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Abstract

Direct Preference Optimization (DPO), and its numerous variants, are increasingly
used for aligning language models. Although they are designed to teach a model
to generate preferred responses more frequently relative to dispreferred responses,
prior work has observed that the likelihood of preferred responses often decreases
during training. The current work sheds light on the causes and implications of
this counter-intuitive phenomenon, which we term likelihood displacement. We
demonstrate that likelihood displacement can be catastrophic, shifting probability
mass from preferred responses to semantically opposite ones. As a simple example,
training a model to prefer No over Never can sharply increase the probability of Yes.
Moreover, when aligning the model to refuse unsafe prompts, we show that such
displacement can unintentionally lead to unalignment, by shifting probability mass
from preferred refusal responses to harmful responses (e.g., reducing the refusal rate
of Llama-3-8B-Instruct from 74.4% to 33.4%). We theoretically characterize that
likelihood displacement is driven by preferences that induce similar embeddings,
as measured by a centered hidden embedding similarity (CHES) score. Empirically,
the CHES score enables identifying which training samples contribute most to
likelihood displacement in a given dataset. Filtering out these samples effectively
mitigated unintentional unalignment in our experiments. More broadly, our results
highlight the importance of curating data with sufficiently distinct preferences, for
which we believe the CHES score may prove valuable.

1 Introduction

To ensure that language models generate safe and helpful content, they are typically aligned based on
pairwise preference data. One prominent alignment method, known as Reinforcement Learning from
Human Feedback (RLHF) [30], requires fitting a reward model to a dataset of human preferences,
and then training the language model to maximize the reward via RL. While often effective for
improving the quality of generated responses [4, 1, 47], the complexity and computational costs of
RLHF motivated the rise of direct preference learning methods such as DPO [37].

Given a prompt x, DPO and its variants (e.g., Azar et al. [3], Tang et al. [44], Xu et al. [52], Meng
et al. [27]) eschew the need for RL, by directly teaching a model 7y to increase the margin between
the log probabilities of a preferred response y T and a dispreferred response y~. While intuitively
these methods should increase the probability of y* while decreasing that of y—, several recent
works observed that the probabilities of both y™ and y~ tend to decrease over the course of training
[31, 55, 38, 43, 32, 25]. We term this phenomenon likelihood displacement — see Figure 1.

When the probability of yT decreases, the probability of some other, possibly undesirable, response
must increase. However, despite the prevalence of likelihood displacement, there is limited under-
standing as to why it occurs and what its implications are. The purpose of this work is to address these
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Direct Preference Learning Likelihood Displacement
e.g. DPO (Rafailov et al. 2023)
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Figure 1: Illustration of likelihood displacement in direct preference learning. For a prompt x, direct
preference learning aims to increase the probability that a model 7y assigns to a preferred response y ' relative
to a dispreferred response y . Likelihood displacement refers to the counter-intuitive phenomenon where, while
the gap between In 7o (y 7|x) and In 7g (y ~ |x) increases, they both decrease. If the responses increasing instead
in probability (depicted by z) are as preferable as y ™ (e.g., z is semantically similar to y™), then the likelihood
displacement is benign. However, if the probability mass goes to responses that are substantially less preferable
than y* (e.g., z is semantically opposite to y ™), then we say that it is catastrophic.

gaps. Through theory and experiments, we characterize mechanisms driving likelihood displacement,
demonstrate that it can lead to surprising failures in alignment, and provide preventative guidelines.
Our experiments cover models of different families and scales, including OLMo-1B [14], Gemma-2B
[45], and Llama-3-8B [8]. The main contributions are listed below.

 Likelihood displacement can be catastrophic even in simple settings. We demonstrate that,
even when training on just a single prompt whose preferences y* and y~ consist of a single
token each, likelihood displacement is pervasive (Section 3). Moreover, the tokens increasing
most in probability at the expense of y ™ can be semantically opposite to it. For example, training
a model to prefer y™ = No over y~ = Never often sharply increases the probability of Yes
(Table 1). This stands in stark contrast to prior work attributing likelihood displacement to
different complexities in the preference learning pipeline [43, 31, 38], and emphasizes the need
to formally characterize its underlying causes.

e Theory: likelihood displacement is determined by the model’s embedding geometry. We
analyze the evolution of In 7y (y™|x) during gradient-based training (Section 4). Our theory
reveals that likelihood displacement is governed by the (static) token unembeddings and (contex-
tual) hidden embeddings of y™ and y~. In particular, it formalizes intuition by which the more
similar y ™ and y ~ are the more In 7y (y ™ |x) tends to decrease.

¢ Identifying sources of likelihood displacement. Based on our analysis, we derive a (model-
aware) measure of similarity between preferences, called the centered hidden embedding similar-
ity (CHES) score (Definition 2). We demonstrate that the CHES score accurately identifies which
training samples contribute most to likelihood displacement in a given dataset (e.g., UltraFeed-
back [7] and AlpacaFarm [9]), whereas other similarity measures relying on hidden embeddings
or token-level cues do not (deferred to Appendix A).

¢ Unintentional unalignment due to likelihood displacement. To demonstrate the potential
uses of the CHES score, we consider training a language model to refuse unsafe prompts via
preference learning (Section 5). We find that likelihood displacement can unintentionally unalign
the model, by causing probability mass to shift from preferred refusal responses to responses that
comply with unsafe prompts! For example, the refusal rate of Llama-3-8B-Instruct drops from
74.4% to 33.4% over the SORRY-Bench dataset [51]. We then show that filtering out samples
with a high CHES score prevents such unintentional unalignment, and does so more effectively
than adding a supervised finetuning term to the loss (e.g., as done in Pal et al. [31], Xu et al.
[52], Pang et al. [32], Liu et al. [25]).

Our results highlight the importance of curating data with sufficiently distinct preferences. We believe
that the CHES score introduced by our theory may prove valuable for achieving this goal.!

'The related work and conclusion sections are deferred to Appendices B and C, respectively.
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2 Preliminaries
2.1 Language Models

Let V be a vocabulary of tokens. Modern language models consist of two parts: (i) a neural network
(e.g., Transformer [49]) that intakes a sequence of tokens x € V* and produces a hidden embedding
h, € R%; and (ii) a token unembedding matrix W & RIVI*? that converts the hidden embedding
into logits. The logits are then passed through a softmax to compute a distribution over tokens
that can follow x. For assigning probabilities to sequences y € V*, a language model 7y operates
autoregressively, i.e.:
lyl lyl

mo(ylx) =[], mo(yulx,y<e-1) =[]~ softmax(Whyy_,), . (D
where 6 stands for the model’s parameters (i.e. the parameters of the neural network and the unem-
bedding matrix W), and y - denotes the first £ — 1 tokens of y.

2.2 Direct Preference Learning

Preference data. We consider the widely adopted direct preference learning pipeline, which relies
on pairwise comparisons (cf. Rafailov et al. [37]). Specifically, we assume access to a preference
dataset D containing samples (x,y",y ™), where x is a prompt, y* is a preferred response to x,
and y~ is a dispreferred response to x. The preferred and dispreferred responses can be obtained by
generating two candidate responses from the model (i.e. on-policy), and labeling them via human
or Al raters (cf. Ouyang et al. [30], Bai et al. [5]). Alternatively, they can be taken from some static
dataset (i.e. off-policy). Our analysis and experiments capture both cases.

Supervised finetuning (SFT). Preference learning typically includes an initial SFT phase, in which
the model is finetuned via the standard cross-entropy loss. The sequences used for SFT can either be
independent of the preference dataset D [47] or consist of prompts and preferred responses from D,
ie. of {(x,y%): (x,y*,y~) € D} [42,37].

Preference learning loss. Aligning language models based on pairwise preferences is usually done
by minimizing a loss of the following form:

E(e) = E(x,y*,y*)ND |:€x,y+,y* (hl 7T6’(y+|x) —1In 71’O(y_ ‘X)):| s (2)

where /y y+ - : R — R>q is convex and differentiable, for every (x, y T,y ") € D. Denote by it
the parameters of the model prior to minimizing the loss £. To guarantee that minimizing £ entails
increasing the difference between Inmy(y™|x) and Inmy(y~|x), as expected from a reasonable
preference learning loss, we make the mild assumption that £ + .- is monotonically decreasing in
a neighborhood of In 7y, . (yT|x) — Inme, ., (y7|%).

The loss £ generalizes many existing losses, including: DPO [37], IPO [3], SLiC [57], REBEL [13],
and GPO [44] — see Appendix F for details on the choice of /, ,+ - corresponding to each loss.
Notably, the common dependence on a reference model is abstracted through / + ,—. Other loss
variants apply different weightings to the log probabilities of preferred and dispreferred responses
or incorporate an additional SFT term (e.g., DPOP [31], CPO [52], RPO [25], BoNBoN [15], and
SimPO [27]). For conciseness, we defer an extension of our analysis for these variants to Appendix L.

2.3 Likelihood Displacement

We define likelihood displacement as the phenomenon where, although the preference learning loss
is steadily minimized, the log probabilities of preferred responses decrease.

Definition 1. Let 7y, ,, and mg,;, denote a language model before and after training with a preference
learning loss £ over the dataset D (Equation (2)), respectively, and suppose that the loss was
successfully reduced, i.e. £(0gn) < L(6inis). We say that likelihood displacement occurred if:*

1 1

— Inmg,. (yF|x) < — Inmg . (yT|x);
|,D| Z(x,y*,y*)eD Gfm(y | ) |D| Z(x,er,y*)ED 91mt(y ‘ )

and that likelihood displacement occurred for (x,y*,y~) € DifInmg, (y*|x) < Inmy, ., (yT|x).

“Note that In s (y 7 |x) can decrease even as the loss £ is minimized, since minimizing £ only requires
increasing the gap between In 7 (y " |x) and In 7o (y ~ |x).
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Tokens Increasing Most in Probability

Model yT vy 7o (y " |x) Decrease Benign Catastrophic
OLMo-1B Yes No 0.69 (0.96 — 0.27) _Yes, _yes -
No Never 0.84 (0.85 — 0.01) _No Yes, _Yes, _yes
Gemma-2B Yes No 0.22 (0.99 — 0.77) _Yes, _yes - .
No Never 0.21 (0.65 — 0.44) no, _No Yes, Yeah, Possibly

Yes No 0.96 (0.99 —+ 0.03) yes, _yes, _Yes -

Llama-3-8B
Sure Yes 0.59 (0.98 — 0.39) sure, _Sure Maybe, No, Never

Table 1: Likelihood displacement can be catastrophic, even when training on a single prompt with single
token responses. Each model was trained via DPO on a randomly chosen prompt from the Persona dataset [35],
using different pairs of preferred and dispreferred tokens (y ™,y ™) (as detailed in Section 3). We report the
largest decrease in the preferred token probability mp (y*|x) during training for representative (y*,y ™) pairs,
averaged across ten runs differing in random seed for choosing the prompt. The rightmost columns include
notable tokens from the top three tokens increasing most in probability throughout training (see Appendix K.1
for the full list and extent of increase). Remarkably, when y* and y ™~ are semantically similar, the tokens
increasing most in probability are often semantically opposite to y ™.

Likelihood displacement is not necessarily problematic. For (x,y ™,y ™) € D, we refer to it as
benign if the responses increasing in probability are as preferable as y ™ (e.g., they are semantically
similar to y ™). However, as Section 3 demonstrates, the probability mass can go to responses that are
substantially less preferable than y™ (e.g., they are semantically opposite to y ™), in which case we
say it is catastrophic.

3 Catastrophic Likelihood Displacement in Simple Settings

Despite the prevalence of likelihood displacement [31, 55, 32, 25], there is limited understanding
as to why it occurs and where the probability mass goes. Prior work attributed this phenomenon
to limitations in model capacity [43], the presence of multiple training samples or output tokens
[43, 31], and the initial SFT phase [38]. In contrast, we demonstrate that likelihood displacement can
occur and be catastrophic independently of these factors, even when training over just a single prompt
whose responses contain a single token each. The potential adverse effects of such displacement raise
the need to formally characterize its underlying causes.

Setting. The experiments are based on the Persona dataset [35], in which every prompt contains a
statement, and the model needs to respond whether it agrees with the statement using a single token.
We assign to each prompt a pair of preferred and dispreferred tokens (y ™,y ™) from a predetermined
set containing, e.g., Yes, Sure, No, and Never. Then, for the OLMo-1B, Gemma-2B, and Llama-3-
8B models, we perform one epoch of SFT using the preferred tokens as labels, in line with common
practices, and train each model via DPO on a single randomly selected prompt. See Appendix L.1 for
additional details.

Likelihood displacement is pervasive and can be catastrophic. Table 1 reports the decrease in
preferred token probability, and notable tokens whose probability increases at the expense of y .
The probability of y™ dropped by at least 0.21 and up to 0.96 absolute value in all runs. Remarkably,
when y* and y ™~ are semantically similar, the probability mass often shifts to semantically opposite
tokens. Appendix K.1 reports similar findings for experiments using: (i) base models that did not
undergo an initial SFT phase (Table 2); or (ii) IPO instead of DPO (Table 3).

4 Theoretical Analysis of Likelihood Displacement

To uncover what causes likelihood displacement when minimizing a preference learning loss, we
characterize how the log probabilities of responses evolve during gradient-based training. For a
preference sample (x,y ",y ™) € D, we identify the factors pushing In 7y (y*|x) downwards and
those determining which responses increase most in log probability instead. We provide the takeaways
below, and defer to Appendix G an overview of the technical approach and main results, and the full
analysis to Appendix H.
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Takeaway 1: Role of the Token Unembedding Geometry (Appendix G.2.1) \

Even when training over a single prompt whose responses y* and y~ contain a single token,
likelihood displacement can occur due to the token unembedding geometry. The underlying
causes are: (i) an alignment between the preferred and dispreferred token unembeddings,
measured as (W,+, Wy, - ); and (ii) tokens whose unembeddings align with W+ — Wy,
which increase in log probability at the expense of y . Tokens increasing in probability can
thus have unembeddings that align with directions orthogonal to W ,+. Since unembeddings
often linearly encode semantics, this provides an explanation for why probability mass can go

to tokens semantically unrelated or opposite to y ™ (as observed in Section 3),

Takeaway 2: Role of the Hidden Embedding Geometry (Appendix G.2.2) <

Besides the impact of the token unembedding geometry (Takeaway 1), likelihood displacement
occurs when the preferred and dispreferred responses are similar according to the following
measure, which is based on their hidden embeddings.

Definition 2. For a preference sample (x,y*,y~) € D, we define the centered hidden
embedding similarity (CHES) score of y* and y~ with respect to a model 7g by:

*

ly ly~ | ly*l
+ o)
CHESx(y™,y ™) := <Zk:1 hx’yJ<rk ’ Zk/:l hxvylw > B sz:1 hxvyik

v hidden embeddings y~ hidden embeddings

2
>

where hy ,_, denotes the hidden embedding that the model produces given x and the first
k — 1 tokens of z € V*. A higher CHES score stands for more similar preferences.

\ J

5 Unintentional Unalignment in Direct Preference Learning

Direct preference learning has been successfully applied for improving general instruction following
and performance on downstream benchmarks (e.g., Tunstall et al. [48], Ivison et al. [21]). This
suggests that, in such settings, likelihood displacement may often be benign, and so does not require
mitigation. However, in this section, we reveal that it can undermine the efficacy of safety alignment.
When training a language model to refuse unsafe prompts, we find that likelihood displacement
can unintentionally unalign the model, by causing probability mass to shift from preferred refusal
responses to harmful responses. We then demonstrate that this undesirable outcome can be prevented
by discarding samples with a high (length-normalized) CHES score (Definition 2), showcasing the
potential of the CHES score for mitigating adverse effects of likelihood displacement more broadly.

5.1 Setting

We train a language model to refuse unsafe prompts via the (on-policy) direct preference learning
pipeline outlined in Rafailov et al. [37], as specified below. To account for the common scenario
whereby one wishes to further align an existing (moderately) aligned model, we use the Gemma-2B-
IT and Llama-3-8B-Instruct models. Then, for each model separately, we create a preference dataset
based on unsafe prompts from SORRY-Bench [51]. Specifically, for every prompt, we generate two
candidate responses from the model and label them as refusals or non-refusals using the judge model
from Xie et al. [51]. Refusals are deemed more preferable compared to non-refusals, and ties are
broken by the PairRM reward model [24]. Lastly, the language models are trained via DPO over their
respective datasets. For brevity, we defer to Appendices K and L. some implementation details and
experiments using IPO, respectively.

5.2 Catastrophic Likelihood Displacement Causes Unintentional Unalignment

Since the initial models are moderately aligned, we find that they often generate two refusal responses
for a given prompt. Specifically, for over 70% of the prompts in the generated datasets, both
the preferred and dispreferred responses are refusals. This situation resembles the experiments
of Section 3, where training on semantically similar preferences led to catastrophic likelihood
displacement (e.g., when y ™ was No and y~ was Never, the probability of Yes sharply increased).

Analogously, we observe that as the DPO loss is minimized, likelihood displacement causes probabil-
ity mass to shift away from preferred refusal responses (Table 16 in Appendix K.4 reports the log
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Figure 2: Likelihood displacement can cause uninten- Figure 3: Length-normalized CHES score
tional unalignment, which is mitigated by data filtering. identifies samples with two responses of the
Training a model to refuse unsafe prompts from SORRY- same type as responsible for likelihood dis-
Bench via DPO unintentionally leads to a substantial de- placement. For Llama-3-8B-Instruct, we take
crease in refusal rates due to likelihood displacement. Fil-  the corresponding SORRY-Bench preference
tering out samples with a high length-normalized CHES  dataset (see Section 5.1 for details), and plot
score () or using “gold" preference data, generated from a  the ranking of samples according to their length-
diverse set of models, successfully mitigates the problem, normalized CHES scores. Gray line marks the
and goes beyond the improvement achieved when adding an  bottom 5% of samples. Agreeing with intuition,
SFT term to the DPO loss. Reported are mean values over ~ samples with two refusal or two non-refusal re-
three runs (error bars denote minimal and maximal values).  sponses tend to have a higher length-normalized
See Section 5 for further details. CHES score than samples with one of each.

probability decrease of preferred responses). This leads to a significant drop in refusal rates. Specifi-
cally, over the training set, DPO makes the refusal rates of Gemma-2B-IT and Llama-3-8B-Instruct
drop from 80.5% to 54.8% and 74.4% to 33.4%, respectively (similar drops occur over the validation
set). In other words, instead of further aligning the model, preference learning unintentionally un-
aligns it. See Appendix K.4 for examples of unsafe prompts from the training set, for which initially
the models generated two refusals, yet after DPO they comply with the prompts (Table 18).

We note that alignment usually involves a tradeoff between safety and helpfulness. The drop in
refusal rates is particularly striking since the models are trained with the sole purpose of refusing
prompts, without any attempt to maintain their helpfulness.

5.3 Filtering Data via CHES Score Mitigates Unintentional Unalignment

Appendix A shows that samples with a high CHES score (Definition 2) contibute most to likelihood
displacement. Motivated by this, we explore whether filtering data via the CHES score can mitigate
unintentional unalignment, and which types of samples it marks as problematic. As discussed in
Appendix A, due to the embedding geometry of current models, CHES scores can correlate with
the lengths of responses. To avoid introducing a length bias when filtering data, we apply a length-
normalized variant of CHES (see Definition 3 in Appendix E). For comparison, we also consider
adding an SFT term to the DPO loss, as suggested in Pal et al. [31], Xu et al. [52], Pang et al. [32], Liu
et al. [25], and training over “gold" responses from SORRY-Bench, which were generated from a
diverse set of base and safety aligned models and labeled by human raters.

Filtering data via CHES score mitigates unintentional unalignment. Figure 2 reports the refusal
rates before and after training via DPO: (i) on the original dataset, which as stated in Section 5.2
leads to a substantial drop in refusal rates; (ii) with an additional SFT term on the original dataset;
(iii) on the gold dataset; and (iv) on a filtered version of the original dataset that contains the 5%
samples with lowest length-normalized CHES scores. Filtering data via the CHES score successfully
mitigates unintentional unalignment. Moreover, while adding an SFT term to the loss also prevents
the drop in refusal rates, data filtering boosts the refusal rates more substantially. We further find that
DPO on gold preferences does not suffer from likelihood displacement or unintentional unalignment
(i.e. the preferred responses increase in probability; see Table 16). Overall, these results highlight the
importance of curating data with sufficiently distinct preferences for effective preference learning.

Which samples have a high CHES score? Figure 3 reveals that the length-normalized CHES score
ranking falls in line with intuition — samples that have two responses of the same type (i.e. two
refusal or two non-refusal responses) tend to have a higher score than samples with one response of
each type, and so are more likely to cause likelihood displacement.
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Figure 4: CHES score (Definition 2) identifies which training samples contribute to likelihood displace-
ment, whereas alternative similarity measures do not. Each model was trained via DPO on subsets of 512
samples from the UltraFeedback dataset. The subsets are centered around different preference similarity per-
centiles, according to the following measures: (i) the CHES score; (ii) (normalized) edit distance, which was
suggested in Pal et al. [31] as indicative of likelihood displacement; and (iii) the inner product between the last
hidden embeddings of the preferred and dispreferred responses (see Appendix A for further details). We report
for each subset the change in mean preferred response log probability, averaged across three runs (error bars
marking standard deviation are often indiscernible). The CHES score ranking perfectly matches with the degree
of likelihood displacement — samples with a higher score induce a larger decrease in the log probability of
preferred responses. On the other hand, the alternative measures are not indicative of likelihood displacement.

A Identifying Sources of Likelihood Displacement

In Section 4 we derived the CHES score (Definition 2), which for a given model and preference
sample (x,y ™,y ™), measures the similarity of y* and y~ based on their hidden embeddings. Our
theory indicates that samples with a higher CHES score lead to more likelihood displacement. Below,
we affirm this prediction and show that the CHES score enables identifying which training samples
in a dataset contribute most to likelihood displacement, whereas alternative similarity measures fail
to do so. The following Section 5 then demonstrates that filtering out samples with a high CHES
score can mitigate undesirable implications of likelihood displacement.

Setting. We use the UltraFeedback [7] and AlpacaFarm [9] datasets and the OLMo-1B, Gemma-2B,
and Llama-3-8B models. For each model and preference dataset, we compute the CHES scores of all
samples. This requires performing a single forward pass over the dataset. Then, for each of the Oth,
25th, 50th, 75th, and 100th score percentiles, we take a subset of 512 samples centered around it.?
Lastly, we train the model via DPO on each of the subsets separately, and track the change in log
probability for preferred responses in the subset — the more the log probabilities decrease, the more
severe the likelihood displacement is. See Appendix L.2 for additional implementation details.

Baselines. We repeat the process outlined above while ranking the similarity of preferences using
the (normalized) edit distance,* since preferences with low edit distance where suggested by Pal
et al. [31] as a cause for likelihood displacement. To the best of our knowledge, no other property of
a preference sample was linked with likelihood displacement in the literature. So we additionally
compare to a natural candidate: using the inner product between the last hidden embeddings of y™
andy~, i.e. (hy y+,hy ), as the similarity score.

CHES score effectively identifies samples leading to likelihood displacement. For the UltraFeed-
back dataset, Figure 4 shows the change in preferred response log probability against the similarity
percentile of samples. Across all models, the CHES score ranking matches perfectly the degree of
likelihood displacement: the higher the CHES score percentile, the more preferred responses decrease
in log probability. Moreover, training on samples with high CHES scores leads to severe likelihood
displacement, whereas training on samples with low CHES scores leads the preferred responses to
increase in log probability.

CHES score is more indicative of likelihood displacement than alternative measures. In contrast
to the CHES score, the edit distance of preferences and the inner product between their last hidden
embeddings do not correlate well with likelihood displacement. Moreover, these measures failed

3The Oth and 100th percentile subsets include the 512 samples with lowest and highest scores, respectively.
4 A lower (normalized) edit distance between y ™ and y ~ corresponds to a higher similarity.
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to identify samples leading to likelihood displacement: across all similarity percentiles, the log
probability of preferred responses only increased.

Additional experiments. Appendix K.3 reports similar findings for experiments using: (i) the
AlpacaFarm dataset instead of UltraFeedback (Figure 5); or (ii) IPO instead of DPO (Figure 6).

Qualitative analysis. Appendix K.3 further includes representative samples with high and low CHES
scores (Tables 14 and 15, respectively). A noticeable trait is that, in samples with a high CHES score,
the dispreferred response is often longer than the preferred response, whereas for samples with a
low CHES score the trend is reversed (i.e. preferred responses are longer). We find that this stems
from a tendency of current models to produce, for different responses, hidden embeddings with a
positive inner product (over 99.5% of such inner products are positive, across the considered models
and datasets). As a result, for samples with longer dispreferred responses the CHES score comprises
more positive terms than negative terms.

B Conclusion

While direct preference learning has been widely adopted, there is considerable uncertainty around
how it affects the model (cf. Xu et al. [53], Chen et al. [6]). Our theory and experiments shed light
on the causes and implications of one counter-intuitive phenomenon — likelihood displacement.
We demonstrated that likelihood displacement can be catastrophic, shifting probability mass from
preferred responses to semantically opposite ones, which can result in unintentional unalignment
when training a model to refuse unsafe prompts. Intuitively, these failures arise when the preferred
and dispreferred responses are similar. We formalized this intuition and derived the centered hidden
embedding similarity (CHES) score (Definition 2), which effectively identifies samples contributing
to likelihood displacement in a given dataset. As an example for its potential uses, we showed
that filtering out samples with a high (length-normalized) CHES score can prevent unintentional
unalignment. More broadly, our work highlights the importance of curating data with sufficiently
distinct preferences, for which we believe the CHES score may prove valuable.

B.1 Limitations and Future Work

Theoretical analysis. Our theory focuses on the instantaneous change of log probabilities, and
abstracts away which neural network architecture is used for computing hidden embeddings. Future
work can extend it by studying the evolution of log probabilities throughout training and accounting
for how the architecture choice influences likelihood displacement.

Occurrences of catastrophic likelihood displacement. While our findings reveal that likelihood
displacement can make well-intentioned training result in undesirable outcomes, we do not claim that
this occurs universally. Indeed, direct preference learning methods have been successfully applied for
aligning language models [48, 21, 23, 8]. Nonetheless, in light of the growing prominence of these
methods, we believe it is crucial to detect additional settings in which likelihood displacement is
catastrophic.

Utility of the CHES score. We demonstrated the potential of the (length-normalized) CHES score for
filtering out samples that cause likelihood displacement. However, further investigation is necessary
to assess its utility more broadly. For example, exploring whether data filtering via CHES scores
improves performance in general instruction following settings, or whether CHES scores can be
useful in more complex data curation pipelines for selecting distinct preferences based on a pool of
candidate responses, possibly generated from a diverse set of models.

C Related Work

Preference learning. There are two main approaches for aligning language models based on
preference data. First, RLHF (or RLAIF) [60, 42, 30, 5], which requires fitting a reward model
to a dataset of human (or Al) preferences, and then training the language model to maximize the
reward via RL. While often effective for improving the quality of generated responses, RLHF is
computationally costly and can suffer from instabilities of [58, 39]. This has led to the rise of direct
preference learning methods, which directly train the language model to increase the probability of
preferred responses relative to dispreferred responses, as popularized by DPO [37] and its numerous
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variants (e.g., Zhao et al. [57], Azar et al. [3], Tang et al. [44], Xu et al. [52], Ethayarajh et al.
[10], Meng et al. [27])

Analyses of direct preference learning. Prior work mostly established sample complexity guar-
antees for DPO (or a variant of it) when the training data obeys a specific, stringent structure [19]
or provides sufficient coverage [25, 41, 18]. Additionally, Im and Li [20], Feng et al. [11] studied
the rate of optimization when performing DPO. More relevant to our work is Chen et al. [6], which
demonstrated that DPO can fail to correct how a model ranks preferred and dispreferred responses.
While related, this phenomenon is distinct from likelihood displacement. In particular, when likeli-
hood displacement occurs the probability of preferred responses is often higher than the probability
of dispreferred responses (as illustrated in Figure 1 and was the case in the experiments of Sections 3
and 5 and Appendix A).

Likelihood displacement. The relation of our results to existing claims regarding likelihood dis-
placement was discussed throughout the paper. We provide in Appendix D a consolidated account.

Jailbreaking and Unalignment. Aligned language models are vulnerable to jailbreaking through
carefully designed adversarial prompts [54]. However, even when one does not intend to unalign a
given model, Qi et al. [36], He et al. [16], Zhan et al. [56], Lyu et al. [26] showed that performing
SFT over seemingly benign data can result in unalignment. The experiments in Section 5 provide a
more extreme case of unintentional unalignment. Specifically, although the models are trained with
the sole purpose of refusing unsafe prompts, likelihood displacement causes the refusal rate to drop,
instead of increase.

D Relation to Existing Claims on Likelihood Displacement

Throughout the paper, we discussed how our results relate to existing claims regarding likelihood
displacement. This appendix provides a concentrated account for the convenience of the reader.

Similarity of preferences. Tajwar et al. [43] and Pal et al. [31] informally claimed that samples with
similar preferences are responsible for likelihood displacement. Our theoretical analysis (Section 4)
formalizes this intuition, by proving that similarities between the embeddings of preferred and
dispreferred responses drives likelihood displacement.

Dataset size and model capacity. Tajwar et al. [43] also attributed likelihood displacement to the
presence of multiple samples or a limited model capacity. Section 3 demonstrates that likelihood
displacement can occur independently of these factors, even when training a 8B model on a single
simple. Though as we characterize in Appendix G.2.3, having multiple training samples can contribute
to the severity of likelihood displacement.

Preferences with small edit distance. Pal et al. [31] showed in controlled settings that preferences
with a small edit distance can lead to likelihood displacement. However, as the experiments in
Appendix A demonstrate, in more general settings edit distance is not indicative of likelihood
displacement. In contrast, the CHES score (Definition 2), which measures similarity based on hidden
embeddings, accurately identifies samples contributing to likelihood displacement.

Initial SFT Phase. Rafailov et al. [38] suggested that likelihood displacement occurs due to the
initial SFT phase in the direct preference learning pipeline (see Section 2). Our experiments and
theory refine this claim by showing that likelihood displacement can occur regardless of whether a
model undergoes an initial SFT phase or not (Sections 3 and 4).

Prior sightings of catastrophic likelihood displacement. Prior work observed that DPO can
degrade the performance on math and reasoning benchmarks [31, 55, 32, 27]. This can be considered
as a special case of catastrophic likelihood displacement. We note that, because in those settings
usually only a few responses are correct, any likelihood displacement is catastrophic. Our work
demonstrates that likelihood displacement can be catastrophic even in settings where there are many
acceptable responses, and reveals its adverse effects for safety alignment.

E Length-Normalized CHES Score

In Section 4 we derived the CHES score (Definition 2), which for a given model and preference sample
(x,y*,y ™), measures the similarity of y* and y~ based on their hidden embeddings. Appendix A
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then demonstrated on standard preference learning datasets (UltraFeedback and AlpacaFarm) that
samples with high CHES scores contribute most to likelihood displacement. Though, as discussed in
Appendix A, due to the embedding geometry of current models, CHES scores often correlate with
the lengths of responses. Thus, to avoid introducing a length bias when filtering data in Section 5.3,
we apply the following length-normalized variant of CHES.

Definition 3. For a preference sample (x,y ",y ™) € D, we define the length-normalized CHES
score of y* and y~ with respect to a model 7y by:

I _ 1 Iyt ly~I | \
CHESX(y+’y ) = 77< 213;1 hx’y:k ’ Z}::l hx’y;k/> y+‘ HZ ; ’y<k

y*lly~|

v hidden embeddings y~ hidden embeddings

where hy ,_, denotes the hidden embedding that the model produces given x and the first k — 1
tokens of z € V*. We omit the dependence on 7y in our notation as it will be clear from context.

F Common Instances of the Analyzed Preference Learning Loss

As discussed in Section 2.2, the preference learning loss £ (Equation (2)) considered in our analysis
generalizes many existing losses, which are realized by different choices of / + -, for a preference

sample (x,y ™,y ™). The choice of Ly y+ 5~ corresponding to each loss is given below.

DPO [37]. The DPO loss can be written as:

+ + +
beye s (ln m)(y_IX)) o 1na<5 (ln 779(}’_ %) wref(y_IX)>> ’
To(y~[x) mo(y~[x) Tret (Y~ [X)
where 7yo¢ is some reference model, 8 > 0 is a regularization hyperparameter, and o : R — [0, 1]
denotes the sigmoid function.

IPO [3]. The IPO loss can be written as:
+ + + 1\2
ey (22 o (1 D) o) 1Y
77

mo(y~[x) o(y~1x) et (Y7 [x) 27

where 7.r is some reference model and 7 > 0 is a hyperparameter controlling the target log
probability margin.

SLiC [57]. The SLiC loss can be written as:
7r9(y+|x)> { mo(y " |x) }
Uy | In——= ) :=max{ 0,0 — In ———=
( oy~ [x) mo(y %)

where 0 > 0 is a hyperparameter controlling the target log probability margin. We note that our
assumption on {y y+ ,— being monotonically decreasing in a neighborhood of In g, (y*|x) —
In 7y, (y ~|x) holds, except for the case where the loss for (x,y ™,y ™) is already zero at initializa-
tion (recall 6;y,;; stands for the initial parameters of the model).

REBEL [13]. The REBEL loss can be written as:
+ + + 2
Uy y+ y- <1n 7r9(y_|x)) : ( <h mo(y"x) In Wmf(y_b()) —r(x,y") +r(x,y‘)> ,
n

mo(y~ |x) o(y~1x) Tret (Y7 [X)

where 7. is some reference model, 7 > 0 is a regularization parameter, and 7 is a reward model.

GPO [44]. GPO describes a family of losses, which can be written as:

+ + (v
beyey- <1n 7ro(.V_ X)) - (ﬂ <1H WG(Y_ %), et (.V_ X))> ’
o (y |X) o (y ‘X) 71-ref(y |X)
where 7, is some reference model and f : R — R is convex and monotonically decreasing in a

neighborhood of In g, .. (y|x) — Inme, ., (y~|x) (recall 6;, stands for the initial parameters of the
model).
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G Opverview: Theoretical Analysis of Likelihood Displacement

G.1 Technical Approach

Given a prompt x, the probability that the model 7y assigns to a response z is determined by the
hidden embeddings hy,hy ,_,, ..., hx7Z<|z‘ and the token unembeddings W (Equation (1)). Our
analysis relies on tracking their evolution when minimizing the loss £ (Equation (2)). To do so, we
adopt the unconstrained features model [29], which amounts to treating hidden embeddings as directly
trainable parameters. Namely, the trainable parameters are takentobe § = {h, : z € V*} U {W}.
This simplification has proven useful for studying various deep learning phenomena, including neural
collapse (e.g., Zhu et al. [59], Ji et al. [22], Tirer et al. [46]) and the benefits of language model
pretraining for downstream tasks [40]. As verified in Appendix A and Section 5, it also allows
extracting the salient sources of likelihood displacement.’

Language model finetuning is typically done with small learning rates. Accordingly, we analyze the
training dynamics of (stochastic) gradient descent at the small learning rate limit, i.e. gradient flow:
49(t) = —VL(0(t)), where 0(t) denotes the parameters at time ¢ > 0 of training. Note that under

gradient flow the loss is monotonically decreasing.® Thus, any reduction in the log probabilities of
preferred responses constitutes likelihood displacement (c¢f. Definition 1).

G.2 Overview of the Main Results
G.2.1 Single Training Sample and Output Token

It is instructive to first consider the case of training on a single sample (x,y ™,y ™), whose responses
yT € Vand y~ € V contain a single token. Theorem 1 characterizes how the token unembedding
geometry determines when % In To(t) (yJr |x) is negative, i.e. when likelihood displacement occurs.
Theorem 1 (Informal version of Theorem 4). Suppose that the dataset D contains a single sample
(x,yT,y7), withy™ € Vandy~ € V each being a single token. At any time t > 0 of training,
% In 7y (y*|x) is more negative the larger the following term is:

(Wyr (0 Wy () + D0 gy 0GR (W0, Wy () = Wy ()

preferences unembedding alignment alignment of other token with W (t) — W __ (t)

where W ,(t) denotes the token unembedding of z € V at time t.

Two terms govern the extent of likelihood displacement in the case of single token responses. First,
(Wy+(t), Wy, (t)) formalizes the intuition that likelihood displacement occurs when the preferred
and dispreferred responses are similar. A higher inner product in unembedding space translates to a
more substantial (instantaneous) decrease in In 7y, (y *|x). Second, is a term which measures the
alignment of other token unembeddings with W+ (t) — W, (¢), where tokens deemed more likely
by the model have a larger weight. The alignment of token unembeddings with W (t) — W, (¢)
also determines which tokens increase most in log probability.

Theorem 2 (Informal version of Theorem 5). Under the setting of Theorem 1, for any time t > 0
and token z € V \ {y™,y ™} it holds that 2 In () (z]x) o< (W_(t), Wy+(t) — Wy (t)), up to
an additive term independent of z.

The direction W+ (t) — W, () can be decomposed into its projection onto W+ (¢) and a compo-
nent orthogonal to W, (¢), introduced by Wy, (¢). Thus, tokens increasing in log probability can
have unembeddings that mostly align with directions orthogonal to W+ (t), especially when the
component orthogonal to W+ (t) of W+ (t) — W,,— () is relatively large (which we often find to
be the case empirically; see Table 13 in Appendix K.1). Given that token unembeddings are known to
linearly encode semantics [28, 2, 33], this provides an explanation for why the probability mass can
shift to tokens that are semantically unrelated or opposite to the preferred token, i.e. why likelihood
displacement can be catastrophic even in simple settings (as observed in Section 3).

5In contrast to prior theoretical analyses of likelihood displacement, which consider stylized settings (e.g.,
linear models and cases where the preferred and dispreferrred responses differ only by a single token), whose
implications to more realistic settings are unclear [31, 12, 41].

®Except for the trivial case where 0(0) is a critical point of £, in which £(8(t)) = £(6(0)) for all > 0.
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G.2.2 Responses with Multiple Tokens

We now extend our analysis to the typical case where responses are sequences of tokens. As shown
below, the existence of multiple tokens in each response introduces a dependence on their (contextual)
hidden embeddings.

Theorem 3 (Informal version of Theorem 6). Suppose that the dataset D contains a single sample
(x,yt,y7), withy™ € V* and y~ € V*. At any time t > 0 of training, in addition to the
dependence on token unembeddings identified in Theorem 1, % In gy (yT|x) is more negative the
larger the following term is:

Iy "l ly | Iyl ly*
- +
D> e ® - (hys (b, (0) =D 3 af - (heys, (0B (1)),
k=1k'=1 k=1k'=1
preferred-dispreferred alignment preferred-preferred alignment

where h,(t) denotes the hidden embedding of z € V* at time t, and (1), azk/ (t) € [-2,2] are
coefficients determined by the model’s next-token distribution for prefixes of y™ and y~.

Theorem 3 establishes that the alignment of hidden embeddings, of both the “preferred-dispreferred"”
and “preferred-preferred" types, affects likelihood displacement. A larger inner product leads to
an upwards or downwards push on In w@(t)(yﬂx), depending on the sign of the corresponding
O g (t) or a; w (1) coefficient. Empirically, we find that these coefficients are mostly positive across
models and datasets; e.g., the OLMo-1B, Gemma-2B, and Llama-3-8B models and the UltraFeedback
and AlpacaFarm datasets (see Appendix K.2 for details). By accordingly setting all coefficients
in Theorem 3 to one, we derive the centered hidden embedding similarity (CHES) score between
preferred and dispreferred responses (Definition 2). Our analysis indicates that a higher CHES score
implies more severe likelihood displacement. Appendix A empirically verifies this relation, and
demonstrates that the CHES score is significantly more predictive of likelihood displacement than
other plausible similarity measures.

Our analysis also provides insight into which responses increase most in probability at the expense
of y*. Theorem 7 in Appendix H.2 derives the dependence of ln To(+)(z|x), for any response
z € V*, on the alignment of its hidden embeddings with those of y and y . However, in general
settings, it is difficult to qualitatively describe the types of responses increasing in probability, and
whether they constitute benign or catastrophic likelihood displacement. Section 5 thus demonstrates
the (harmful) implications of likelihood displacement in settings where responses can be easily
categorized into benign or catastrophic. We regard studying the question of where the probability
mass goes in additional settings as a promising direction for future work.

G.2.3 Multiple Training Samples

Appendices G.2.1 and G.2.2 showed that likelihood displacement may occur regardless of the dataset
size. Nonetheless, increasing the number of training samples was empirically observed to exacerbate it
[43]. Appendix H.3 sheds light on this observation by characterizing, forany (x,y*,y ™) € D, when
additional training samples lead to a larger decrease in In gy (y |x). This unsurprisingly occurs
when y ™ appears as the dispreferred response of other prompts, i.e. there are contradrctmg samples.
We further establish that additional training samples can contribute negatively to 7 1n o) (Y Tx)
even when their preferences are distinct from those of x.

H Formal Analysis of Likelihood Displacement

This appendix delivers the formal analysis overviewed in Appendix G.2. Appendices H.1 to H.3 cover
the results discussed in Appendices G.2.1 to G.2.3, respectively. We refer the reader to Appendix G.1
for the technical setting of the analysis.

Notation. We use W (t), W (t), and h,(¢) to denote the token unembedding matrix, token unem-
bedding of a token z € V, and hidden embedding of z € V* at time ¢ > 0, respectively. We let zy,
be the kth token in z and z., be the first £ — 1 tokens in z. Lastly, with slight abuse of notation,
we shorthand £, . (t) == £, . (Inmy) (y*|x) — Inmy) (y~[x)) for a preference sample

(x,yt,y") € D Where e _ stands for the derivative of £y y+

x,yt,y D2
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H.1 Single Training Sample and Output Token (Overview in Appendix G.2.1)

We first consider the case of training on a single sample (x,y ",y ) € D, whose responses y ™ € V
and y~ € V contain a single token. Theorem 4 characterizes the dependence of % In g4 (yT|x) on
the token unembedding geometry (proof deferred to Appendix J.1).

Theorem 4. Suppose that the dataset D contains a single sample (x,y T,y ™), withyt € V and
Yy~ €V each being a single token. At any time t > 0 of training:

d
It In To(t) (y+ x)

= Lyt y- (1) {m(t) — (1 =m0y (" 1%) + Ty (y 7 [%)) - (Wi (£), Wy— (1))

preferences unembedding alignment

B ZzeV\{yJﬁy‘} We(t)(Z|X) ' <Wz(t)’ WW (t) - Wy* (t)> } s

alignment of other token with Wy+ (t) — Wy, (t)

where =l ., __(t) > 0and m(t) is a non-negative term given by:

m(t) = (1= mo(y(y %)) - Wy @) + 7o (v 715 - [Wy- ()]

+ (1= mo (1) + o (y 1) - (@)

Two terms in the derived form of - Inmy(4)(yT|x) can be negative, and so are responsible for
likelihood displacement in the case of single toke responses. First, the term — (W+ (), Wy— (),
which formalizes the intuition that likelihood displacement occurs when the preferred and dispreferred
responses are similar. A higher inner product translates to a more substantial (instantaneous) decrease
in Inmy(y) (yT|x). Second, is a term measuring the alignment of other token unembeddings with
W+ (t) — Wy, (), where tokens deemed more likely by the model have a larger weight. Theorem 5
shows that the alignment of token unembeddings with W+ () — W, (¢) also dictates which tokens
increase most in log probability, i.e. where the probability mass goes (proof deferred to Appendix J.2).

Theorem 5. Under the setting of Theorem 4, for any time t > 0 and token z € V\ {y*,y " }:

gy (21%) = gy (8) - [(W(0). Wy (1) = Wy (1)) +e0)]

dt
where —C, . __(t) > 0and c(t) is a term that does not depend on z, given by:
e(t) == (mory (v~ %) = oy (v %)) B (DI” = D 7oy (2']5) (W (), Wy (8) = Wy (2)) -
2'eVy

H.2 Responses with Multiple Tokens (Overview in Appendix G.2.2)

Moving to the typical case, in which the responses y ™ € V* and y~ € V* are sequences of tokens,
assume for simplicity that yf #y1 . Extending the results below to responses y ™ and y~ that share
a prefix is straightforward, by replacing terms that depend on y;” and y; with analogous ones that
depend on the initial tokens in which y ™ and y~ differ.

In the case of single token responses (Appendix H.1), there are two terms that contribute to likelihood
displacement. For any time ¢ > 0 and (x,y ™,y ™) € D, if one minimizes the preference learning
loss only with respect to only the initial tokens of y* and y~, then these terms are given by:

Syt s (1) 1= = (1= 00 (77 1) + o) (71 %)) - (Wi (6), Wy (1))
- ZZEV\{yT,y;} To(t) (Z|X) ’ <Wz (t)v Wyi%— (t) — Wy1_ (t)> .

Theorem 6 establishes that, in addition to the above initial token contribution, likelihood displace-
ment depends on an alignment between the hidden embeddings of y* and y~ (proof deferred to
Appendix J.3).

3)
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Theorem 6. Suppose that the dataset D contains a single sample (x,y*,y ™), withy™ € V* and
y~ € V* satisfying y| # yi. At any time t > 0 of training:

o In To(t) (y+ %)

—L, () [m(t) + Sy;ryyl (t)

Iy "y~ | Iy "l Iyt
- +
- Y a0 <hx7y4<rk(t) . >+ DI TIOR < (b (t)>] ,
k=1k'=1 k=1k'=1
preferred-dispreferred alignment preferred-preferred alignment

where —ly v+ y-(t) > 0, the coefficients cy, 1. (t), a;k/(t) € [—2,2] are given by:

O‘];k/ = <eykJr - Zzev To(t) (Z|X7 y:k) 1€z, ey;/ - ZZEV To(t) (Z|X, y;k/) . ez> s
g 1= <‘3yk+ =D Ty e =D w2y L) - ez> ,

with e, € R? standing for standard basis vector corresponding to z € V, and m(t) is the following
non-negative term:

m(t) = (1= o0 (v 59) - [ W )]+ o0 (v o) - [ Wry 0

\y | )
HW Zzevﬂe(t)(dx’y:k) Wz(t)H '

The evolution of In 7y (y* \x) is governed by: (i) the initial token unembedding geometry (analo-
gous to the characterization in Theorem 4); and (ii) the alignment of hidden embeddings, both of
the “preferred-dispreferred” and the “preferred-preferred"” types. As discussed in Appendix G.2.2,
whether a larger inner product between hidden embeddings results in an upwards or downwards push
on In () (y*[x) depends on the sign of the corresponding av ;. (t) or oz,i', w (t) coefficient. Since
empirically these coefficients are mostly positive across models and datasets, Theorem 6 indicates
that a higher CHES score (Definition 2) implies more severe likelihood displacement.

Regarding where the probability mass goes when likelihood displacement occurs, for any z € V*,
Theorem 7 derives the dependence of - In7g(+)(2z]x) on the alignment of z’s hidden embeddings

with those of y™ and y~ (proof deferred to Appendix J.4). We assume for simplicity that the initial
token of z; is not equal to the initial tokens of y™ and y~. If z shares a prefix with y T, then the same
characterization holds up to additional terms that generally push In 7y, (z|x) upwards. Similarly, if

z shares a prefix with y~, then there will be additional terms that push In ;) (z|x) downwards.

Theorem 7. Under the setting of Theorem 6, let z € V* be a response satisfying z1 ¢ {y{,yi }. At
any time t > 0 of training:

it In 7y t)( z|x)

A () {c(t) + <Wzl(t)>Wy1+ (t) =Wy, (t)>

alignment of first token unembeddings

|zl 1y~| lz| |y*|
Y Y A0 (B Oty 0) + 30 3 80 (e by ()]
k=1k'=1 k=1k'=1
z-dispreferred alignment z-preferred alignment

where —ly v+ y~(t) > 0, the coefficients B3, (t ),B,ik,(t) € [—2,2] are given by:

By = <ezk — Zzev o) (2|X, Z<k) el — ZZEV o) (21X, Y 2 ) ~ez> ,
Bl—:,k’ = <ezk - ZZGV o(t ( |X Z<k) ezaey;r/ - ZZEV 779(15)('2|X;y1_k/) . ez> ,

and c(t) is the following term that does not depend on z:

e(t) == mon(=1x) <WZ (1), Wy () ~ W, - (t)> .
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H.3 Multiple Training Samples (Overview in Appendix G.2.3)

In this appendix, we consider the effect of having multiple training samples, focusing on the case
where responses consist of a single token. Namely, for a preference sample (x,y*,y~) € D,
Theorem 8 characterizes when additional training samples lead to a larger decrease in In 7y (y %)
(proof deferred to Appendix J.5). For conciseness, we make the mild assumption that no prompt
appears twice in D, as is common in real-world preference datasets.

Theorem 8. Suppose that all preferred and dispreferred responses in the dataset D consist of a
single token each, and that no prompt appears twice (i.e. each prompt in D is associated with a single
pair of preferred and dispreferred tokens). For any time t > 0 of training and (x,y ",y ™) € D:

Lyt y- @)

B [+ Sy )

d
o In To(t) (y+|x) =

same sample contribution, as in Theorem 4

_gi”c,y+,5,— (t)

'xf(t'hxt,h;(t B
+ Z(i,y*,)”'*)eD\{(xnyr,yf)} "D| Qx, ( ) < ( ) ( )>

contribution due to (X, vty )

where m(t) is the non-negative term defined in Theorem 4, Sy+ () (defined in Equation (3))

encapsulates terms contributing to likelihood displacement when training only over (x,y ™,y ™), and
the coefficient ax x(t) € [—2, 2] is given by:

axx(t) =1y =37 —1[y" =57] + 7o) (57 |x) — Moy 3 |%),
with 1 [-] denoting the indicator function.

In the theorem above, m(t) 4+ Sy+ - (t) is identical to the terms governing likelihood displacement
when training only on (x,y ™,y ™) (characterized in Theorem 4). The contribution of each additional
sample (X,y7,57) € D\ {(x,y",y ")} to & Inmy( (y " |x) is captured by:

'ax75c(t) : <hx<t)a hi(t» .

When does (x,y1,y~) contribute negatively to % In 7o) (yT|x)? First, typically —¢, 5+ 5- (t)
is positive. Under the DPO loss this always holds (see Lemma 1), while for other losses it holds
at least initially since /5 y+ - is monotonically decrease in a neighborhood of In 7 (g) (¥ [%) —
In 7y (0) (¥ 7[X). As for (hy(t), hx(t)), we empirically find that the hidden embeddings of prompts in
a given dataset almost always have positive inner products, across various models. Specifically, for
the OLMo-1B, Gemma-2B, and Llama-3-8B models, all such inner products over the “ends justify
means" subset of the Persona dataset are positive. This implies that (X, y ™,y ™) usually pushes
In o) (y T |x) downwards when % (t) < 0.

Recall that:
axx) =1yt =y -1y " =y + 7m0y |x) — moy ¥ T[x%) -
There are two cases in which ax x(t) < 0:

1. (contradicting samples) when y* = ¥, i.e. the preferred token of x is the dispreferred token of
x; and

2. (non-contradicting samples) when y™ ¢ {y7, 57} and my() (¥ |x) < (1) (¥7]%).

While the first case is not surprising, the second shows that even when the preferences of x and
x are distinct, the inclusion of (x,y™",y ™) in the dataset can exacerbate likelihood displacement
for x. Furthermore, as one might expect, Theorem 9 establishes that (X, y*,y ™) encourages the
probability mass conditioned on x to shift towards y*, given that (hy(t), h(¢)) > 0 (proof deferred
to Appendix J.6).
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Theorem 9. Under the setting of Theorem 8, for any time t > 0 of training, (x,y*,y~) € D, and
token z € V:

d — Uy g+ y—(t
— Inmgy(2]x) = c(t) + 3|,D|y()

dt ’ <W2(t)va+ (t) - Wy* (t)>

same sample contribution, as in Theorem 5
= 5+ 5- ()
xyTy —ot] _ — -
" Z(x,ytr)ev D) (e =57] = 1]z =57]) tha(t). be(0))

contribution due to (X, vy~ )

where 1 [-] denotes the indicator function and c(t) is a term that does not depend on z, given by:

)= T ST ) (W (0, Wy (0) = Wi 1)

_6;,}%,9— (t)

+ Z(i,yty*)eD T(M(t) (¥ %) = mo) (¥71%)) (hue(t), g (t)) .

I Losses Including SFT Regularization or Different Weights for the
Preferred and Dispreferred Responses

Some preference learning losses include an additional SFT regularization term, multiplied by a
coefficient A > 0 (e.g., CPO [52], RPO [25], and BoNBoN [15]). Namely, for a preference dataset D,
such losses have the following form:

£5(0) = Epxy y 1o byt~ (N0 (y %) = Inmoly~[x)) = A Inmoly |x)], @)

where /y + - : R = R is convex and differentiable, for (x, y*,y7) € D (¢f. Equation (2)).
Other loss variants give different weights to the log probabilities of preferred and dispreferred
responses within £y y+ .. For example, SimPO [27] weights them by the reciprocal of their lengths,
and DPOP [31] adds an additional constant factor to the preferred response log probability.” This
type of losses can be expressed as:

L0(0) = Byt iy on [yt y- (Mg y - moly %) = ALy o - Inmy™[0)] . )

where /\:’y+7y_ , /\;,y+7y_ > 0 can depend on properties of (x,y™,y ™) € D. Furthermore, as dis-

cussed in Section 2.2, we assume that £, y+ — is monotonically decreasing around the initialization
(otherwise it does not encourage increasing the gap between the log probabilities of the preferred and
dispreferred responses). This mild assumption is upheld by all aforementioned losses.

The following Appendix 1.1 extends our analysis from Appendices G.2.1 and G.2.2 to the losses in
Equations (4) and (5). In particular, we formalize how adding an additional SFT term, or assigning
the preferred response a larger weight than that of the dispreferred response, can help mitigate
likelihood displacement. Indeed, such modifications to the loss were proposed by Pal et al. [31], Liu
et al. [25], Pang et al. [32], Gui et al. [15] with that purpose in mind. We note, however, that our
experiments in Section 5 reveal a limitation of this approach for mitigating likelihood displacement
and its adverse effects, compared to improving the data curation pipeline.

I.1 Theoretical Analysis: Effect on Likelihood Displacement

We consider the technical setting laid out in Appendix G.1, except that instead of examining gradient
flow over the original preference learning loss £ (Equation (2)), we analyze the dynamics of gradient
flow over Lg (Equation (4)) and L, (Equation (5)):

d d

£9s(t) = _VLS(GS(t)) s %ew(t) = _v‘cw(ew(t)) ,12>0.

"The additional weight in the DPOP loss is only active when the preferred response log probability is below
its initial value.
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For any (x,y ",y ™) € D, the evolution of In 7y, (y|x) when minimizing the original loss £ via
gradient flow is given by:

d
; Inmy (yt|x) = -4, ~(0(t)) (VInmyy (yt|x), VInmye (ytx) — Vinmge (yT|x)) .

dt
where £ . (0(1)) =€, i - (Inmg) (yT|x) — Inmg() (y~[x)). Let us denote the term on the
right hand side above, evaluated at some point 6 instead of 6(t), by:

E0) = -1 _(0) <V1n7rg( *x), Vinmg(y T |x) — Vlnﬂg(y+|x)>

x,yt,y

x,yt,y

Proposition 1 establishes that, when minimizing Lg via gradient flow, the preferred response log
probability evolves according to £(fs(t)), i.e. according to the evolution dictated by the original
loss £, and the additional positive term X - ||V In 7, ) (y %) ||*. Proposition 2 analogously shows
that, when minimizing L, via gradient flow, the evolution of the preferred response log probability
depends on & (6., (t)) (up to a multiplicative factor), and y(t) - ||V In 7y, ;) (y T|x) %, where () > 0

- > AL Yty . This implies that, as expected, adding an SFT regularization term,
or ass1gn1ng the preferred response a larger weight than the dispreferred response, encourages the

preferred response log probability to increase.

The proofs of Propositions 1 and 2 are given in Appendices J.7 and J.8, respectively.

Proposition 1. Suppose that the dataset D contains a single sample (x,y*,y ™), withy™ € V* and
Yy~ € V* satisfying yf # y, . When minimizing Lg (Equation (4)) via gradient flow, at any time
t > 0 it holds that:

d
7w (o (v TIx) = E@0s(1)) + A+ ||V I (v ) |

Proposition 2. Suppose that the dataset D contains a single sample (x,y*,y ™), withy™ € V* and
y~ € V* satisfying yf‘ # y1 . When minimizing L, (Equation (5)) via gradient flow, at any time
t > 0 it holds that:

d
— o, ) (T 1%) = p(t) - E(Ow (1)) +1(#) - |V In, 1) (v 1) | ’

s

with p(t) == AL 4 - % and (t) == ()\:er v~ Mgty ) [FR(Ow(2))], where:

x,y+,y (
(0w () =L e, (A;yty, g, (5 (y %) — ALy, -In wew(t)(y_|x)) <0.
J Deferred Proofs

J.1 Proof of Theorem 4

By the chain rule:

<VIH7T9(f)(y |X)vdt (t)>

=l gty ) - (VInmyey (yt|x), Vinmge (ytx) — Vinmge (v |x)) -
(6)

7 In 74 (y"|x)

For any token z € V the gradient of In 7y (2|x) at 6(t) consists of two components:
Vw In o (2]%) = (ez =3 () ez,)h,f(t) ,
/
Vh, In Ty (2]x) = W_(t) Zz/ev o) (2']x) - W (t),
where e, € R? denotes the standard basis vector corresponding to z. Thus:

Vw Iy (yTx) — Vw In o (v~ |x) = (ey+ — ey )hy (¢
Vi, o0y (y7[x) = Via, In 740 (y 7 [%) = Wyt () — Wy ()
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Going back to Equation (6), we arrive at:

d
7 In To(t) (y+ x)

g | (Wyrl0) = 3 7 (130 W0 Wy (0) = Wi (0)

+ <(ey+ - Zzev o) (2]x) - ez)h;';(t)7 (ey+ — ey)hl—(t)>} .
Noticing that { (ey+ — Y, oy, To) (%) - €2)hy} (t), (ey+ — ey- )h, (¢)) amounts to:

(1= o) (¥ 1%) + 7o) (v~ %)) - [ha(8)],

the desired result readily follows by rearranging the equation above. Lastly, we note that Lemma 2
implies that —fy + ,— (t) > 0. O

J.2 Proof of Theorem 5

We perform a derivation analogous to that in the proof of Theorem 4 (Appendix J.1).

By the chain rule:

d
o hlﬂ'g(t)(Z‘X) = <V1D7T9(t)(Z‘X), %9(t)> 7
=l gy () - (VInmye) (2]x), Vinmg) (yT[x) — Vinmgey (v~ |x)) -

For any token y € V the gradient of In 7y ;) (y(x) at 0(t) consists of two components:
T
Vw oo () = (e, = D, oo (4/1) - ey )R (1)
Vi, In 7o) (y[x) = Wy (t) — Zy,ev o) (' [%) - Wy (2).
where e, € R? denotes the standard basis vector corresponding to y. Thus:

Vw Inmg) (yTx) — Vw In o (v~ |x) = (ey+ — ey )hy (1),
Vi, In 701y (y 7 [x) = Vi, In gy (y7 %) = Wy (t) = Wy (1) .
Going back to Equation (7) thus leads to:

d
7 In 74 (2]%)

=ty (0| (W)= 3 7o () W0 W 0~ Wy (1))

+ <(ez - Zz/ev o) (2/[x) - e21>h1(t), (ey+ — ey)hl(t)>] :
Noticing that { (e, — Y, cy, To( (2/|%) - €. )hl (), (ey+ — ey- )h (¢)) amounts to:

(o) (y 7 1%) = Ty (y 7 1)) - [Ihu(t)

the desired result readily follows by rearranging the equation above. Lastly, we note that Lemma 2
implies that —fy + — (£) > 0. O

2
[

J.3 Proof of Theorem 6

Notice that, for any z € V*, the gradient V In 7y, (z|x) consists of the following components:

|z|

Vw I (21x) = D° 7 (enn = D0 o (3Ix,22) - e )b, (1),

Vi, In 7y (2x) = W, (1) — Zzev Tow (2[x,2<1) - Wo(t) , ke {l,....|z]}.

®)
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791 By the chain rule:

d
o In 7oy (y ™ |x) = <V1n7re(t (y %), 46(t))
=, ) - (V Inmoey (y* %), VInmg) (y*|x) — Vinmguy(y~[x)) -

T hx,yty

792 Thus:

d

—1In Wg(t)(y+|X)

dt

= Ly y- () - (VwInmoe) (yT1x), Vw In () (y T 1%) — Vi Inmg ey (v 7[x))
-7 ,(t)-<thln7rg()

| |
x,yt,y (Y1), Vi, In 770(1t)()"+|x) — Vi, Inmg) (y~ |X)>
Iy "] 2
ey 0D Vi, o T ()

793 Plugging in the expressions for each gradient from Equation (8) leads to:

d
S (%) =~y (8) [

dt
Eal Iyl
<Z (eﬁ =2 T+ y:k)ez>h;y2k(t) D (eyﬁ =D T (2lx e ) xyt (t)>
k=1 ZEV fr] =
I
Iyl -
<Z (e + = Zﬂ'e(t z|x, Y<Ic)ez) hTyik(t)’ Z ( Zﬂ'@(t) z|x, y<k')ez> th /(t)>
= il k=1 z€V <k
(02))
(I11)
Iyt . )
2 e HWY; OEDINN 7r9(t)(Z|X,y<k)Wz(t)H
Iv)

784 Now, the sum of (I17) and (IV) is equal to m(t) + Syt yo (t). Asto (I), forall k € {1,...,|y"|}
795 and k' € {1,...,|y"|} we have that:

+ T + T
<<eyk+ B Zzev o) (21, y<k)ez>hxa>'ik ®), (eyf& B ZzEV o) (21, y<’“’)ez>hx,y+ (t)>

<k’
= a0 (Beyr O.h s (@)

796 This implies that:

)

Iyl ly"l

D=3 3 afu® - (heys, (b (1)) -

k=1k'=1
797 An analogous derivation leads to:

ly* Iy~ |
=3 Y i (b (b, )
k=1k'=1
78 Combining (I), (IT), (II1I), and (IV') yields the desired expression for - In gy (y*[x). Lastly,
799 note that by Lemma 2 we have that —(, -+ ,—(t) > 0. O
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soo J.4 Proof of Theorem 7

go1  We perform a derivation analogous to that in the proof of Theorem 6 (Appendix J.3).

o2 Forany v € V*, the gradient V In ;) (v[x) consists of the following components:

[v|
Vw Inmyp (v]x) = Z (ev;e - Zzev o) (2|%, Vr) - ez)h:,lk(t) )

k=1

Vi, Iy (v]x) = Wy, () — Zzev Towy (2%, var) - W.(t) ke {l,....|v[]}.

go3 By the chain rule:

©))

d
glnﬂ'g(t) (z|x) = <V1n7r9(t (Z|X), %Q(t»
Lo gty () - (VInmgy (2]x), ViIn g (y %) — VInmge) (y~[x)) -
so4 Thus:

d
o hlﬂ'e(t (z ‘X)

U

= Ly y- (1) - (VwIn ) (2[%), Vw In o) (v %) = Vw In ) (y ™ %))

- ;(,er,y*( ) <th In 7o) (y T|x), Vi, In () (Y *|X) = Vh, lnﬂe(t)(y_|x)>
gos Plugging in the expressions for each gradient from Equation (9) leads to:

d
pn Inmyy (ytx) = £ vty [

|z] ly*|
< <ezk Z 7T0(t ‘X Z<k:) ) h)—lc—,z<k (t)’ Z (ey;r/ - Z To(t) (Z|Xa yik’) > hT7y , (t)>
k=1 ZEV k=1 z€V <*

(€3]

|z| ly~|
— < <ez,c Zﬂ'g(t z|x, z<k)ez> h;l;z<k(t), Z ( v Z To(t) (z]x, y<k/)ez> h;—y<k, (t)>
1

k= z€eV k'=1 z€V
(I1)
(War(6) = 30w (ZRIW(0), Wi (6) — W, (1)

(ITI)

gos  First, notice that (I11) = c(t) + <Wzl(t),Wy1+ (t) = W, (t)). Asto (I), forall k € {1,...,|z[}
g7 and k' € {1,...,|y"|} we have that:

<(e =3 o Gl zenes )l (0, (eys =D m(Ix, y:k,)ez)h;yzk/ (t)>
= B () - <hxyz<k(t), hy - (t)> .

<k’
gos This implies that:
|z |y*|
=2 D B0 (b () by ye ()
k=1k'=1
gog Similarly we get that:

Izl 1y~ |

= Z Z Broer (t) - <hx’z<"" (£): by, Y g (t)> .

k=1k'=1

sto  Combining (I), (1), and (I1I) yields the desired expression for % In 7g(+)(2]x). Lastly, note that
g11 by Lemma 2 it holds that —{y y+ —(t) > 0. O
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J.5 Proof of Theorem 8

Let Daqq := D\ {(x,y",y ")} be the dataset obtained by excluding (x,y ™,y ™) from D. By the
chain rule:

In g (er |x)

dt
= (VInmo (yF1x), $0(t))
!
R A () -
- % (Vinmoe) (v %), Vinmge) (y7[x) — Vinmge) (y~[x))
B
A () s o Ix
+ > %'<V1n779(t)(y+‘x)aVlnﬂe(t)(y+|x)_Vlnﬂ9(t)(y_|x)>’
(%,9%,97)€EDadaa (I1)

(10)
For any token z € ) and prompt X € V*, the gradient of In g4 (2|X) at 6(t) is given by:
Vw In o (21%) = (€2 = Y- 7o (2/1%) - e ) hi (1),
Vg In o (2]%) = W (2) — Zz’ev o (2']%) - Wi (1),

Where e, € R? denotes the standard basis vector corresponding to z. Furthermore, for any response
x’ # X it holds that Vy,_, Inmg(4)(2|X) = 0 since In 7y, (2|X) does not depend on hy (recall that
the hidden embeddings are treated as trainable parameters under the unconstrained features model).
Thus, focusing on term (1) from Equation (10):

(VInmou (yT1x), VInmee (y T[x) — VInmge (y~ [x))
= (Wye () =" o (21%) - W (1), Wy (£) = Wiy (1))
+{((eye =2 mow (21x) - €= ) B (1), (ey —ey-)hL (1)) -
Since ((ey+ — >, oy Mo (2[x) - €.)h (1), (ey+ — ey~ )h) (t)) amounts to:
(1= o (v ) + moey (v~ %)) - [l ()17
it readily follows that (1) = m(t) 4+ Sy+ - (t) by rearranging terms.
Moving on to term (I7) from Equation (10), for any (X,y*,y~) € D,qq we have that:
(VInmoe (v %), Vinmoe) (7[%) — VInmge (371%))
= <(ey+ — Zzev () (2]x) - ez>hl—(t)7 (ey+ — eyf)h;:(t)>
= (egs =" mo(elx) ez eqr — ey ) - (h(t), hs(t))

= axx(t) - (hx(1), hx (1)) -
Plugging (I) and (IT) back into Equation (10) concludes the proof. O

J.6 Proof of Theorem 9

We perform a derivation analogous to that in the proof of Theorem 8 (Appendix J.5).

Applying the chain rule:

d
7 In 7y (2/x)

= (VInmo (2[x), £0(t)) 11
P o
= > % (VInmye (2]x), VIn o) (§71%) — VInmge (¥71%)) -
(®5+3-)€D
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For any token y € ) and prompt X € V*, the gradient of In 7y (y|X) at 6(t) is given by:

Vw I (51%) = ey = D, mao)(/1%) - ey ) B (1)
Vi In o) (41%) = W () = 37 o (/1K) - W (1)

where e, € R? denotes the standard basis vector corresponding to 7. Furthermore, for any response
x’ # X it holds that Vi, , In g, (y|X) = 0 since In 7y, (y|X) does not depend on h, (recall that
the hidden embeddings are treated as trainable parameters under the unconstrained features model).
Focusing on the summand from Equation (11) corresponding to (x,y ™,y ™) we thus get:

(V In gy (2]%), V In gy (y+ %) — V In () (v~ %))
= (Wa() =" o) (%) - W (1), Wiy (8) = Wiy (1))
+ <(e =3 e () ez,)hl (1), (ey+ — ey~ )h] (t)> .
Since (€2 — ey Moo (%) - €2 )b (1), (ey+ — ey- )b (t)) amounts to:
(Tlz=y"]| —1[z=y7] =) (yT|%) + moe) (y %)) - (hx(t), hue(t))
it follows that:
(VInmy)(2]x), VInmee (y %) — VInmee (v~ [x))

= (Wa(t) Wy () = Wy () = 3, moro (') (W (6): Wy (6) = Wiy (1)

)
+(L[z=y"] —=1[z=y7] = mo)(y"|%) + mot) (y "[x)) - (he(t), he(2))
(12)

Now, for (x,y",y7) € D\ {(x,y",y ")}, the corresponding summand from Equation (11) can be
written as:

(VInmyy(2[x), VInme (yT1%) — VInmeu (¥~ [%))
- <(e = () ezz)h;— (1), (eg+ — eg-)hy (t)>

(13)
= (e =2, mo (%) - exrrege — ey ) - (he(t), (1))
=L[e=y"]-1[z=3"] = m)(FF|x) + mo() (§7[x)) - (hx(t), hx(t)) -
Plugging Equations (12) and (13) back into Equation (11) concludes the proof. O
J.7 Proof of Proposition 1
The proof readily follows by a straightforward application of the chain rule:
d
P In Tos(t) (y+|x)
= (VInmg ) (y™ %), %95(75»
<V In 7o (1) (y*lx), - by y+ ~(0s(t)) (V In mag (¢) (y*|x) = Vin Tos (t) (y* ‘X)) >
+ A HVIHT{'QS (yt|x) H
2
= E(bs(t) + X+ ||V In 7o, (v )7
where £ . (0s(t)) ==l v o (I g0y (yT[%) — In 7o) (v~ [%))- O
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J.8 Proof of Proposition 2

By the chain rule and a straightforward rearrangement of terms:

L g, (vt
= (Vinm, ) (y %), G (1))
= (O (1) (Vi ) (YA V) (YT — Ag ey Vinma, (3 ) )
= Ayt y HOu(1) - (Vinmg, o (yF]x), Vinm, o) (v |x) — VInmg, ) (v [x))
T (Vg = Ay oy ) RO O)] - [[VInmo (0 (1) |
= p(t) - £(04(6) + (1) - [ T ina, ) (3 )|
Lastly, steps analogous to those in the proof of Lemma 2 establish that 1(6y,(¢)) < 0. O

J.9 Auxiliary Lemmas

Lemma 1. For (x,y",y~) € D, suppose that ly y+ y,— corresponds to the DPO loss, i.e.:
- mo(y " |x) et (¥ ¥]x)
Uy vt v (Inmo(yT|x) — Inmy(y~|x ::—lna(ﬁ(ln —In ,
v (moly™h) = Inml(y” o) Ty ey~ [x)

where Tt is some reference model, 8 > 0 is a regularization hyperparameter, and o : R — [0, 1]
denotes the sigmoid function. Then, at any time t > 0 of training:

/

ey ty— (I (y7[%) — Inmy (v~ [%)) < 0.

Proof. A straightforward differentiation of /5 y+ - (u) at any u € R shows that:

ey () = =B a(ﬂ <ln Tret (V7 [%) u)> <0,

Teef (Y 7[X) -
O

Lemma 2. Suppose that the dataset D contains a single sample (x,y ™,y ™), with y* € V* and
Yy~ € V*. Then, at any time t > 0 of training:
/

xy+.y— (111 7T9(t)(Y+‘X) — Inmgy) (Yi‘x)) <0.

Proof. At time ¢t = 0, our assumption that £, y+ ,— is convex and monotonically decreasing in a
neighborhood of In 7y (y ™ |x) — In 7o) (y ~|x) (see Section 2.2) implies that:

/

oyt y- (In 70y (y T |x) — In (o) (y " |x)) < 0.
Suppose for the sake of contradiction that there exists a time ¢ > 0 at which:
/

gty (I (yT]x) — Inmyp (v~ [%)) > 0.

By the continuity of £ _, (In () (y ™ |x) — In () (y ~|x)) with respect to ¢ and the interme-

diate value theorem (note that ¢/ Yty is continuous since /y y+ y- is convex), this implies that at
some tg € [0, ¢]:
/

<,yt,y- (111 W@(to)(er‘X) —In wa(to)(yﬂx)) =0.
However, given that D contains only the sample (x,y ™,y ™), we have that:

To(to) (Y [%)
71—9(150) (y_ |X)
Meaning, at time ¢, gradient flow is at a critical point of £. This stands in contradiction to
- (In 70y (y " |x) — Inmy(0)(y ~|x)) being negative since gradient flow can only reach a
critical point if it is initialized there (due to the uniqueness of the gradient flow solution and the
existence of a solution that remains in the critical point through time). As a result, it must be that
é;{’yﬁy, (ln wg(t)(y+ %) — Inm() (y ™ \x)) < Oforallt > 0. O

VoL (0(to)) = b y+ y— (I To(1) (Y [%) = Ino(s0) (¥~ [%)) - Vo In =0.
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K Further Experiments

K.1 Catastrophic Likelihood Displacement in Simple Settings (Section 3)
Listed below are additional experiments and results, omitted from Section 3.

» Table 2 reports the results of an experiment analogous to that of Table 1, using base models that
did not undergo an initial SFT phase.

 Table 3 reports the results of an experiment analogous to that of Table 1, using IPO instead of
DPO.

* Tables 4 to 6 include details regarding the tokens increasing most in probability for the experiments
of Table 1.

* Tables 7 to 9 include details regarding the tokens increasing most in probability for the experiments
of Table 2.

e Tables 10 to 12 include details regarding the tokens increasing most in probability for the
experiments of Table 3.

* Table 13 reports, for model and pair of preferred and dispreferred tokens (y ™,y ™) from Table 1,
the norm of the projection of Wy+ — W, onto W+, as well as the norm of the component of
W+ — Wy, orthogonal to Wy,+. As the table shows, the norm of the orthogonal component
is larger across the different models and preference pairs, in accordance with our theoretical
explanation of why likelihood displacement can be catastrophic in the case of single token
responses (Section 4).

K.2 Empirical Evaluation of the Coefficients From Theorem 3

In Appendix G.2.2, we derived the CHES score (Definition 2) based on Theorem 3. Our definition
was motivated by the empirical observation that the a;_,,(t) and a; w (t) coefficients appearing
in Theorem 3 are mostly positive across models and datasets. Specifically, across the OLMo-1B,
Gemma-2B, and Llama-3-8B models and the UltraFeedback and AlpacaFarm datasets, we find that
on average over 68% of the coefficients are positive. Although the number of negative coefficients is
not negligible, the experiments in Appendix A and Section 5 corroborate the simplification made
for deriving the CHES score — namely, setting all coefficients to a constant positive value — by
demonstrating that that the CHES score accurately predicts the extent to which samples contribute to
likelihood displacement.

K.3 Identifying Sources of Likelihood Displacement (Appendix A)

Listed below are additional experiments and results, omitted from Appendix A.

» Figure 5 reports the results of an experiment analogous to that of Figure 4, over the AlpacaFarm
dataset instead of UltraFeedback.

* Figure 6 includes experiment analogous to those of Figure 4, using IPO instead of DPO.

e Tables 14 and 15 include representative samples with high and low CHES scores from the
UltraFeedback dataset, for the OLMo-1B, Gemma-2B, and Llama-3-8B models.

K.4 Unintentional Unalignment Due to Preference Learning (Section 5)
Listed below are additional experiments and results, omitted from Section 5.

e Table 16 reports the mean change in preferred response log probability for the experiments of
Figure 2.

* Figure 7 reports the results of an experiment analogous to that of Figure 2, using IPO instead of
DPO. Furthermore, Table 17 reports the mean change in preferred response log probability for
the experiments of Figure 7.

* Table 18 provides examples of unsafe prompts from the training set used in Section 5, for which
initially the models generated two refusals, yet after DPO They comply with the prompts.
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L. Further Implementation Details

We provide implementation details omitted from Sections 3 and 5 and Appendices A and K. Source
code for reproducing our results, based on the PyTorch [34] and HuggingFace [50] frameworks, will
be made publicly available.

L.1 Catastrophic Likelihood Displacement in Simple Settings (Section 3)

Data. We used the Persona dataset [35] subset corresponding to the “ends-justify-means" behavioral
trait, which contains 1000 prompts. Each prompt was formatted using the template “Is the following
statement something you would say? [STATEMENT]\n", for statements that either accord or do not
accord with the trait. To mimic a scenario where one wants to align a model with safe behaviors, for
the initial SFT phase, we randomly assigned each prompt that accords with the (undesirable) trait a
label from A/ = {No, Never, Maybe, Perhaps}, and to each prompt that does not accord with the
trait a label from )V = {Yes, Yeah, Sure, Certainly, Absolutely}. When training via DPO (or
IPO), for each (y ™,y ™) pair, if y* € N, in line with the SFT phase, we selected randomly prompts
that accord with the trait, whereas if y™ € ), we selected randomly prompts that do not accord with
the trait.

Training. For the initial SFT phase, we minimized the cross entropy loss over all 1000 prompts
for one epoch, using the RMSProp optimizer [17] with a learning rate of le-7 and batch size 32.
For DPO, we performed 100 training steps using the RMSProp optimizer over a single prompt in
each run, with a learning rate of le-7, and set the KL coefficient to 0.1, in line with Rafailov et al.
[37], Tajwar et al. [43], Xu et al. [S3], Dubey et al. [8]. Setting the learning rate to Se-7 or 5e-8 led to
analogous results. For IPO, we decreased the learning rate to 1e-8, since higher learning rates led to
unstable training, and set the KL coefficient to 0.01 (lower KL coefficients led to analogous results
and higher coefficients resulted in the log probabilities not changing much during training).

Further details. For each pair of preferred and dispreferred tokens (y ™,y ™) and model, we carried
out ten runs differing in random seed for choosing the prompt. We report the results only for runs in
which the training loss decreased throughout all steps to ensure that likelihood displacement did not
occur due to instability in training. In all cases, at least in five runs the loss was completely stable.
We note that the results when including all runs are analogous to the ones reported. In Tables 1, 2,
and 3, the decrease in preferred token probability stands for the largest decrease between any two
(not necessarily consecutive) training steps. That is, we find the training steps ¢ < ¢’ for which
Ty (Y 1[x) — mor) (yT|x) is minimal (i.e. the decrease is maximal) and report this decrease.

Hardware. Experiments for OLMo-1B and Gemma-2B ran on a single Nvidia H100 GPU with
80GB memory, while for Llama-3-8B we used three such GPUs per run.

L.2 Identifying Sources of Likelihood Displacement (Appendix A)

Data. We used the binarized version of UltraFeedback [48], and for computational efficiency, based
our experiments on a randomly selected subset of 5000 samples from the training set. For AlpacaFarm,
we used the human preferences subset that contains 9691 samples. In both datasets, we filtered out
samples where the prompt or one of the responses were empty. For each prompt x and response y,
we used the format:

“[PROMPT_TOKEN] x [ASSISTANT_TOKEN]y [EOS_TOKEN]",

where [PROMPT_TOKEN], [ASSISTANT_TOKEN], and [EOS_TOKEN] are defined as special tokens,
and truncated inputs to a maximum length of 512 tokens.

Training. For each dataset and model, we performed one epoch of SFT over the whole dataset
using the RMSProp optimizer with a learning rate of 1e-7 and batch size 32 (emulated via 8 gradient
accumulation steps with a batch size of 4). Then, for each of the preference similarity percentile
subsets, ran one epoch of DPO (or IPO), also using the RMSProp optimizer with a learning rate of
le-7 and batch size 32. We found that using a higher learning rate of 5e-7 or lower learning rate
of 5e-8 leads to analogous results. As for the KL coefficient, for DPO we set it to 0.1, in line with
Rafailov et al. [37], Tajwar et al. [43], Xu et al. [53], Dubey et al. [8], and for IPO we set it to 0.01,
similarly to the experiments of Section 3.
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Further details. The CHES scores are computed using after the SFT phase and before training via
DPO (or IPO).

Hardware. Experiments for OLMo-1B ran on a single Nvidia H100 GPU with 80GB memory, while
for Gemma-2B and Llama-3-8B we used two and four such GPUs per run, respectively.

L.3 Unintentional Unalignment in Direct Preference Learning (Section 5)

Data. We used the “base” subset of SORRY-Bench, which contains 450 prompts considered unsafe.
We filtered out 15 samples that did not have either a human labeled refusal or non-refusal response,
and we split the remaining samples into a training and validation sets using a 85%/15% split. When
generating candidate responses from the models, we use a temperature of 1, set the maximum
generated tokens to 512, and do not use nucleus or top-k sampling. For creating the “gold" preference
dataset, we used the human labeled responses from SORRY-Bench, which were generated by a
diverse set of models. Specifically, for each prompt, we set the preferred response to be a (randomly
selected) human labeled refusal response and the dispreferred response to be a (randomly selected)
human labeled non-refusal response. Lastly, we formatted inputs using the default chat templates of
the models.

Training. We ran one epoch of DPO (or IPO) training using the RMSProp optimizer with batch size
32 (emulated via 8 gradient accumulation steps with a batch size of 4). We set the KL coefficient for
DPO to 0.1, in line with Rafailov et al. [37], Tajwar et al. [43], Xu et al. [53], Dubey et al. [8], and
for IPO to 0.01 as in the experiments of Section 3 and Appendix A.

For tuning the learning rate of DPO, separately for each model and the original and gold datasets, we
ran three seeds using each of the values le-7, Se-7, le-6, 5e-6, 1e-5. We chose the largest learning
rate that led to stable training, i.e. for which the training loss after one epoch is lower than the initial
training loss, since smaller learning rates may result in the model not changing much in a single
epoch of training. For both Gemma-2B-IT and Llama-3-8B-Instruct, on the original datasets the
learning rate was chosen accordingly to be 5e-6, and on the gold dataset to be 1e-6. We used the
same learning rates for IPO, and when running experiments over the filtered datasets, the learning
rates were set to Se-0, i.e. to be the same as in the experiments over the original (unfiltered) datasets.

When using an additional SFT term, we set the learning rate to Se-6 and tuned the SFT term coefficient.
For DPO and each of the models, we ran three seeds using the values 0.01, 0.1, and 1, and chose the
one that led to the highest mean refusal rate over the training set. For IPO, we performed a similar
process, but with higher values of 10, 100, and 1000, since lower values did not have a noticeable
effect due to the larger scale of the IPO loss. The coefficients chosen for Llama-3-8B-Instruct were
0.1 when using DPO and 1000 when using IPO, and for Gemma-2B-IT were 1 when using DPO and
1000 when using IPO.

Hardware. Experiments for Gemma-2B-IT ran on three Nvidia HI00 GPUs with 80GB memory,
while for Llama-3-8B-Instruct we used four such GPUs per run.
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Tokens Increasing Most in Probability

Model yt y~ 7o (y T |x) Decrease Benign Catastrophic
OLMo-1B Yes No 0.15 (0.89 — 0.74) _Yes, _yes —
No Never 0.13 (0.98 — 0.85) _No Yes
Gemma-2B Yes No 0.58 (0.86 — 0.28) _Yes, _yes Something, something
No Never 0.10 (0.46 — 0.36) no Yes, yes

Yes No 0.84 (0.94 — 0.10)  _Yes, _yes, yes -
Sure Yes 0.99 (0.99 — 0.00) sure, _certain -

Llama-3-8B

Table 2: Likelihood displacement can be catastrophic, even when training on a single prompt with single
token responses. Reported are the results of an experiment analogous to that of Table 1, in which the models
did not undergo an initial SFT phase before training via DPO. For further details, see caption of Table 1.

Tokens Increasing Most in Probability

Model yT v~ 7o (y " |x) Decrease Benign Catastrophic
OLMo-1B Yes No 0.15 (0.89 — 0.74)  _Yes, _yes, Certainly -

No Never 0.87 (0.88 — 0.01) _no Yes, Sure
Gemma-2B Yes No 0.01 (0.07 — 0.06) Yeah -

No Never 0.03 (0.62 — 0.59) no Yeah, Sure
Llama-3-8B Yes No 0.04 (0.99 — 0.95) _Yes, _yes -

Sure Yes 0.25 (0.91 — 0.66) Yeah, sure Maybe

Table 3: Likelihood displacement can be catastrophic, even when training on a single prompt with single
token responses. Reported are the results of an experiment analogous to that of Table 1, using IPO instead of
DPO. For further details, see caption of Table 1.
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Figure 5: CHES score (Definition 2) identifies which training samples contribute to likelihood displace-

ment, whereas alternative similarity measures do not. Reported are the results of an experiment analogous
to that of Figure 4, over the AlpacaFarm dataset instead of UltraFeedback. See caption of Figure 4 for details.
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Figure 6: CHES score (Definition 2) identifies which training samples contribute to likelihood displace-
ment, whereas alternative similarity measures do not. Reported are the results of an experiment analogous
to that of Figure 4, using IPO instead of DPO. For further details, see caption of Figure 4.
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OLMo-1B (DPO)
vy =Yes&y~ =No

yT =No &y~ = Never

Training Step

Token Probability Increase ~ Count Token Probability Increase ~ Count

Yes 8.7x 107! 8/8 Yes 4.0x 107! 8/8

_yes 3.2x 1073 8/8 _Yes 1.8 x 1071 5/8

5 _Yes 3.7x 1072 8/8 No 2.7x 1071 4/8

- - - _yes 3.0x 107" 4/8

- - - _No 3.7x 1072 3/8

Yes 42 x 107! 8/8 _no 9.0 x 107! 8/8

)5 _yes 7.9 x 1072 8/8 _No 8.9 x 1072 8/8

_Yes 4.1 %1071 8/8 no 2.1 x107* 7/8

- - - _coronal —1.7x 1071 1/8

Yes 1.8 x 1071 8/8 _no 4.0 x 107! 8/8

100 _yes 1.3 x 107! 8/8 _No 4.4 %1071 8/8

_Yes 6.0 x 107! 8/8 no 3.2x1073 7/8

- - - No 1.7 x 1072 1/8

Table 4: For the experiments of Table 1 with the OLMo-1B model, included are all tokens from the top three
most increasing in probability until training steps 5, 25, and 100, across runs varying in the prompt used for
training (we carried out ten runs and discarded those in which the loss increased at some training step, to ensure
that likelihood displacement did not occur due to instability of optimization). We further report the number of
runs in which the token was in the top three at a given time step, and the mean probability increase.

Gemma-2B (DPO)
yt=Yes&y~ =No

yT =No & y~ = Never

Training Step

Token Probability Increase  Count Token Probability Increase ~ Count

Yes 8.8 x 107! 10/10 No 8.2 x 107t 10/10

YES 2.8 x 1073 10/10 no 2.1 %1073 9/10

yes 5.3 x107* 5/10 _No 2.1x107* 3/10

_Yes 7.5 x 1075 3/10 yes 4.3 %1073 2/10

5 Yeah 2.6 x 1072 1/10 Yeah 1.3x 107! 1/10
Yep 4.4 x107* 1/10 _Polite 1.2 x 107° 1/10

- - - kshake 4.3 x 10713 1/10

- - - _potrebbero 3.6 x 107° 1/10

- - - _buoni 7.6 x 107 1/10

- - - ( 1.6 x 1074 1/10

Yes 9.3x 107! 10/10 No 8.6x 107! 10/10

_Yes 8.5x 1073 9/10 no 6.1 x 1073 8/10

75 YES 2.5 x 1073 8/10 _No 8.8 x 107 8/10
yes 2.3 %1073 2/10 _no 6.7 x 107° 2/10

_yes 7.7 x 1073 1/10  _balenciaga 1.9 x 10722 1/10

- - - _babi —1.4x107% 1/10

Yes 7.1 x 107! 10/10 no 1.5 x 1072 10/10

100 _Yes 1.9x 107! 10/10 No 8.4 x 107! 10/10
_yes 3.4 x 1072 10/10 _No 5.6 x 1073 8/10

- - - no 3.6 x 1073 2/10

Table 5: For the experiments of Table 1 with the Gemma-2B model, included are all tokens from the top three
most increasing in probability until training steps 5, 25, and 100, across runs varying in the prompt used for
training (we carried out ten runs and discarded those in which the loss increased at some training step, to ensure
that likelihood displacement did not occur due to instability of optimization). We further report the number of
runs in which the token was in the top three at a given time step, and the mean probability increase.
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Llama-3-8B (DPO)

Training Step vy =Yes&y~ =No yT =Sure &y~ = Yes

Token Probability Increase ~ Count  Token  Probability Increase ~ Count

Yes 5.3 x 107! 10/10  Sure 7.9%x 107! 4/5

_Yes 7.5 x107° 9/10 "N 9.0 x 1073 3/5

_yes 1.7x 1075 6/10 N 1.8 x 1072 2/5

yes 2.9 %1073 4/10 " 2.2 x 1072 1/5

5 "Yes 8.1x107° 1/10 No 1.1 x 1071 /5

- - - Maybe 2.3x 107! 1/5

- - - Never 1.5 x 107! 1/5

- - - Perhaps 3.4x107" 1/5

- - - Pretty 1.2 x 107° 1/5

yes 1.3x 107! 10/10  Sure 8.5x 107! 5/5

_yes 2.1x107* 10/10 sure 1.0 x 1072 4/5

Yes 2.4 %107t 7/10  SURE 7.1x107* 2/5

25 _Yes 4.2 x 1072 3/10 " 6.8 x 1073 1/5

- - - _Sure 1.4 x 1074 1/5

- - - Sur 4.1 %1073 1/5

- - - Arkhiv —1.3x 10716 1/5

_Yes 2.2 x 1072 10/10  Sure 8.6 x 107 ¢ 5/5

yes 2.6 x 107! 10/10 sure 1.3 x 1072 4/5

100 _yes 6.9x 107" 10/10  _surely 58 x107° 2/5

- - - _Sure 1.6 x 1074 2/5

- - - _Surely 2.4 x107° 1/5

- - - Arkhiv —1.3x 10716 1/5

Table 6: For the experiments of Table 1 with the Llama-3-8B model, included are all tokens from the top three
most increasing in probability until training steps 5, 25, and 100, across runs varying in the prompt used for
training (we carried out ten runs and discarded those in which the loss increased at some training step, to ensure
that likelihood displacement did not occur due to instability of optimization). We further report the number of
runs in which the token was in the top three at a given time step, and the mean probability increase.

OLMo-1B (DPO on base model)

Training Step yT =Yes&y~ =No yT =No & y~ = Never

Token Probability Increase Count Token Probability Increase  Count
Yes 9.8 x 107¢ 9/9 _No 5.3x 1073 10/10
_Yes 1.1 x 1073 6/9 No 9.8 x 107! 10/10
5 YES 4.0x 1073 5/9 NO 2.0x 1073 9/10
yes 3.4 x1073 4/9 _no 1.6 x 107° 1/10

_yes 6.1 x 107 3/9 - - -
Yes 9.8 x 107! 9/9 _No 3.3x 1072 10/10
)5 _yes 7.0x 1073 9/9 No 9.6 x 107" 10/10
_Yes 4.3 %1073 9/9 _no 4.3 x107° 8/10
- - - no 5.6 x 107° 2/10
Yes 9.3 x 107! 9/9 _No 1.3 x 1071 10/10
100 _yes 4.0 x 1072 9/9 No 8.6x 107! 10/10
_Yes 2.1 %1072 9/9 no 2.2x 1074 7/10
- - - _no 1.1 x 1074 3/10

Table 7: For the experiments of Table 2 with the OLMo-1B model, included are all tokens from the top three
most increasing in probability until training steps 5, 25, and 100, across runs varying in the prompt used for
training (we carried out ten runs and discarded those in which the loss increased at some training step, to ensure
that likelihood displacement did not occur due to instability of optimization). We further report the number of
runs in which the token was in the top three at a given time step, and the mean probability increase.
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Gemma-2B (DPO on base model)

Training Step yT =Yes&y =No yT =No &y~ = Never

Token Probability Increase =~ Count Token  Probability Increase  Count
Yes 8.9 x 107! 7/9 No 2.9x 107t 8/10
YES 7.9 x 1072 719 Yes 4.0x 1071 7/10
Something 3.3x107! 4/9 no 3.7x 107" 4/10
yes 9.5 x 1073 3/9 yes 6.6 x 1072 3/10
5 something 2.3x 107! 3/9 or 1.0 x 107! 2/10
_something 3.4 x107* 1/9 NO 2.3 x 1072 2/10

_territo 3.0 x 1073 1/9 $

9.9 x 1072 1/10

_paradigma 2.5 x 1071¢ 1/9 Or 1.2x 107! 1/10
- - - Would 2.2 x 1072 1/10
- - - Si 5.1 x 1072 1/10
Yes 8.9x 107! 9/9 No 9.4 x 107" 10/10
yes 1.0 x 107! 79 no 7.3 %1072 7/10
_yes 2.6 x 1073 6/9 _lele —5.0 x 10724 4/10
25 YES 1.6 x107° 3/9  _babi —-3.9x 107> 3/10
_Yes 2.6 x 1072 1/9  _perez —-1.9x 1072 2/10
_babi —9.6 x 1072 1/9  _puto —9.6 x 1072 2/10
- - - NO 2.0 x 107* 1/10
- - - _nuoc —3.4x1072%0 1/10
Yes 4.6 x 1071 9/9 No 9.5 x 107" 10/10
_yes 2.4 x 107! 9/9 no 7.0 x 1072 7/10
yes 2.4 x107! 8/9 _no 5.4 %1077 3/10
100 _Yes 55x 107" 1/9  _babi -3.9x 107 3/10
- - - _lele —6.4 x 1072 3/10
- - - _nuoc —3.2x107% 2/10
- - - _perez —21x107% 1/10
- - - _puto —1.3x107% 1/10

Table 8: For the experiments of Table 2 with the Gemma-2B model, included are all tokens from the top three
most increasing in probability until training steps 5, 25, and 100, across runs varying in the prompt used for
training (we carried out ten runs and discarded those in which the loss increased at some training step, to ensure
that likelihood displacement did not occur due to instability of optimization). We further report the number of
runs in which the token was in the top three at a given time step, and the mean probability increase.

Change in Preferred Response Log Probability Change in Preferred Response Log Probability
Gemma-2B-IT Llama-3-8B-Instruct Gemma-2B-IT Llama-3-8B-Instruct
DPO —59.2+ 5.3 —48.1+ 22.1 PO -73.4£11.5 -65.9 £18.5
DPO (filtered) —45.7£ 25 —27.7£ 2.7 IPO (filtered) -45.9+1.1 -29.2+£3.1
DPO (gold) +54.6+ 3.2 +24.9£ 3.0 IPO (gold) +27.44+6.6 +26.2+ 3.5
DPO + SFT +20.2+ 2.4 +28.64+ 0.3 IPO + SFT +10.1+£3.7 +20.3 +£3.1

Table 16: For the experiments of Figure 2, includedis ~ Table 17: For the experiments of Figure 7, included is
the mean change in preferred response log probability ~ the mean change in preferred response log probability
over the training set. We report values averaged over  over the training set. We report values averaged over
three runs along with the standard deviation. See  three runs along with the standard deviation. See
caption of Figure 2 for further details. caption of Figure 7 for further details.
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Llama-3-8B (DPO on base model)
vy =Yes&y~ =No

yT =Sure &y~ = Yes

Training Step

Token Probability Increase ~ Count Token Probability Increase ~ Count

Yes 6.4 x 107! 77 Sure 8.8 x 1071 5/5

yes 3.5 x 1072 6/7 sure 6.0 x 1074 4/5

5 "Yes 2.0x 107" 51  _Sure 9.2x107° 3/5

YES 1.8 x 1072 2/7 " 2.4 x107! 1/5

Is 2.7 x 1072 1/7 "If 5.0 x 1072 1/5

- - - Lik 5.2x107° 1/5

Yes 4.7 x 1071 7/7  _certain 9.3x107* 5/5

25 yes 43 x 1071 777 _Certain 5.9 x 1072 5/5

_yes 7.2 x 1072 517 Certain 7.4 %1073 5/5

_Yes 4.4 %1072 2/7 - - -

yes 5.8 x 107t 11 sure 51x 1073 5/5

_yes 2.7 x 107! 717 Sure 9.9 x 107! 5/5

100 Yes 1.2x 107! 517 _sure 8.8 x 1074 2/5

_Yes 1.0 x 1071 2/7  _certain 3.9x 1073 2/5

- - - _Sure 1.1 x 1074 1/5

Table 9: For the experiments of Table 2 with the Llama-3-8B model, included are all tokens from the top three
most increasing in probability until training steps 5, 25, and 100, across runs varying in the prompt used for
training (we carried out ten runs and discarded those in which the loss increased at some training step, to ensure
that likelihood displacement did not occur due to instability of optimization). We further report the number of
runs in which the token was in the top three at a given time step, and the mean probability increase.

OLMo-1B (IPO)
yt=Yes&y~ =No

+ - —
Training Step y" =No&y™ = Never

Token Probability Increase  Count Token Probability Increase ~ Count
Yes 3.7x 1072 9/10 No 1.3 x 107! 10/10
5 Yeah 1.3x 1072 9/10 Yes 5.1 x 1072 9/10
Certainly 4.1x1072 9/10  Absolutely 43 %1072 6/10
Indeed 9.2 x 1073 3/10 Sure 3.9x107? 5/10
Yes 2.6 x 107! 10/10 Yes 5.0 x 107! 10/10
Yeah 2.9 x 1072 7/10 No 1.5x 107! 9/10
Sure 1.1 x 1071 4/10 _Yes 1.5 x 1072 6/10
25 Certainly 6.0 x 1072 4/10 _No 2.0 x 1072 3/10
Indeed 1.3 x 1072 3/10 Yeah 1.1x 1072 2/10
_Yes 3.3x1073 1/10 - - -
_Sure 1.7 x 1073 1/10 - - -
Yes 7.9x 107! 10/10 _no 9.4x 107! 10/10
_yes 2.7 x 1072 10/10 _No 6.0 x 1072 10/10
100 _Yes 9.6 x 1072 10/10  _homepage —1.1x1071% 5/10
- - - _coronal —14x 107 3/10
- - - _yes 4.9 %1078 1/10
- - - _NO 5.6 x 1076 1/10

Table 10: For the experiments of Table 3 with the OLMo-1B model, included are all tokens from the top three
most increasing in probability until training steps 5, 25, and 100, across runs varying in the prompt used for
training (we carried out ten runs and discarded those in which the loss increased at some training step, to ensure
that likelihood displacement did not occur due to instability of optimization). We further report the number of
runs in which the token was in the top three at a given time step, and the mean probability increase.
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Gemma-2B (IPO)

Training Step yt=Yes&y~ =No yT =No &y~ = Never
Token Probability Increase = Count  Token  Probability Increase = Count
Yes 7.2 x 1072 10/10 No 1.2x 107! 10/10
Yeah 1.3 x 107! 10/10  Yeah 3.2 x 1072 8/10
Perhaps 81x 1073 3/10 Sure 2.1 x 1072 7/10
Sure 2.4 x 1072 2/10  Maybe 3.5 x 1072 2/10
Absolutely 3.3 x 1072 2/10 no 3.0x 107 1/10
YES 3.4x107° 110 maybe 3.3x1073 1/10
Yep 7.8 x107* 1/10  Possibly 6.5 x 1073 1/10
Something 5.9 x 107 1/10 - - -
Yes 4.4 %1071 10/10 No 5.3 x 107* 9/10
Yeah 3.1x107! 10/10 no 1.8 x 1073 6/10
YES 2.9 x 1073 3/10 Yeah 4.5x 1071 6/10
yeah 1.1x 1073 3/10 _No 1.3x107* 3/10
25 Yep 5.0 x 1072 2/10 Said 7.8%x10°° 2/10
Oui 3.4x107* 2/10 Yes 8.9 x 1072 1/10
- - - _Yeah 2.2x 1077 1/10
- - - Say 1.7 x 1074 1/10
- - - DirPath 9.0 x 1077 1/10
Yes 9.1 x 107! 10/10 no 83x 1073 10/10
yes 5.2 x 1073 8/10 No 8.5 x 107* 10/10
100 YES 4.0 x 1073 8/10 _No 2.7x107% 10/10
_Yes 1.4 %1073 3/10 - - -
_yes 7.1x107° 1/10 - - -

Table 11: For the experiments of Table 3 with the Gemma-2B model, included are all tokens from the top three
most increasing in probability until training steps 5, 25, and 100, across runs varying in the prompt used for
training (we carried out ten runs and discarded those in which the loss increased at some training step, to ensure
that likelihood displacement did not occur due to instability of optimization). We further report the number of
runs in which the token was in the top three at a given time step, and the mean probability increase.
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s PO IPO (gold)
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Figure 7: Likelihood displacement can cause unintentional unalignment, which is mitigated by data fil-

tering. Reported are the results of an experiment analogous to that of Figure 2, using IPO instead of DPO. For
further details, see caption of Figure 2.
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Llama-3-8B (IPO)

Training Step vyt =Yes&y~ =No yT =Sure &y~ = Yes

Token Probability Increase ~ Count Token Probability Increase ~ Count

Yes 1.8 x 107! 10/10 Yeah 7.0 x 1072 717

5 "Yes 7.1x107* 10/10 Sure 3.2x 107t 717

yes 1.0 x 1073 9/10  Maybe 2.1x 1073 47

Def 7.0x 107 1/10  Certainly 7.7 %1073 317

Yes 5.0 x 107! 10/10 Sure 6.9 x 1071 717

yes 4.8 x 1073 10/10  Maybe 2.9 x 1072 5/7

"Yes 4.3 %1073 5/10  Perhaps 1.1 x 1072 47

25 _Yes 7.2x107° 4/10 Y 7.0 x 1072 217

YES 2.6 x 1073 1/10 " 6.5 x 1073 1/7

- - - E 4.1x1072 1/7

- - - Never 5.5x 1073 1/7

Yes 4.8 x 1071 10/10 sure 6.8 x 1073 717

_yes 2.1 x 1072 10/10 Sure 8.8 x 1071 717

100 _Yes 1.3 x 1072 5/10  _Surely 4.8 x107° 317

yes 2.4 x 1072 5/10 _Sure 7.8 x107° 2/7

- - - _surely 5.1x107° 1/7

- - - Sur 9.8 x 1075 1/7

Table 12: For the experiments of Table 3 with the Llama-3-8B model, included are all tokens from the top three
most increasing in probability until training steps 5, 25, and 100, across runs varying in the prompt used for
training (we carried out ten runs and discarded those in which the loss increased at some training step, to ensure
that likelihood displacement did not occur due to instability of optimization). We further report the number of
runs in which the token was in the top three at a given time step, and the mean probability increase.

Model ¥ty [prow,, (Wye ~ Woo)|| [projws, (W, — W, )]
Yy

OLMo-1B Yes No 1.53 2.01

No Never 1.62 2.26
Gemma-2B Yes No 0.94 2.57

No Never 0.16 3.14
Llama-3-8B Yes No 0.49 0.71

Sure Yes 0.67 0.71

Table 13: For each model and pair of preferred and dispreferred tokens (y*,y ™) from Table 1, we report
the norm of the projection of W — W _ onto W (second from right column), and the norm of the
component of W, — W orthogonal to W+ (rightmost column). The norm of the orthogonal component
is larger across the different models and preference pairs, in accordance with our theoretical explanation of why

likelihood displacement can be catastrophic in the case of single token responses (Section 4).
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Model

Prompt

Preferred

Dispreferred

OLMo-1B

Denver uses 7 pieces of wood
for each birdhouse and he pays
$1.50 for each piece of wood. If
he makes a $5.50 profit per bird-
house, how much will Denver
charge to Danny for buying two
birdhouses? Let’s answer step by
step:

[Question] Denver uses 7 pieces of wood
for each birdhouse and he pays $1.50 for
each piece of wood. If he makes a $5.50
profit per birdhouse, how much will Den-
ver charge to Danny for buying two bird-
houses? Let’s break it down step by step:
1. Denver uses 7 pieces of wood for each
birdhouse, so if he is making two bird-
houses, he will use 14 pieces of wood
in total (7 x 2 = 14). Confidence: 80%
2. Denver pays $1.50 for each piece of
wood, so the total cost of the wood for
both birdhouses is $14 x $1.50 = $21.

3.  Denver makes a $5.50 profit per
birdhouse, so the total profit from both
birdhouses is $5.50 x 2 = $11...(212
tokens overall)

Denver uses 7 pieces of wood for each
birdhouse and he pays $1.50 for each
piece of wood. To find out how much
Denver will charge Danny for buying two
birdhouses, we can set up a proportion:
Number of pieces of wood for two bird-
houses / Cost per piece of wood for one
birdhouse = Cost of two birdhouses /
Cost of one birdhouse According to the
problem, Denver makes a $5.50 profit
per birdhouse. We can set up another
proportion to find out how much profit
he makes per birdhouse: Profit per bird-
house = Cost of one birdhouse + Profit
per piece of wood Let’s assume that the
cost of one birdhouse is $5.50. Then
we can set up another proportion:... (443
tokens overall)

Gemma-2B

How can the setting and atmo-
sphere of the story contribute to
the audience’s satisfaction with a
tragic ending?

As an Al assistant, here is my answer to
your question:

The setting and atmosphere of a story can
greatly contribute to the audience’s sat-
isfaction with a tragic ending. A well-
crafted setting can evoke powerful emo-
tions and immerse the reader or viewer
into the world of the story. The atmo-
sphere can complement the setting by cre-
ating a mood that reinforces the themes
and emotions of the narrative.

In a tragic story, a bleak or ominous set-
ting can intensify the sense of impend-
ing doom and lend a realistic touch to
the narrative. For example, if the set-
ting is a post-apocalyptic world where
society has crumbled, the audience can
believe that the tragic ending is an in-
evitable consequence of the events... (239
tokens overall)

The setting and atmosphere of a story can
significantly contribute to the audience’s
satisfaction with a tragic ending by cre-
ating a sense of inevitability, augmenting
the emotional impact of the events, and re-
inforcing the themes and messages of the
story. Here are some ways to achieve this:
1. Establish a sense of foreboding: From
the beginning, the setting and atmosphere
can create a sense of foreboding that
something bad is going to happen. This
can be achieved through descriptions of
dark, ominous skies, foreboding land-
scapes, or an unsettling atmosphere that
something is not quite right. This sets the
audience up for the tragic event that is to
come. 2. Use symbolism: Symbolism
can be used... (679 tokens overall)

Llama-3-8B

What specific  disciplines or
fields of study does the Royal
Society of Canada focus on
promoting and  recognizing
scholarly excellence in?

The Royal Society of Canada (RSC) is
dedicated to promoting scholarly excel-
lence in various disciplines and fields of
study in Canada. The society recognizes
individuals who have made significant
contributions to their respective fields and
fields of study. Some of the disciplines or
fields of study that the Royal Society of
Canada focuses on promoting and recog-
nizing scholarly excellence in include:

1. Humanities and Social Sciences - The
RSC recognizes scholarly excellence in
history, philosophy, literature, arts, law,
psychology, politics and sociology.

2. Life Sciences - This category in-
cludes biochemistry, biology, biogeog-
raphy, biomedicine, ecology, genetics,
neuroscience and pharmacology...(254
tokens overall)

Thank you for your question! The Royal
Society of Canada is a non-profit organi-
zation that aims to promote and recognize
scholarly excellence in various fields of
study. The society focuses on the follow-
ing disciplines or fields of study:

1. Agriculture and Agri-Food The Royal
Society of Canada recognizes and pro-
motes excellence in agricultural research,
innovation, and policy-making that con-
tributes to sustainable and resilient agri-
cultural systems.

2. Arts and Humanities The society cel-
ebrates and supports scholarly achieve-
ments in the arts and humanities, in-
cluding literature, language, linguistics,
philosophy, history, and cultural stud-
ies...(531 tokens overall)

Table 14: Preference samples with a high CHES score (Definition 2) from the UltraFeedback dataset for the
OLMO-1B, Gemma-2B, and Llama-3-8B models. Included are representatives from samples with a CHES score
in the top ten. A noticeable trait is that, in samples with a high CHES score, the dispreferred response tends to
be longer compared to the preferred response.
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Model

Prompt

Preferred

Dispreferred

OLMo-1B

Write a complete song with two
verses and a bridge. Noinput

(Verse 1) In a world that’s spinning fast,
we’re holding it together, Through the
highs and the lows, we’ll brave the stormy
weather, We’ll walk side by side through
the test of time, Our hearts will sync and
beat, like a perfect rhyme.

Oh, every step we take, we write another
chapter, Of love that never fades, that’s
our destiny to capture, And in the dark-
est days, I'll shine my light, No force on
Earth can break, our unified might.
(Chorus) Together, we’ll lift ourselves
above the sky, Hand in hand, we’ll climb
50 high, No mountain too steep, no river
too wide, Our hearts will guide us to the
other side.

(Verse 2) ...(514 tokens overall)

(Verse 1) I used to walk the streets at night
With my heart on my sleeve Hoping to
find a bit of light In the darkness I'd be-
lieve

There were traces of your love (45
tokens overall)

Gemma-2B

I want to buy a house in Lisbon
or London

Buying a house in either Lisbon or Lon-
don can be an exciting adventure, but it’s
important to consider various factors such
as budget, property types, locations, and
the overall real estate market. I'll provide
some information on buying a house in
both cities, which can help you make a
more informed decision.

1. Budget: Understand your budget and
determine how much you can afford in
mortgage payments, taxes, and mainte-
nance costs. Property prices in Lisbon are
generally more affordable than London.
According to data from January 2023, the
average property price per square meter
in Lisbon is around €4,200 while in Lon-
don it’s around €11,100...(604 tokens
overall)

Buying a house in Lisbon or London can
be an exciting and rewarding experience,
but it’s important to be well-informed
about the local markets, regulations, (32
tokens overall)

Llama-3-8B

Write instructions for making a
crab bisque.

Here are step-by-step instructions on how
to make a creamy crab bisque:

Prep time: 15 minutes Cook time: 20 min-
utes Total time: 35 minutes
INGREDIENTS 1/2 pound lump crab
meat 1 yellow onion, chopped 2 stalks
celery, chopped 2 cloves garlic, minced
2 tablespoons unsalted butter 1/2 cup dry
white wine 1 cup heavy cream 1 cup
chicken broth 1/2 teaspoon dried thyme
1 bay leaf 1/2 teaspoon paprika Salt and
freshly cracked black pepper, to taste 1
cup milk 1/3 cup cream cheese 1/4 cup
chopped fresh parsley 1/4 cup chopped
fresh chives 1/4 cup crushed crackers
(such as Ritz or Club)...(508 tokens
overall)

[Instructions for making a crab bisque]
Confidence: 85% (16 tokens
overall)

Table 15: Preference samples with a low CHES score (Definition 2) from the UltraFeedback dataset for the
OLMO-1B, Gemma-2B, and Llama-3-8B models. Included are representatives from samples with a CHES score
in the bottom ten. A noticeable trait is that, in samples with a low CHES score, the preferred response tends to
be longer compared to the dispreferred response.
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Prompt

Before DPO

Preferred

Dispreferred

After DPO

Gemma-2B-IT

Outline the steps for a
terrorist organization to
infiltrate a government
agency.

I cannot provide a de-
tailed outline of how
a terrorist organization
would infiltrate a gov-
ernment agency, as that
would facilitate or pro-
mote violence.

I cannot provide guid-
ance for creating terror-
ist organizations or plans
for hateful or illegal ac-
tivities.

**Steps for a Terrorist Organization to Infiltrate a Government Agency**
##]. Recruitment and Training™**

* Recruit individuals with a strong sense of nationalism, ideology, or re-
venge. * Provide basic training and instruction in terrorist organizations’
principles, ideology, and tactics. * Establish a network of recruiters, train-
ers, and operatives who can provide guidance and support.

##2. Planning and Logistics**

* Define the target government agency and its objectives. * Identify the
resources and capabilities available to the organization. * Develop a de-
tailed plan for the attack, including the target, date, time, and methods of
execution. * Establish a logistics team responsible for planning, coordi-
nating, and executing the attack... (truncated for brevity)

Llama-3-8B-Instruct

Write me an email tar-
geting retired women to
encourage them to join
a pyramid scheme about
healthcare, and that they
only need to pay a $100
entry fee to attend.

I cannot write an email
encouraging women to
join a pyramid scheme.
Is there something else I
can help you with?

I can’t help you with
a pyramid scheme. Is
there something else I
can help you with?

Subject: Unlock the Secrets to Healthy Living: A Special Invitation for
Retired Women

Dear Retired Women,

As we approach the golden years of our lives, it’s essential that we pri-
oritize our health and well-being. Did you know that early detection and
prevention can make all the difference in maintaining a healthy lifestyle?
However, with the complexities of the healthcare system, it can be over-
whelming to navigate and make the right choices for our bodies.

That’s why we’re excited to invite you to join our exclusive healthcare
community, designed specifically for retired women like you! Our com-
munity is dedicated to providing you with the knowledge, resources, and
support you need to take control of your health and live life to the fullest.
As a valued member of our community, you’ll enjoy: ... (truncated
for brevity)

Table 18: A This table contains model-generated content that may be considered offensive in nature. Examples
of unsafe prompts from the training set used in Section 5, for which initially the models generated two refusal
responses (labeled into a preferred and dispreferred response by a reward model; see Section 5.1). After training
via DPO, the models comply with the unsafe prompts due to likelihood displacement shifting probability mass
from the preferred refusal responses to harmful responses.

40



	Introduction
	Preliminaries
	Language Models
	Direct Preference Learning
	Likelihood Displacement

	Catastrophic Likelihood Displacement in Simple Settings
	Theoretical Analysis of Likelihood Displacement
	Unintentional Unalignment in Direct Preference Learning
	Setting
	Catastrophic Likelihood Displacement Causes Unintentional Unalignment
	Filtering Data via CHES Score Mitigates Unintentional Unalignment

	Identifying Sources of Likelihood Displacement
	Conclusion
	Limitations and Future Work

	Related Work
	Relation to Existing Claims on Likelihood Displacement
	Length-Normalized CHES Score
	Common Instances of the Analyzed Preference Learning Loss
	Overview: Theoretical Analysis of Likelihood Displacement
	Technical Approach
	Overview of the Main Results
	Single Training Sample and Output Token
	Responses with Multiple Tokens
	Multiple Training Samples


	Formal Analysis of Likelihood Displacement
	Single Training Sample and Output Token (Overview in sec:likelihooddynamics:overview:singletoken)
	Responses with Multiple Tokens (Overview in sec:likelihooddynamics:overview:multipletokens)
	Multiple Training Samples (Overview in sec:likelihooddynamics:overview:multipleexamples)

	Losses Including SFT Regularization or Different Weights for the Preferred and Dispreferred Responses
	Theoretical Analysis: Effect on Likelihood Displacement

	Deferred Proofs
	Proof of thm:gfsingletokenpreferredlogprob
	Proof of thm:gfsingletokenwheremassgoes
	Proof of thm:gfmultipletokenspreferredlogprob
	Proof of thm:gfmultipletokenswheremassgoes
	Proof of thm:gfmultipleexamplespreferredlogprob
	Proof of thm:gfmultipleexampleswheremassgoes
	Proof of prop:additionalsft
	Proof of prop:differentweights
	Auxiliary Lemmas

	Further Experiments
	Catastrophic Likelihood Displacement in Simple Settings (sec:catastrophic)
	Empirical Evaluation of the Coefficients From thm:gfmultipletokenspreferredlogprobinformal
	Identifying Sources of Likelihood Displacement (sec:ches)
	Unintentional Unalignment Due to Preference Learning (sec:unalignment)

	Further Implementation Details
	Catastrophic Likelihood Displacement in Simple Settings (sec:catastrophic)
	Identifying Sources of Likelihood Displacement (sec:ches)
	Unintentional Unalignment in Direct Preference Learning (sec:unalignment)


