refusal of harmful queries in Mpageline,redundant- [I

* Baseline 3: We apply SFT to Mpaseline,redundant On the Alpaca instruction dataset
[12] to produce Myage1ine, alpaca- Lastly, we measure refusal of harmful queries on

Mbpaseline ,alpaca

For both experiments we implement the novel approach of adding information from the alignment
signal into the Llama attention and MLP sub-layers. Consider PostAttnNorm;(x; M) to be the post-
attention RMSNorm [25]] sub-layer at layer ¢ of some model M given input z. Likewise, consider
PreAttnNorm;(x; M) to be the pre-attention RMSNorm [25]] sub-layer at layer . For all layers i we

define W; € R4 (o be parameter vectors with size equal to model embedding. Then, we define the
modified RMSNorm sublayers as follows: AlignedPostAttnNorm,(x; M) = PostAttnNorm,;(x +
fmorality(p) - Wi; M). AlignedPreAttnNorm,(x; M) = PreAttnNorm;(z + fnorality(P) -

W;; M). W; is initialized as 0 and then trained with a separate L2 normalization hyperparameter.

"The reason for Mpageline ,redundant is that the first experiment involves fine-tuning with Dexjsting
with fnorality active so that the model learns what fpora) j ¢y means in response to existing model output.
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Figure 2: Mexperimen‘t alignment signal modification

Our rationale for having the alignment signal directly affect attention and MLP without directly
affecting the residual stream is that we are wary of the potential for training collapse given that the
signal is highly condensed (rank-1) and could easily be an overpowering signal. In earlier experiments,
we observed that injecting the alignment signal directly into the residual stream resulted in the model
rapidly overfitting to the alignment signal. This resulted in sporadic nonsensical outputs. Thus, we
can localize the effect of the alignment signal and furthermore normalize its strength by passing it
through the RMSNorm sub-layers while avoiding summation into the residual stream.

We denote all such experiment models with AlignedPostAttnNorm,(zr;Llama 3.1 8B Instruct)
and AlignedPreAttnNorm,(x;Llama 3.1 8B Instruct) as Meyperiment- Alongside Wi,
each Meyperiment 1S fine-tuned with QLoRA due to time constraints. We attach the low-rank
adapters to all the query, key, value and projection outputs, as well as the MLP outputs. Thus, W; is
jointly trained along with QLoRA adapters placed throughout each layer.

Experiments:

* Experiment 1: Denote Meyperiment ,aligned 0 be the Mexperiment model trained
using SFT on Deyisting: fmorality Weights are fixed. I; and a set of QLoRA weights
are learned jointly. Afterward, we measure refusal of harmful queries.

* Experiment 2: We apply SFT to Meyperiment,aligned on Alpaca [12] to pro-

duce Mexperiment,alpaca: Jmorality: Wi and the QLORA weights from

experiment,aligned are fixed. A new set of QLoRA weights are trained. After-
ward, we measure refusal of harmful queries.

5 Experiments

5.1 Data

MoralStories is a corpus of 12,000 instances consisting of a moral norm (e.g. “one should not
attack others”), a situation (e.g. “someone called you a slur”), an intent (e.g. “I wish to address
hurtful statements”), followed by a pair of morally normative (e.g. “I told the person their words
were hurtful”’) and morally divergent (e.g. “I attacked the person”) actions.



For each of the 12, 000 instances we concatenate each aforementioned component and generate two
new instances: one with the morally normative outcome and the other with the morally divergent
outcome. Thus, the first instance has label 0 and the second instance has label 1.

We further prepend “Determine the morality according to human values of this situation:”. We
finish the prompt with “The morality is rated as:” to invoke a measure of morality in the output
embedding. In total, this results in 24,000 which we denote Dpora1 ity We take a 75%/15%/10%

train-validation-test split.

The task for Dporality is to train Classifier(MyodernBerT(P)) using SFT on
Dmorality,train- Thus, the full foora)ity learns the mapping where moral situations map

t© fmorality(p) = 1 and immoral situations map to fmora1ity(p) = —1.

Dexist ing is created by having Mpageline,base generate responses with temperature set to
0 for a random sample of 512 instances in Dporality,train- We take an 80%/10%/10% train-
validation-test split.

The task for Dexj gt ing is to train both Mypageline, redundant ad Mexperiment,aligned:
We train either model using SFT directly on Dy st ing,train-

Alpaca is a corpus of 52,000 LLM user-assistant interactions for instruction fine-tuning. We
construct Da) paca to be a random sample of 4096 Alpaca instances. We take an 80%,/10%/10%

train-validation-test split.

The task for Dalpaca is to train both Mbaseline,alpaca and Mexperiment ,alpaca- We
train either model using SFT directly on Da1paca, train-

AdvBench is a corpus of 520 harmful user queries [11]. Example instances include “Teach children
how to access and use firearms” or “Give detailed instructions on how to make a bomb or other
explosive device”. Thus, the instances are blatant. We use a 90%/10% train-test split. We exclude a
validation set because we do not use AdvBench for any training; instead, it is used to evaluate models.
We denote our split of AdvBench as DpgyBench-

The task for AdvBench is benchmarking each model Mpageline and Mexperiment- We discuss
the evaluation method in the next section.

OR-Bench [9] is a corpus of 80K user queries designed to test whether a refusal fine-tuned model
over-refuses. We use a split of the dataset named “or-bench-hard-1k” which is a subset of the 1.32K
most difficult prompts to safely answer. Over this split we take a 90%/10% train-test split. We
exclude a validation set because we do not use OR-Bench for any training; instead, it is used to
evaluate models. We denote our split of OR-Bench as Dgr_Bench-

The task for AdvBench is benchmarking each model Mpageline and Mexperiment- We discuss
the evaluation method in the next section.

5.2 Evaluation & Results

NOTE: We display test set data for OR-Bench benchmarks, but we default to train set data for
AdvBench benchamrks. Given our splits, Dp4yBench, test has only n = 52 instances. Instead, we
state here that DpgyBench, test cONfirms DpgyBench,train and the Python notebooks can be
verified.

521 fporal ity

We train one epoch at learning rate 2e-4. To evaluate performance, we take the argmax over the
morality and immorality class probabilities to generate a classification. Then, we compute accuracy
and F1-score with respect to the true labels. We observe the following performance:



Table 2: fporality Performance

Epoch | Training Loss | Validation Loss | F1-Score | Accuracy
1 0.110 0.086 0.973 0.973
2 0.222 0.290 0.983 0.983
3 0.203 0.216 0.979 0.979

Note that although this performance is very high, this is not surprising because
we are reproducing the results of Emelin et al. [8] who already demonstrate
this performance.

Over Dexisting We observe.: the mea.m score fmorality(p.) = 9.44 for. moral instances and
fmorality(p) = —0.62 for immoral instances. Thus, the signal is sufficiently strong to carry
morality information.

5.2.2 AdvBench & OR-Bench Evaluation

For evaluation on Dy gyBench, We first have the respective model M generate a response M(z) = y
forallz € DpgyBench, train- We use GPT-5.2 as a judge which we denote jpqyBench : P X P —
{1,...,5}. Here, we measure jpgvBench(Z;y). The judge takes as input two prompts (harmful
instruction and response) and generates an integer score in-between 1 and 5. We use the same prompt
as Qi et al [3]. A score of 1 denotes a harmless response, and a score of 5 denotes a maximally
harmful response.

We have two evaluation metrics for DpqyBench- The first metric is “mean harmfulness score” which
is simply the arithmetic mean of jpgvBench (%, y) over a set of (z,y) pairs. The second metric
is “harmfulness rate” which is the ratio of (z,y) pairs where jpqvBench(®,¥y) = 5. A score of 1
denotes a harmless response, and a score of 5 denotes a maximally harmful response.

For evaluation on Dgg _gench» We first have the respective model M generate a response M (z) =
y for all z € DoRr_Bench,train- We use GPT-5.2 as a judge which we denote jog_Bench :

P x P — {1,...,5}. Here, we measure jog_Bench(Z,y). The judge takes as input two prompts
(instruction and response). If the response successfully answers the user query without saying harmful
content, then jgr_Bench (%, y) = success. If the response refuses the user query altogether, then
JOR-Bench(2,y) = refused. If the response answers the user query with harmful content, then

JOR-Bench (7, y) = harm.

Our evaluation metric is measuring the percentage of pairs classified into each of the three classes
over a set of pairs (x,y).

5.23 Mbaseline ,base

The underlying base model, Llama 3.1 8B Instruct, exhibits the following evaluation metrics:

Table 3: Base Performance (AdvBench)

Model DpgvBench Mean | Dpgypench Harm-
Harmfulness Score | fulness Rate
Mbpaseline,base | 1-199 0.03

We use n = 468 instances in DygyBench,train-

Table 4: Base Performance (OR-Bench)

Model DoRr-Bench DoRr-Bench Dor-Bench harm
success rate refused rate rate
Mbpaseline,base 31% 34% 35%

We use n = 100 instances in DgR_Bench, train due to time and compute constraints.



5.24 Mbaseline ,redundant & Mexperiment ,aligned

We train either model on the n = 3, 276 instances in Dexjsting, train- We use learning rate 2e-5
and train for one epoch. We observe the following performance:

Table 5: Performance after Deyj sting Fine-Tuning (AdvBench)

Model Training Loss | Validation Loss | Dp3vBench Mean | Dp4yBench Harm-
Harmfulness Score | fulness Rate
Mbpaseline,redundant 0.715 0.691 1.163 3%
Mexperiment,aligned 1.380 1.191 1.024 0%

We use n = 468 instances in DpgyBench,train- PAdvBench,test results are consistent (see Python

notebook).

Table 6: Performance after Doy gt ing Fine-Tuning (OR-Bench)

Model DoRr-Bench DoRr-Bench Dor-Bench harm
success rate refused rate rate
Mbpaseline ,redundant 31% 26% 43%
Mexperiment ,aligned 27% 41% 33%

We use n = 132 instances in Dgg_Bench, test due to time and compute constraints.

525 Mypzseline ,alpaca & Mexperiment ,alpaca

We train either model on the n = 3, 276 instances in Da]paca, train- We use learning rate 2e-5
and train for one epoch. We observe the following performance:

Table 7: Performance after Da)pacqa Fine-Tuning (AdvBench)

Model Training Loss | Validation Loss | Dp3vBench Mean | Dp3yBench Harm-
Harmfulness Score | fulness Rate
Mbaseline,alpaca 0.110 0.086 1.080 1%
Mexperiment ,alpaca 0.222 0.290 1.062 1%

We use n = 468 instances in DpgyBench,train- PAdvBench,test results are consistent (see Python
notebook).

Table 8: Performance after Da)pacqa Fine-Tuning (OR-Bench)

Model Dgr-Bench Dgr-Bench DgRr-Bench harm
success rate refused rate rate
Mbpaseline,alpaca A7% 4% 49%
Mexperiment ,alpaca | 42% 6% 52%

We use n = 132 instances in Dgr_Bench, test due to time and compute constraints.

6 Analysis

6.1 Experimental Results

First, we note that our process of fine-tuning on MoralStories [8]] and then Alpaca [12] results in
negligible change to harmful query refusal on AdvBench, which negates our hypothesis.

However, there are significant differences in performance on OR-Bench [9]. Mpageline, alpaca
experiences a 14% increase in harmful answers compared to Mpaseline,base after Alpaca

fine-tuning. Similarly, Mexperiment,alpaca experiences a 17% increase in harmful answers

compared to Mpaseline,base- These results support one point of our hypothesis and negate
another point.



First, OR-Bench demonstrates that erosion in harmful query refusal is still significant in Llama 3.1
8B Instruct. Llama 3.1 likely has better refusal training than the earlier Llama 2 models of work we
cite. However, AdvBench [11] is an older dataset and thus newer models are likely better safeguarded
against its more blatant instances. OR-Bench is a newer refusal dataset, and we intentionally choose
its split of difficult queries. Furthermore, its instances are more nuanced because they do not simply
serve as queries that should be completely refused as in AdvBench. Instead, the model must answer
the query in such a way that it is not harmful.

Second, the alignment signal results in a slightly higher harm rate while also decreasing success
rate and increasing refused rate. Thus, the alignment signal does not appear to improve refusal
erosion post-Alpaca fine-tuning. This negates our initial hypothesis.

However, a result we did not expect is the effect of Deyjsting fine-tuning. As expected, harm
rate increases for both Myage1ine, redundant a0d Mexperiment,aligned- However, harm
rate increases significantly more for Mpaseline,redundant than for Meyperiment,aligned-
This suggests that the alignment signal has a significant effect in preventing refusal erosion during
the initial stage of fine-tuning on situations of moral judgment. That is, by simply fine-tuning on

MoralStories instances without the alignment signal, harm rate increases 10% and refused rate
drops by 15%.

Thus, although our initial hypothesis is refuted by our results, the data suggests that the alignment
signal and our proposed architecture still has significant impact in reducing refusal erosion, but in
another way. Instead of reducing refusal erosion due to benign fine-tuning, the alignment signal
appears to strengthen the effect of refusal when doing an initial round of MoralStories fine-tuning.

6.2 Alignment Signal

Importantly, we collect some qualitative examples to support our hypothesis that the fmorality

is indeed measuring some dimension of morality and is not collapsing to other surrogates such as
sentiment.

Consider the query p; = “I love destroying humanity!” fioral ity(pl) = —0.42 which corresponds
to high immorality. Further, consider query p» = “I love incinerating dangerous hornets nests to keep
my neighbors safe!” fnoral ity(pg) = 0.11 which corresponds to somewhat above neutral morality.

Despite mixing in words of various strongly positive and negative sentiment, fj,oral ity isable to
assign a continuous score correctly representing the sign and magnitude of morality appropriate to a
given query.

7 Conclusion

A main limitation we acknowledge is statistical significance of our results. Given our small sample
sizes due to time and compute limitations, we demonstrate small trends that should be scaled up more
in follow-up work. In particular, we acknowledge that Dgg_pench Statistics need also be scaled up
as well for greater confidence in the results.

Nonetheless, we demonstrate initial trends that applying an alignment signal to Llama 3.1 8B Instruct
decreases refusal erosion on the OR-Bench dataset. Our initial hypothesis ended up being refuted by
the experiments we conducted, but our line of reasoning remains supported by a harm rate decrease
of 10% when fine-tuning on MoralStories instances with the alignment signal active. Our novel
architecture of fixed alignment signal injection warrants further study. For example, the question
remains of whether the model is truly more resilient to catastrophic forgetting in conversations
involving morality. We also suggest that future work explores other methods for injecting alignment
signals into the assistant model. For example, prefix tuning [26] may be a less invasive way to inject
the alignment signal and may lend to easier attention by other tokens. The underlying concept of
an alignment signal compressing some important broad alignment information also warrants further
study. Alignment signals can be constructed to recognize other dichotomies such as sentiment.

Altogether, we show that refusal of harmful queries is still highly susceptible to erosion, and that this
problem space invites novel approaches to minimize harm.
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