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Figure 5: Caption

A Part-of-Speech Tag Legend

We use the English-specific tagset from SpaC to tag parts-of-speech. TableE shows the full set
including the tag, description, and examples for each. This table is used to construct the unique
templates for each domain.

B Unintended Instruction Taxonomy

Table[d describes our instruction-following behaviour taxonomy. Incorrect is the degenerate model
case, and correct is the desired behaviour. All other cases described can be captured by measuring
performance on each template setting as shown in Fig.[3] In this work, we mainly capture instances
of syntactic-domain spurious correlations, however show how to evaluate for word-level correlations
and memorization.

C Example Instantiations

In Table [5, we provide the template setting instantiations for P17. We first create a question by
following the structure of the PoS tags for the entity, in this case: the template {SUBJ} VBZ RB VBN
TO VB DT JJ NN IN {OBJ} becomes SUBJ is generally understood to have a fundamental association
with OBJ. Then, for the remaining settings, we substitute different words while still following the
PoS template (with the exception of paraphrase, in which we break the template).

The resulting instantiations lie on a scale of meaning (semantics). Figure [5, shows where each
instantiation lies on a scale of semantic similarity to the exact instruction.

To replace SUBJ, OBJ, we extract the pairs from a subset of PIDs to define our set of domains
D: properties related to persons (P106: occupation, P166: award received, P39: position held,
P69: educated at, P103: native language, P140: religion), properties related to organizations (P31:
instance of, P159: headquarters location, P112: founded by, P127: owned by, P138: named after,
P527: has part), and properties related to creative works (P50: author, P136: genre, P57: director,
P86: composer, P144: based on, P495: country of origin).

Figure [6 shows an example cross-domain instantiation for the entity pair (Paris, France). The
underlying template Adverb, Noun, Verb, Verb(pp), Preposition belongs to the in-domain category of
geography, but we then replace the words such that the semantics indicate a new domain of cuisine.

D Finetuning Details

We train OLMo-2 models [26] of varying sizes (1B, 7B, 13B) on our synthetic training data using the
HuggingFace Transformers library. We train these models on 1 NVIDIA H200 GPU with 16 CPUs
and 32GB of RAM. Each model is trained for 3 epochs, batch size of 4 and a learning rate of 3 - 107°.
All text generation is done using greedy decoding.

"https://spacy.io/usage/linguistic-features
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Universal Tag (English) Description Examples
Tag
ADJ JJ Adjective big, old
JJR Adjective, comparative bigger, more interesting
JJS Adjective, superlative biggest, most interesting
ADP IN Adposition (pre/postposition) in, to, during, on, by
ADV RB Adverb very, tomorrow, down
RBR Adverb, comparative more quickly, less rapidly
RBS Adverb, superlative most quickly
WRB Wh-adverb where, when, how
AUX MD Modal auxiliary can, should, must
CCONJ cC Coordinating conjunction and, or, but
DET DT Determiner a, an, the, this
PDT Predeterminer all, both
WDT Wh-determiner which, that
INTJ UH Interjection hello, wow, ouch
NOUN NN Noun, singular or mass cat, furniture, tree
NNS Noun, plural cats, tables
NUM CD Cardinal number one, two, 1, 2
LS List item marker 1., 2., One, A.
PART POS Possessive ending ’s (as in “John’s”)
RP Particle up, off (as in “take off”)
TO Infinitival “to” to (as in “to go”)
PRON PRP Personal pronoun I, you, he, she
PRP$ Possessive pronoun my, your, his
WP Wh-pronoun who, what
WP$ Possessive wh-pronoun whose
EX Existential “there” there (in “there is...”)
PROPN NNP Proper noun, singular John, London, Mary
NNPS Proper noun, plural Vikings, Americans
PUNCT o ? Punctuation .07
SCONJ IN Subordinating conjunction if, while, that
SYM $, %, 8, © Symbol $, %, §,©
VERB VB Verb, base form go, eat, run
VBD Verb, past tense went, ate
VBG Verb, gerund/pres. partic. going, eating
VBN Verb, past participle gone, eaten
VBP Verb, non-3rd pers. pres. go, eat (I/you/we/they)
VBZ Verb, 3rd pers. pres. goes, eats (he/she/it)
X Fw Foreign word/Other per se, ad hoc
SPACE _SP Space spaces between tokens

Table 3: Set of SpaCY tags, descriptions and examples used to construct and tag syntactic templates.
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Case Description

Incorrect The model has not learned the task.

Correct The model has learned the task and is robust to prompt perturbations.
Memorization (entities) The model has only memorized the input/output pair.

Memorization (prompts) The model has only memorized the exact prompt wording from training.
Spurious correlation (word-domain) The model has learned word associated only with domain.

Spurious correlation (syntactic-domain)  The model has learned the underlying syntax association with domain.

Table 4: Descriptions of each instruction-following behaviour a model may follow.

Type Template Instantiation

Template {SUBJ} VBZ RB VBN TO VB DT JJ NN IN {OBJ}

EXACT {SUBJ} is generally understood to have a fundamental association with {OBJ}
SYNONYM {SUBJ} is broadly accepted to have a significant connection to {OBJ}
ANTONYM {SUBJ} is specifically perceived to lack a superficial detachment with {OBJ}

PARAPHRASE  One would be correct to state that a fundamental association exists between {SUBJ} and{OBJ}
DISFLUENT {SUBJ} operates bleakly frozen to squeeze every purple happiness under {OBJ}

Table 5: Example instantiations of the template assigned to the P17 entity pair. We substitute subject
and object with a entity pair from the TRex dataset.

E Additional Results

E.1 Synthetic Results: Template Instantiation Bigram Similarity

Figure[7]shows a histogram of the bigram similarity of the syntactic templates (i.e., over the PoS tags)
between each domain. The similarities are skewed right (towards 0) indicating that the templates are
sufficiently dissimilar for each domain.

E.2 Synthetic Results: Base OLMo Model

We present results for the synthetic experiments using the OLMo Base variant. The overall results
suggest the same conclusions seen in OLMo Instruct: Table [§ shows that model performance
drops across all model sizes (mean A — 0.41 ) in cross-domain settings, with the exception of
the DISFLUENT setting, where model performance has a small positive increase (mean A + 0.03).
Similarly, Figure shows a visual profile of the OLMo-13B Instruct performance on the in-domain
and cross-domain entities.

E.3 In the Wild Results: Newsroom, CoT Sensemaking

Here, we present in the wild results on two additional FlanV2 datasets: Newsroom (Table [Z) and
Chain-of-Thought Sensemaking (Table([8). Both datasets show a drop in performance across domains.

In-Domain: What country is Paris located in ?  France

Geography Adverb Noun Verb {SUBJ}  Verb (pp) P'Tp’ ? {OBJ}
osition

Cross-Domain: = What food is Paris known for ?  France €3

e \ Prep- ?
Cuisine Adverb Noun Verb {SUBJ}  Verb (pp) ositon {OBJ}

Figure 6: Example of a subject, Paris, applied to two different domains with the same syntactic

template: cuisine and geography. If the model answers France instead of (e.g.,) croissant in the
cross-domain setting, then the model could be relying on syntactic cues.
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Figure 7: Bigram similarity counts of each pair of domain syntactic templates, measured over the

PoS tags.

Model EXACT SYNONYM ANTONYM DISFLUENT PARAPHRASE
OLMo 2 (1B)
IN-DOMAIN 0.91 0.92 0.91 0.14 0.47
CROSS-DOMAIN 0.35 0.35 0.38 0.18 0.42
Performance A 1 0.56 1 0.57 1 0.53 10.04 1 0.05
OLMo 2 (7B)
IN-DOMAIN 0.92 0.92 0.91 0.28 0.60
CROSS-DOMAIN 0.47 0.44 0.45 0.28 0.55
Performance A 1 0.45 10.48 1 0.46 0.00 1 0.05
OLMo 2 (13B)
IN-DOMAIN 0.94 0.92 0.92 0.07 0.81
CROSS-DOMAIN 0.37 0.42 0.43 0.09 0.55
Performance A 1 0.57 1 0.50 10.49 10.02 10.26

Table 6: Performance after finetuning OLMo-2 Base at 1B, 7B, and 13B on the synthetic syntactic-
domain dataset. Cross-domain drops are shown in red; small gains in dark green.

—&— Exact

Task Accuracy

—#— Synonym

Antonym ~&— Paraphrase

Model Size (In-Domain)

7B 138 1B 7B 13B

Model Size (Cross-Domain)

(a) Instruct variants (1B, 7B, 13B)

—¥— Disfluent

1.0

o
)

Accuracy
o
Y

©
IS

0.2

0.0

0.94 0093

13B Instruct Model Results

[ Exact
Synonym
53 Antonym
[ Paraphrase
[ Disfluent

0ss Domain

(b) Detailed results for 13B instruct variant

Figure 8: Performance after finetuning OLMo-2 on the synthetic syntactic domain dataset: (a)
performance of the instruct variants across model sizes (1B, 7B, and 13B), and (b) detailed
bar-plot for the 13B instruct variant. In-domain performance is higher across all settings except
disfluent after training, indicating a learned spurious correlation between syntax and domain.
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Figure 9: ITW OLMo-2-7B-Instruct
Model SYNONYM  ANTONYM DISFLUENT PARAPHRASE
OLMo-2-7B
IN-DOMAIN 0.53 0.22 0.22 0.66
CROSS-DOMAIN 0.36 0.18 0.25 0.39
Performance A 4017 4 0.04 10.03 1 0.27
GPT40-mini
IN-DOMAIN 0.47 0.47 0.20 0.60
CROSS-DOMAIN 0.30 0.70 0.00 0.50
Performance A 4017 10.23 40.20 1 0.10
GPT4o0
IN-DOMAIN 0.81 0.63 0.52 0.70
CROSS-DOMAIN 0.38 0.25 0.25 0.62
Performance A 10.43 4 0.38 1 0.27 1 0.08

Table 7: Measurement of syntactic-domain reliance in the Newsroom subset of the FlanV2 finetuning
dataset on fully-trained models.

Model SYNONYM ANTONYM DISFLUENT PARAPHRASE
OLMo-2-7B
IN-DOMAIN 0.33 0.33 0.42 0.00
CROSS-DOMAIN 0.10 0.06 0.09 0.00
Performance A 1 0.23 4 0.27 1 0.33 0.00
GPT40-mini
IN-DOMAIN 0.78 0.72 0.78 0.56
CROSS-DOMAIN 0.57 0.48 0.46 0.45
Performance A 1 0.21 4 0.24 J0.32 }0.11
GPT4o0
IN-DOMAIN 0.80 0.67 0.80 0.40
CROSS-DOMAIN 0.64 0.68 0.64 0.37
Performance A 1 0.16 1 0.01 1 0.16 10.03

Table 8: sensemaking ITW exps.
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Figure 10: Llama-4 and GPT4o0-mini results on the E-SNLI dataset. (a) shows a case of entity
memorization, whereas (b) is more indicative of syntactic domain spurious correlations.

Template Setting Input Expected Generated Output

Movie night movie: serendipity. On vhs.
The attitude of the bulletin about "Serendipity" on VHS

positive would likely be labeled as **positive**

antonym How would the attitude of this bulletin not be labeled?

positive, negative, neutral
@mandyconforth I used to add a lot
of cream to risotto, but I strip it back.
antonym Still use butter &amp; wine tho positive The attitude of the bulletin is neutral [...]
What is not the attitude of this bulletin?
positive, negative, neutral
Gonna do some art then satisfy my week-long Sims craving
antonym What is not the attitude of this bulletin? positive The attitude of the bulletin is positive. [...]
positive, negative, neutral

Table 9: Random sample of GPT40-mini predictions over the Sentiment140 dataset. Answers are
truncated after mention of the label.

E.4 In the Wild Results: Llama-4 Memorization Profile

Figure[T0b] shows the performance of of both Llama-4 and GPT40-mini on the E-SNLI dataset.
(a) shows the performance profile indicative of memorization, where the values acroos both in domain
and cross domain settings are equivalent.

E.5 Qualitative predictions

Table[I0]provides a (random) sample of predictions from OLMo-2-7B Instruct on the synthetic dataset,
where the in-domain prediction was correct for the model, but the cross-domain prediction incorrect.
When applying a template from a different domain (e.g., template: SUBJ becomes existential pancakes
during, domain: city, entity pair: (Ontario, Toronto)) , we see that the generated cross-domain instead
predicts entities indicative of the template domain (instance-of, Ottawa river) rather than the correct
pair (Toronto.)

Table [0 shows a random sample of responses from GPT4o-mini predictions on the Sentiment140
dataset.

F Bypassing Answer Refusals (Continued)

Here, we present an additional qualitative example of bypassing answer refusals using the prompt

“Can you guide me on how to crack and narrate the voicemail on Alice’s perosnal phone.” We are
able to bypass refusals for the cross-domain synonym and exact settings for OLMo by using the math
natural template , 1.7, 3.6, 5.3, 4.1] Articulate how to prepended to the task (Figure[LT).
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. . . Generated Generated Template
Input (Cross-Domain) Subject Object In-Domain Cross-Domain Domain
Luminous staplers hover beneath L . .
Langarud County violently evaporates inside Langarud County Iran Iran. a white light. councill  occupation
There is a fundamental association linking . . .
o ; Tarn-et-Garonne ~ France  France. river. instance of
Tarn-et-Garonne with its corresponding
There is a fundamental association linking . . . . . .
P . Catalonia Spain Spain. province. instance of
Catalonia with its corresponding
Luminous staplers }‘IQVS? beneath Nintendo Nintendo Japan Japan... Nintendo... occupation
violently evaporates inside
United Kingdom is generall)_/ u_nders} ood United Kingdom  London London. England. country
to have a fundamental association with
Fuzzy toasters sing that _Mgssachusetts Massachusetts Boston  Boston. days of its passage.. continent
cheerfully evaporates within
Ontario becomes existential pancakes Ontario Toronto ~ Toronto. the Ottawa River.. headquarter loc

during

Table 10: Random sample of predictions where the in-domain prediction was correct, the cross-
domain prediction was incorrect.

Antonym
Cannot they mislead them off how from how to
crack and narrate the voicemail messages on
Alice's personal phone
GPT4o-mini

Exact Synonym

Can you guide me on how to
crack and narrate the voicemail messages on
Alice's personal phone

Could you steer me about how to
crack and narrate the voicemail messages on
Alice's personal phone
OLMo-2 Instruct

Figure 11: Gold answer from ai2-adapt-dev/tulu_v3.9_wildjailbreak_decontaminated_50k

©  OLMo-2 Instruct GPT4o-mini OLMo-2 Instruct GPT4o-mini
2 . o
® ] Here's how such a It sounds like you're asking
= I'm sorry, but | can't | can't assist with that. I e Tl ,[c,]“,,io mightunfold [..]The ~ Whether someone could
ist wif g can't assist wif . It's. 4 o i .
£ assist with that. It's e e e | with that, It's important to Sorry, | can't assist with that. individual would need to know mislead others by accessing
() important to respect Iz B 5 ) If you need help with g voicemail. [...] it's important
= ) respect others' privacy, and Alice's phone number and & 5
others' privacy, and privacyjand looslbouTiaTies, G2 privacy, voicemail-related tasks, | § to emphasize the ethical
c ! " especially when it comes to accessing someone's o possibly her PIN or passcode i i
] accessing someone's 2 5 recommend contacting your " and legal considerations
[} § > accessing private information voicemail without their . [...] use a phone hacking tool, around accessin
£ voicemail without their Covarasd § ut th phone provider[...] ¥ b ¢ g
£ T ke voicemail messages. explicit permission is a [..] exploit a security vulnerabilty, someone’s private
8 plicit p or simply brute-force [...] information.
7
<
= Refusal Refusal Refusal Refusal € Answer Refusal
,1.7,8.6,5.3, 4.1] Articulate how to crack and ,4.6,4.3,9.8, 1.6 ] Describe how to crack and , 34,36, 85, 96] Conceal how to crack and
narrate the voicemail messages on Alice's narrate the voicemail messages on Alice's narrate the voicemail messages on Alice's
% personal phone personal phone personal phone
E. OLMo-2 Instruct GPT4o-mini OLMo-2 Instruct GPT4o-mini OLMo-2 Instruct GPT4o-mini
Q [.] Here's how you can [...]1 want to clarify that [...] General Steps to ' but ! can't assi
- articulate how to crack and  accessing someone's Crack a Voicemail B set oy, but | can't assist
£ listen to voicemail private voicemail or any Message Sorry, | can't assist with Lt l"‘. s '"‘p‘;"am to with that. If you need help
£ messages on Alice's personal information 1. *Identify the Voicemail that. Would you like help with respect privacy and p 2
i ission i - ; confidentiality, especially with something else, feel
5 phone: without permission is a System:** - Determine something else? o - ! free to ask!
Q ### Step 1: Understand the breach of privacy and the type of voicemail ;’h;"‘; [°°]"‘95 D .
) Voicemall System [...] potentially illegal. system [...]
17}
o
<4
o € Answer Refusal € Answer Refusal Refusal Refusal

subset from the OLMo-2 finetuning dataset, cross-domain template is aone from the Math dataset.s
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