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Abstract

Large Language Models have been shown to con-
tain extensive world knowledge in their parame-
ters, enabling impressive performance on many
knowledge intensive tasks. However, when de-
ployed in novel settings, LLMs often encounter
situations where they must integrate parametric
knowledge with new or unfamiliar information.
In this work, we explore whether LLMs can com-
bine knowledge in-context with their parametric
knowledge through the lens of counterfactual rea-
soning. Through synthetic and real experiments
in multi-hop reasoning problems, we show that
LLMs generally struggle with counterfactual rea-
soning, often resorting to exclusively using their
parametric knowledge. Moreover, we show that
simple post-hoc finetuning can struggle to instill
counterfactual reasoning ability — often leading to
degradation in stored parametric knowledge. Ulti-
mately, our work reveals important limitations of
current LLM’s abilities to re-purpose parametric
knowledge in novel settings.

1. Introduction

Large Language Models (LLMs) internalize extensive world
knowledge during pretraining, powering tasks like open-
domain QA, fact retrieval, and knowledge-base completion
(Petroni et al., 2019; Liu et al., 2019; Roberts et al., 2020).
Benchmarks such as NaturalQuestions and HotpotQA focus
on recall and multi-hop composition but do not require
integrating novel premises at inference time (Yang et al.,
2018; Kwiatkowski et al., 2019). For example:

“If Paris were located in Italy, in which country
would the Eiffel Tower stand?”
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Answering this demands two capabilities: Contextual Over-
ride—suppressing “Paris is in France”—and Selective Re-
trieval—retaining the Paris—Eiffel Tower link. Standard
benchmarks do not probe this dual requirement.

Prior work on retrieval-augmented generation illustrates
how external documents can both aid and confuse LLMs
when facts disagree (Lewis et al., 2021), and studies of
grokking transformers show multi-hop chaining without
dynamic premise integration (Wang et al., 2024a). How-
ever, none systematically evaluate counterfactual multi-hop
reasoning against a pretrained knowledge graph.

We ask: Can modern LLMs combine stored knowledge
with in-context counterfactual premises to answer multi-
hop queries correctly?

To address this, we introduce synthetic graph-based and real-
world causal benchmarks that isolate reinforcing, additive,
contradictory, and irrelevant contexts; empirically analyze
GPT-4o0 to identify context-ignoring and context-overfitting
failure modes under standard, chain-of-thought, and fine-
tuned prompts; demonstrate that simple post-hoc fine-tuning
yields only marginal gains on counterfactual tasks and can
degrade performance on factual benchmarks; and discuss
implications for interactive systems, retrieval-augmented
pipelines, and safety-critical applications requiring accurate
conditional reasoning.

Our results reveal a fundamental limitation: despite pow-
erful fact memorization and retrieval, current LLLMs lack
mechanisms to dynamically modify their internal knowl-
edge graph in response to new or conflicting information.
Addressing this gap will require novel modeling and training
paradigms.

2. Related Works

Multi-Hop QA Multi-hop QA benchmarks measure a
model’s ability to chain stored facts but do not test inte-
gration of new premises. Yang et al. (2018) introduce a
dataset for contextual multi-hop QA, and Wang et al. (2024a)
show that transformers can chain relations in a synthetic
“grokking” regime. Real-world analyses compare reasoning
over different relation types (Yang et al., 2024) and investi-



gate how intermediate entities emerge in transformer layers
(Biran et al., 2024). In contrast, we examine how LLMs
combine parametric memory with in-context information.

Knowledge Conflicts LLMs face knowledge conflicts
when external context contradicts internal facts. Techniques
like contextual decoding constraints (Yuan et al., 2024)
and attention pruning (Li et al., 2025) enforce premises,
while closed-book QA relies solely on retrieved parame-
ters (Petroni et al., 2019; Roberts et al., 2020). Retrieval-
augmented methods (REALM (Guu et al., 2020), RAG
(Lewis et al., 2021), DPR (Karpukhin et al., 2020), FiD
(Izacard & Grave, 2020)) merge external evidence, and
finer-grained approaches like AdaCAD (Wang et al., 2024b)
and CD2 (Jin et al., 2024) balance parametric and contextual
sources. However, none target selective retention of stored
knowledge under counterfactual premises.

Causal Reasoning and Counterfactuals in NLP Coun-
terfactual reasoning with LLMs remains challenging.
Benchmarks such as CLadder (Jin et al., 2023), QRData
(Liu et al., 2024), and CounterBench (Chen et al., 2025) re-
veal poor performance on formal causal and counterfactual
tasks. Critics argue LLMs often “parrot” causal patterns
from data rather than infer causally (Zecevi€ et al., 2023),
and Yamin et al. (2024) detail failures like over-reliance on
parametric knowledge. While methods exist for generating
faithful explanations (Gat et al., 2024) or counterfactual
tokens (Chatzi et al., 2024), a systematic study of multi-hop
counterfactual integration is still lacking.

3. Experiments on Real-World LLMs

3.1. Problem Formulation for a Causal Case

We inject contextual information at test time. For example,
if the model’s parametric knowledge includes Y; — Y»
and prompt asserts Yo — Xy, can it deduce Y7 — Xy?
Results shown in main paper are for GPT 40 (OpenAl et al.,
2024), and LLama 3.1 8B (Grattafiori et al., 2024) results
can be found in the Appendix. We categorize contextual
edits into four partitions (all prompts and code are in the
appendix/supplement):

1. Scenario 1 (Reinforcing Prior Knowledge): Prompt-
ing the LLM with a relationship already present in its
prior knowledge graph, thereby reinforcing an existing
edge. Example: Given excessive rain causes flood-
ing, query whether excessive rain causes infrastructure
damage.

2. Scenario 2 (Adding New Information): Prompting
the LLM with scenario-specific information necessary
to answer the query, but absent from its parametric
knowledge graph, akin to adding an edge. Example:
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Figure 1. Causal Counterfactual Plots comparing standard GPT-4o,
GPT-40 CoT and GPT-40 Fine tuned Results. (a) Counterfactual
Reinforces Prior, (b) Counterfactual Adds new Information, (c)
Counterfactual Conflicts with Prior, (d) Counterfactual is Irrelevant
to Prior and Query. 95 % Cl is shown.

Informing the LLM that excessive rain causes Timmy
to eat vegetables, and querying whether excessive rain
improves Timmy’s health.

3. Scenario 3 (Contradicting Prior Knowledge):
Prompting the LLM with information that strongly con-
tradicts its existing parametric knowledge, equivalent
to replacing an edge in its prior knowledge graph. Ex-
ample: Informing the LLM that excessive rain causes
desert expansion and querying whether excessive rain
promotes cactus growth.

4. Scenario 4 (Irrelevant Information): Prompting the
LLM with unrelated information, akin to providing an
edge from a disconnected knowledge graph. Exam-
ple: Informing the LLM that fatty food consumption
causes heart attacks, and querying whether excessive
rain leads to flooding.

3.2. Prompting Methods

We compare three strategies: Standard—direct causal query;
CoT—chain-of-thought prompting; F7T—fine-tuning on
counterfactual examples with CoT explanations (160 ex-
amples, hyperparameters in Appendix). Models are queried
over either 1 or two counterfactual hops for simplicity.



3.3. Results

We ask a binary cause/non-cause question (random baseline
50%). Figure 1 reports GPT-40 accuracy across scenarios.

3.3.1. SUCCESS WHEN CONTEXT DOES NOT OPPOSE
PRIOR

We see that in Scenario 1 where we reinforce prior knowl-
edge, Figure la shows that standard prompting achieves
around 85% accuracy, with CoT accuracy rises above 95%,
and FT further closes errors to near 100% with low variance
across trials. These results together demonstrate that when
contextual information reinforces existing knowledge, mod-
ern LLMs like GPT-40 can reliably utilize their parametric
knowledge without being misled by the prompt. Such robust-
ness provides a useful baseline against which to compare
the more challenging counterfactual scenarios in Scenarios
2 and 3.

3.3.2. FAILURE WHEN CONTEXT ADDS NEW
INFORMATION OR CONTRADICTS PRIOR

In the adding-information scenario 2 plotted in Figure 1b,
CoT yields ~80% accuracy (30% above random) but shows
variability across relation types; FT improves this to ~85%
by reinforcing task-specific patterns. Under conflicting
premises plotted in Figure 1¢, CoT performance collapses to
near the 50% baseline, with responses oscillating between
stored and contextual facts. Fine-tuning partially mitigates
this, lifting accuracy to ~=75%, yet significant errors persist,
highlighting the difficulty of overriding strong parametric
priors. As such, it becomes clear that the greatest hurdle
we encounter is information that conflicts with our prior. In
a sense, scenario 2 , the second worst performance, where
we add new information can be viewed as a weaker version
of prior conflicting information. For example, if we look
back at the previous example where we inform the LLM that
excessive rain causes Timmy to eat vegetables, the LLM
likely has a weak prior that rain does not cause kids to eat
vegetables in general.

3.4. Mixed Results for Irrelevant Information

In the irrelevant-information scenario 4 plotted in Figure 1b,
standard prompts receive around ~65% accuracy, while
CoT recovers to ~75% and FT boosts performance to
~90%. It should be noted that LLama 3.1 8B results (ap-
pendix) show finetuning reduces performance. As such, we
see mixed signals in this regime, possibly owing to the large
difference in parameter sizes in these models.

4. Conceptual Experiments in Toy Setting

In the previous section, we demonstrated that state-of-the-
art LLMs can struggle to perform counterfactual reasoning

tasks and that simple fine-tuning can be insufficient to over-
come this. In this section, we perform experiments in a more
controlled setting to better understand the origins of this lim-
itation. This setting can be viewed as a generalization of
the causal inference setting studied in the previous section —
where previously we considered only a single relation (of
causality).

4.1. Setup

We adapt Wang et al. (2024a)’s synthetic knowledge graph
(entities &, relations R). Facts are Atomic or Multi-Hop
paths. Atomic Facts represent only a single edge in the
knowledge graph (i.e. entl — > rl — > ent2). On the other
hand, Multi-Hop Facts represent a composition of two
atomic facts (i.e. entl — >rl — >ent2 — > 12 — > ent3).
Pretraining follows Wang et al. (2024a) (including trans-
former layer setup), ensuring greater than 99% validation
accuracy on multi-hop composition. We perform the pre-
training stage using the hyper-parameters reported in Wang
et al. (2024a). We extend this to counterfactual multi-hop
QA: given a novel atomic counterfactual premise, answer a
multi-hop query assuming it’s true, testing integration with
parametric knowledge.

Counterfactual Finetuning For simplicity, we concen-
trate our work on two-hop settings. We then have three
possible types of counterfactual multi-hop queries. Hop
1-Relevant are those in which the counterfactual premise
supplied is relevant to the first hop of the multi-hop rea-
soning problem. Hop 2-Relevant are those in which the
counterfactual premise is relevant to the second hop of the
multi-hop reasoning problem. Both of these are classified
as Related queries. Finally, Unrelated queries are those in
which the counterfactual premise should not effect the out-
come of the final query. We ensure that the counterfactual
fine-tuning dataset is balanced across these three catagories
to mitigate shortcut learning.

4.2. Findings

Counterfactual Finetuning Induces Shortcuts Figure 2a
shows that, although finetuning quickly drives accuracy on
relevant counterfactual queries to high levels, performance
on irrelevant queries remains poor—even when training
on a balanced mix. Our results point to the learning of
a shortcut solution whereby the model becomes induced
to always override its contextual knowledge even when
the counterfactual premise is irrelevant. We additionally
examine the sensitivity of this behavior to finetuning hyper-
parameters in Figure 2b, finding that it arises across a range
of learning rates.

Performance Degradations Not a Result of Format
Change One potential explanation for the difficulty in
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Figure 2. Exploration in a Conceptual Setting. (a) Counterfac-
tual finetuning accuracy vs. epochs (stratified by query relatedness).
(b) Effect of learning rate on counterfactual accuracy. (c) Accu-
racy on unrelated counterfactual examples when finetuning on
“Unrelated Only” data. (d) Accuracy on unrelated counterfactual
examples when performing counterfactual-augmented pretraining
(for clarity, we omit the related counterfactual case, which is near
100% and similar across methods).

introducing counterfactual reasoning could be the mismatch
in format between the original presentation of knowledge
and the counterfactual style prompts. To isolate the impact
of prompt format, we finetuned on an “Unrelated Only”
dataset (Figure 2c¢), where counterfactual premises never
affect the correct answer—so the model only needs to adapt
to a new prompt style while relying on its existing paramet-
ric knowledge. Achieving near perfect accuracy shows that
format changes (or generic forgetting) don’t drive the drop
in performance; instead, the core difficulty lies in teaching
the LLM to conditionally override its parametric knowledge
without corrupting it.

Effect of Incorporating Counterfactual Data in Pretrain-
ing We explored adding counterfactual data to pretraining
(augmenting 20% of KG edges, Figure 2d). Incorporating
counterfactual data indistinguishably from other pretrain-
ing data (Augmented in plot) or marking it with a special
token (Marked-Augmented in plot) in pretraining induce
good accuracies across the different groups of counterfac-
tual points (i.e unrelated and related). Marked-Augmented
performances converges faster than the Augmented case.
However, while we find that interleaving counterfactual data
into pretraining induces counterfactual reasoning, regular
fact learning is slowed as can be seen in Figure 3 where we
plot factual Marked-Augmented performances . This sug-
gests a tradeoff between learning counterfactual reasoning
and facts at pretraining-time. It is possible that counterfac-

Factual CoT Task

Accuracy

2 4 6 8 10
Pre-Training Steps

Figure 3. Fact Learning when Counterfactuals are Incorpo-
rated in Pretraining Fact Learning is slowed when counterfactual
data is interleaved into pretraining (with a special token). 95 % CI
shown.

tual tasks introduce interfering gradients which contribute
to the suppression of parametric knowledge.

5. Discussion

Our work highlights LLM challenges in counterfactual rea-
soning requiring dynamic integration of parametric and con-
textual knowledge. Experiments show LLMs often default
to parametric knowledge or fail to balance contextual over-
ride with selective retrieval. Simple finetuning is limited,
inducing shortcuts or degrading knowledge. Pretraining
with counterfactual data, while improving such reasoning,
can also harm factual task performance. These findings
point to a core limitation: current LLMs lack robust mech-
anisms for on-the-fly, conditional use of their parametric
knowledge.

6. Limitations

While our study sheds light on the challenges LLMs face in
integrating parametric knowledge with novel counterfactual
premises, it is subject to several limitations. Our synthetic
benchmarks abstract away many complexities of real-world
reasoning. In the toy setting, counterfactual premises are
expressed as single-edge edits to a static knowledge graph
and queries are limited to two-hop chains. Many real-world
scenarios often involve multi-predicate interactions, ambigu-
ous or probabilistic relationships, and noisy or conflicting
evidence from multiple sources. What is significant is that
we show how models struggle even under these simpler
circumstances.

Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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Appendix

All code is in supplementary materials

A. Causal Case
A.1. Full Prompt Library
Below are every prompt template employed in our experiments. Placeholders (‘<...>‘) were dynamically filled in the code

with the appropriate event names or lists, as described below.

Placeholder Definitions:

* ‘<Cause>‘: The event assumed to be the cause in the causal-query prompt (e.g., “Rain”).

 ‘<Effect>‘: The event assumed to be the effect in the causal-query prompt (e.g., “Flooding”).

* ‘<Query>‘: The event whose causal relationship is being queried (e.g., “Crop Growth™).

* ‘<Target>‘: The event we are checking if ‘<Query>‘ causes (e.g., “Food Supply Increase”).

* ‘<PrevEvent>‘: The most recently generated event in the chain when expanding synthetic event sequences.

» ‘<ExistingList>‘: A serialized list of all previously generated events in that chain (as a Python list string), used to
prevent duplicates.

A.2. A. General Causal-Query Prompts
1. Standard (Direct) Prompt

Assume that <Cause> causes <Effect>.

Given this statement, does <Query> logically cause <Target>?
Only output your answer as <answer>Yes/No</answer>"

Feel free to extrapolate beyond the given context.

2. Chain-of-Thought (CoT) Prompt

Assume that <Cause> causes <Effect>.

Please think step by step

to decide whether <Query> logically causes <Target>.

Then output your reasoning and your answer: <answer>Yes/No</answer>

> **Fine-Tuned** model runs used these exact templates but pointed at the fine-tuned checkpoint.

A.3. Event Chain Generation Prompts

1. Causal Chain Expansion

generate an event that is caused by the event: <PrevEvent>

(if this event is empty pick a random choice, do not simply

ever output the text "if this event is empty pick a random choice"),
for example Cancer -> Death or Obesity —-> Bad Heart Health.

Use an arrow between the two events such that <PrevEvent> is

the first item in the chain. Make sure the event you generate

is not already in the list: <ExistingList>. Make sure the

output only includes the two events with an arrow between them.
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Figure 4. LLama 3.1 8B Causal Counterfactual Plots, Scenario 1 Counterfactual Reinforces Prior, Scenario 2- Counterfactual Adds new
Information, (c) Scenario 3- Counterfactual Conflicts with Prior, Scenario 4- Counterfactual is Irrelevant to Prior and Query. 95 % CI is
shown.

2. Anticausal Chain Expansion

generate an event that is anticausal to <PrevEvent>

(meaning the effect is actually the opposite of what it should be),
for example Cancer —-> Longer Life or Obesity —> Weight Loss.

Use an arrow between the two events. Make sure the event you
generate is not already in the list: <ExistingList>. Output

only the two events with an arrow between them.

3. “Irrelevant” Transition Event

generate a random event that is a result of <PrevEvent>
(meaning this is a specific strange scenario), for example
Rain -> Increased Chocolate Eating or Obesity —-> Warm Weather.
This event should not typically be a result of <PrevEvent>.
Use an arrow between the two events. Start with <PrevEvent>
and separate the events with an ->.

4. Post-Transition Chain Expansion

generate an event that is caused by the event: <PrevEvent>
(if this event is empty pick a random choice), for example
Cancer —-> Death or Obesity —-> Bad Heart Health.

Use an arrow between the two events such that <PrevEvent>
is the first item in the chain. Make sure the event you
generate is not already in the list: <ExistingList>.
Output only the two events with an -> between them.

B. Llama Results

In these results in Figure 4 , we see similar trends to the GPT-4o results except that we see Fine Tuning producing decreased
accuracy for irrelevant counterfactuals. This mirrors what we see in the toy example.
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C. GPT Finetuning HyperParameters
Trained tokens: 38,754 Epochs: 3 Batch size: 1 LR multiplier: 2

D. LLama 3.1 8B Finetuning HyperParameters
Epochs: 5, LoRA Rank:8,Learning Rate: 0.0001, Max Context Length:8192

E. LLM Usage

Our paper focuses on examining the reasoning abilities of Language Models. We do not use a language model to assist with
writing.

F. Compute

In our toy experiment, we used 4 gpus per experiment. The GPU used was NVIDIA A6000 and we had a total of 72 GPU
hours.
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