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Abstract
Task interference, the performance degradation caused by task switches within a single conversation, has been
studied exclusively in text-only settings despite the growing prevalence of multimodal dialogue systems. We
introduce a benchmark for evaluating this phenomenon in multimodal LLMs, covering six tasks across text and
vision with systematic variation of history-target along three axes: modality mismatch, reasoning mismatch, and
answer format mismatch. Experiments on both open-weights and proprietary models reveal that task interference is
highly directional: switching from text-only to image-based targets causes severe performance drops, while the
reverse transition yields minimal degradation. Interference is further amplified when mismatches co-occur across
multiple dimensions, and is driven most strongly by modality differences, followed by answer format, while reasoning

requirement shifts cause minimal degradation.
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1. Introduction

Large language models (LLMs) have achieved
strong performance across a wide range of tasks,
including question answering, image captioning,
and sentiment classification (Brown et al., 2020;
OpenAl, 2023). In real-world dialogue scenarios,
users frequently perform multiple tasks in succes-
sion within a single conversation. When the input
transitions from one task (e.g., image captioning)
to another (e.g., textual question answering), a phe-
nomenon known as task switching occurs (see Fig-
ure 1 for an illustrative example). Such transitions
can lead to a decline in model performance, an
effect termed task interference (Gupta et al., 2024).

Although task interference has been documented
in text-only settings, existing studies do not account
for the multimodal nature of modern dialogue sys-
tems, which increasingly involve both text and im-
ages. This gap motivates the need for a dedicated
evaluation framework that can systematically quan-
tify how different types of mismatches between dia-
logue history and target inputs affect model perfor-
mance. Beyond modality considerations alone, we
hypothesize that the compatibility between reason-
ing requirements and answer format (e.g., classifi-
cation versus generation) also plays a significant
role in determining the degree of interference.

To address this need, we introduce a bench-
mark designed to evaluate task interference in
multimodal LLMs. Our benchmark is built around
three central research questions. First, how does a
modality mismatch between history and target (e.g.,
transitioning from image-based to text-based input)
affect model performance? Second, how does a
reasoning mismatch, such as switching from com-
monsense question answering to factual recall, in-

( . . . . N
History of image captioning
User: What is shown in the image?

System: A house on top of a
mountain..

User: What is shown in the image?

System: A cat is gazing into the
distance. .

User: What is the capital of France?

System: Sorry, I can't find the image. X(Incorrect)

- J

Figure 1: An illustrative example of multimodal
task interference. After processing a conversa-
tional history of image captioning tasks, the model
is prompted with a text-only question. The sudden
task switch causes the model to erroneously expect
a visual input, leading to a failure in answering a
simple factual question.

fluence accuracy? Third, how does an answer
format mismatch, such as transitioning from classi-
fication to generation, affect output quality?

The benchmark encompasses six diverse
datasets covering sentiment classification, multiple-
choice question answering, open-ended question
answering, image captioning, and visual question
answering. By constructing varied history-target
configurations across these datasets, we enable
controlled analysis of each mismatch dimension.
We apply this benchmark to both open-weights and
proprietary multimodal LLMs, allowing a direct com-
parison between the two categories under a unified
evaluation protocol.
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Dataset Task Type Modality (M) Reasoning (R) Answer Format (.A)
Rotten Tomatoes  Sentiment Classification Text-only No Classification
MMLU Multiple-choice QA Text-only Yes Multiple-choice
TweetQA Open-ended QA Text-only No Generation
VQAv2 Visual QA Image + Text No Short-answer
OK-VQA Visual QA Image + Text Yes Short-answer
COCO Captions Image Captioning Image + Text No Generation

Table 1: Overview of the six datasets used in our benchmark, categorized by the three axes of our task
interference framework: Modality (M), Reasoning requirement (R), and Answer Format (A).

Our results reveal that task interference in multi-
modal LLMs is highly directional and multifaceted.
Cross-modal transitions exhibit a stark asymmetry:
switching from text-only histories to image-based
targets causes catastrophic performance drops,
while the reverse yields minimal interference. Fur-
thermore, simultaneous mismatches across multi-
ple dimensions compound this degradation, demon-
strating that modality mismatch alone cannot fully
explain the interference. Models also show suscep-
tibility to answer format changes but unexpected
robustness to shifts in reasoning, highlighting the
crucial role of structural and cognitive compatibility
in dialogue stability.

Our contributions are: (1) a benchmark for eval-
uating task interference in multimodal LLMs along
three axes (modality, reasoning, and answer format
mismatch); (2) a comprehensive empirical study
across six datasets with both open-weights and
proprietary models; and (3) evidence that while
modality switches cause significant interference,
the performance degradation is most severe when
compounded by simultaneous mismatches in rea-
soning requirements and answer formats.

2. Related Work

2.1. Multimodal Large Language Models

Multimodal large language models (MLLMs) extend
LLMs to handle inputs across text and image modal-
ities. Pioneering work such as Flamingo (Alayrac
etal., 2022) demonstrated few-shot learning over in-
terleaved image—text sequences, and subsequent
systems including LLaVA (Liu et al., 2023), GPT-
4 (OpenAl, 2023), and Qwen3-VL (Bai et al., 2025)
have further advanced vision-language alignment
and general-purpose assistant capabilities. As
these models are increasingly deployed in multi-
turn dialogue settings, the effect of accumulating
heterogeneous conversational history becomes
a practical concern. Prior work on long-context
LLMs has shown that performance degrades non-
uniformly as context grows, with information in the
middle of long inputs being systematically over-
looked (Liu et al., 2024). In multimodal dialogues,

this challenge is further compounded by cross-
modal history, motivating dedicated analysis of how
different history compositions affect model behav-
ior.

2.2. Task Interference

Task interference in LLMs has been studied both as
a problem to mitigate and as a phenomenon to an-
alyze. From the mitigation side, Chen et al. (2023)
and Shen et al. (2024) propose mixture-of-LoRA ar-
chitectures to reduce cross-task conflicts in MLLMs.
From the analysis side, Gupta et al. (2024) formally
define task interference as the performance degra-
dation caused by task-switched conversational his-
tory in text-only settings, demonstrating significant
accuracy drops across multiple task configurations.
However, their analysis is limited to unimodal text
settings and does not account for modality switches.
Our work extends this line of research to multimodal
dialogue by systematically evaluating interference
along three axes of modality, reasoning require-
ment, and answer format, revealing interference
patterns that text-only studies cannot capture, par-
ticularly a stark asymmetry in cross-modal transi-
tions.

3. Task Interference

We formalize task interference in MLLMs. Let f
be a model evaluated on a target task Tig with
input zig and reference wygt. In a conversational
setting, the model is conditioned on a dialogue
history H = {(z;,v:)}}, of length N.

To systematically isolate the effect of task switch-
ing, we distinguish between two types of dialogue
history:

+ Same-task History (Hsame): The history con-
sists of examples from the target task itself
(T = Tigt), effectively acting as in-context
learning.

» Switched-task History (Hgwitch): The history
is sampled from a different task (Ty # Tig),
introducing a task switch.
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We quantify Task Interference, Agv”izch, as the
relative performance degradation caused by a task
switch compared to the ideal scenario where the
context is consistent with the target task. Given
an evaluation metric E, let Eqyitch and Esame be the
performance scores under the switched-task and

same-task histories, respectively:

Eswitch = E(f (Hswitch, tgt) Higt) s
Esame = E(f(Hsame7 -Ttgt)v ytgt)7

where f(H,xig) denotes the model output when
conditioned on the dialogue history H followed by
the target input zg;. We then define the switch cost

as:

(%) _ FEsvitch — Esame
Aswitcn = 100 —
same

Unlike prior studies (Gupta et al., 2024) that
measure interference against a zero-shot base-
line (H = (), our formulation isolates the specific
impact of the task switch. By holding the pres-
ence of a conversation history constant, we control
for confounding factors inherent to conversational
prompting, such as increased context length, gen-
eral in-context learning dynamics, and suscepti-
bility to format failures. Task interference occurs

when Agfﬁch < 0, indicating that a switched-task
history degrades performance compared to a rele-
vant, same-task history.

To analyze the drivers of this interference, we
characterize any task T'as a tuple T'= (M, R, A),
representing modality (e.g., text-only, image+text),
reasoning requirement (e.g., factual recall, com-
monsense), and answer format (e.g., classification,
generation). While a task switch occurs whenever
the overall task changes (Ty # Tigt), the specific
attributes between the history and target tasks can
independently match or differ. Therefore, within
switched-task scenarios, we define the relationship
along each axis as either a match (the attribute
remains identical) or a mismatch (the attribute dif-
fers). Our benchmark evaluates interference by
comparing these matched and mismatched con-
ditions across three specific dimensions: modal-
ity (Mg = Mg VS. Mg # M), reasoning
(Ry = Rigt V8. R # Rig), and answer format
(Ag = Agt vs. Ag # Agr)-

4. Experiments

We systematically evaluate model performance
across all history-target, as detailed in the next
section.

4.1.

We use six benchmark datasets as shown in Ta-
ble 1, spanning diverse task types and input modal-

Target Tasks and Datasets

ities. Our dataset selection is guided by three crite-
ria: (1) covering both text and image modalities to
evaluate modality-specific and cross-modal inter-
ference, (2) controlling task difficulty by including
tasks that require commonsense reasoning versus
those that rely mainly on surface-level understand-
ing, and (3) incorporating both classification/QA
tasks with clear-cut answers and generation tasks
where the output is inherently open-ended.

Table 1 shows the datasets classified in terms
of these criteria. For text-based tasks, we use
Rotten Tomatoes (Pang and Lee, 2005) for bi-
nary sentiment classification (commonsense not
required), Massive Multitask Language Under-
standing (MMLU) (Hendrycks et al., 2021) for
multiple-choice question answering in the math-
ematics domain (requiring multi-step reasoning),
and TweetQA (Xiong et al., 2019) for open-ended
QA over social media posts (commonsense not
required). For image-based tasks, we include OK-
VQA (Marino et al., 2019), which requires external
commonsense knowledge beyond visual content,
VQAVv2 (Goyal et al., 2017), which focuses on ob-
ject recognition with minimal reasoning, and COCO
Captions (Lin et al., 2014) for open-ended image
caption generation. We examine LLM performance
on all combinations of these datasets.

4.2. Multimodal Large Language Models

To comprehensively assess task interference, we
evaluate four representative multimodal large lan-
guage models, encompassing both proprietary API-
based and open-weights architectures.

For the proprietary model, we evaluate GPT-
4.1-mini' (OpenAl, 2023). For the open-weights
models, we evaluate Gemma-3n? (Gemma Team,
2025), Qwen3-VL? (Yang et al., 2025), and Pix-
tral* (Agrawal et al., 2024). By including models
with varying parameter scales and fusion mecha-
nisms, we aim to determine whether susceptibility
to task interference is a universal characteristic of
multimodal systems or highly model-dependent.

4.3. Experimental Setup

For all evaluated models, the input prompts contain
N =1,3,5 randomly sampled history examples fol-
lowed by a target input. For tasks involving images,
visual inputs are passed through each model’s na-
tive multimodal interface by substituting image-slot
tokens in the prompt template with base64-encoded
image representations.

Tept-4.1-mini-2025-04-14
2google/gemma-Bn-E4B-it
3Qwen/Qwen3-VL-3®B—A3B—Instruc’c
“mistralai/Pixtral-12B-2409
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Modality (%)

Reasoning (%) Answer Format (%)

mismatch  match A mismatch  match A mismatch  match A
N=1
GPT-4.1-mini -8.89 -7.65 -1.24 -5.35 -11.88 6.53 -8.44 -8.12 -0.32
Gemma-3n -10.49 -11.48 0.99 -10.84 -10.94 0.10 -11.11 -9.39 -1.72
Qwen3-VL -9.50 2.65 -12.15%* -4.29 -5.03 0.74 -5.35 -0.03  -5.31*
Pixtral -6.15 -1.34 -4.81*** -4.05 -4.42 0.38 -3.83 -6.75 2.91
N=3
GPT-4.1-mini -16.63 -11.55 -5.09** -13.49 -15.87 2.38 -15.41 -9.33  -6.08"
Gemma-3n -22.79 -20.50 -2.29* -22.05 -21.67 -0.38 -21.94 -21.43 -0.52
Qwen3-VL -14.58 -1.02 -13.56*** -7.74 -10.78 3.05 -8.96 -10.41 1.45
Pixtral -8.54 -2.22 -6.31*** -5.17 -6.97 1.80 -5.66 -8.30 2.64
N=5
GPT-4.1-mini -19.99 -14.02 -5.97** -16.25 -19.15  2.91 -18.48 -11.90 -6.58**
Gemma-3n -25.25 -21.66 -3.60* -23.68 -23.97 0.29 -24.25 -21.02 -3.23
Qwen3-VL -14.87 -3.18  -11.69*** -8.93 -11.63 2.70 -10.45 -8.52 -1.93
Pixtral -11.09 -4.39 -6.69*** -8.14 -8.72 0.58 -8.09 -10.46 2.37

Table 2: Axis-wise means (%) for mismatch and match groups, and their difference (A = mismatch -
match). Significance marks on A: Welch’s t-test (*p < 0.05, **p < 0.01, ***p < 0.001).

To investigate the precise impact of a task switch,
we adopt a teacher-forcing approach when con-
structing the history prompts. Specifically, the re-
sponse for each history example is taken directly
from the ground-truth label or reference text. This
methodology ensures that the dialogue context is
perfectly accurate and eliminates the confound-
ing factor of model generation errors propagating
through the conversation.

To ensure the reproducibility and statistical ro-
bustness of our results, all experiments are con-
ducted across five different random seeds for each
condition. For each seed, we resample the his-
tory examples to account for variance in in-context
example selection. Throughout these trials, the de-
coding temperature is set to 0 to eliminate stochas-
ticity in model outputs, ensuring that observed vari-
ance reflects only the effect of history composition.

For the open-weights models, all local inference
was conducted on a single NVIDIA H200 GPU us-
ing the vLLM inference framework (Kwon et al.,
2023). For evaluation, we use the initial 1,000 in-
stances from the test split of each target dataset.

4.4. Evaluation Metrics

To assess model performance, we select primary
evaluation metrics tailored to the specific output for-
mat of each dataset. For classification and multiple-
choice question answering tasks, specifically Rot-
ten Tomatoes and MMLU, we report standard accu-
racy. For open-ended textual question answering
on TweetQA, we evaluate the responses using the
F1 score to measure the token-level overlap with
the reference answers.

For visual question answering tasks, encompass-
ing VQAv2 and OK-VQA, we employ the standard

VQA accuracy metric to account for human annota-
tor variance. Finally, for the open-ended image cap-
tioning task on COCO Captions, we use the CIDEr
metric (Vedantam et al., 2015), which effectively
evaluates the consensus between the generated
caption and human reference captions.

Since the absolute scales of these metrics vary
significantly (e.g., CIDEr scores versus standard
percentages), we evaluate the switch cost using
the relative percentage change (Agjgch) as defined
in Section 3. This normalization enables a unified
and fair comparison of task interference across all
datasets and diverse metric types.

5. Results and Discussion

We organize our findings according to three hypoth-
esized factors contributing to task interference: (1)
modality mismatch, (2) reasoning mismatch, and
(3) answer format mismatch.

5.1. Effects of Task Interference along
Three Axes

Table 2 presents the performance changes across
the three mismatch axes. We observe a consistent
trend where performance generally degrades even
in the “match” conditions. This demonstrates that
the mere occurrence of a task switch, shifting from
one dataset to another while preserving the same
modality, reasoning requirement, or answer for-
mat, inherently harms model accuracy. This base-
line degradation strongly aligns with prior findings
on task interference in text-only dialogue settings
(Gupta et al., 2024). Building upon this observa-
tion, we dissect the additional interference induced
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Figure 2: A heatmap visualizing the performance
drop (relative change in %) across all pairwise com-
binations of history and target datasets for GPT-4.1-
mini with a history length of N = 3.

specifically by mismatches along each of our three
proposed axes.

Modality Mismatch Modality mismatch generally
induces severe task interference, often being the
most dominant factor across the evaluated models.
While the impact varies in the single-shot setting
(N = 1), increasing the history lengthto N = 3
and N = 5 reveals significant performance degra-
dation for all models. For instance, Qwen3-VL ex-
periences a massive drop with a A of -12.15%
even at N = 1. Similarly, as the context length-
ensto N = 5, GPT-4.1-mini and Gemma-3n show
significant decreases of -5.97% and -3.60%, re-
spectively. These results suggest that multimodal
models struggle heavily to adapt when the input
modality shifts between the dialogue history and
the target prompt.

Reasoning Mismatch Interestingly, the data in-
dicates that models are highly robust to shifts in
reasoning requirements. Across almost all mod-
els and history lengths, the A values for reason-
ing mismatch are positive or near zero, and none
reach statistical significance for negative degrada-
tion. For example, GPT-4.1-mini demonstrates a
positive A of 6.53% at N = 1. This implies that
switching between different cognitive tasks does
not penalize model performance. In fact, maintain-
ing the exact same reasoning type in the history
might occasionally lead to over-conditioning on spe-
cific patterns, resulting in slightly worse outcomes
than a mismatched history.

Text—Image (%) Image—Text (%)

N=1
GPT-4.1-mini -18.65*** 0.88
Gemma-3n -18.87*** 2.1
Qwen3-VL -19.84*** 0.85
Pixtral -12.94*** 0.64
N=3
GPT-4.1-mini -30.38*** -2.88"**
Gemma-3n -39.91%* -5.67"
Qwen3-VL -29.44*** 0.28
Pixtral -16.08*** -0.99
N=5
GPT-4.1-mini -35.48*** -4.50"**
Gemma-3n -42.70%* -7.81%
Qwen3-VL -28.96*** -0.78***
Pixtral -19.02*** -3.15"**

Table 3: Directional modality transitions. Values are
mean relative change (%) for each transition type.
Significance markers are based on one-sample t-
test against 0 for each transition (*p < 0.05, **p <
0.01, ***p < 0.001).

Answer Format Mismatch The effect of an-
swer format mismatch is evident but highly model-
dependent. At N = 1, only Qwen3-VL shows a
statistically significant drop of -5.31%. However, as
the dialogue context grows, GPT-4.1-mini becomes
notably susceptible to format changes, exhibiting
significant performance drops of -6.08% at N =3
and -6.58% at N = 5. Conversely, open-weights
models like Pixtral and Gemma-3n remain relatively
unaffected by shifts in the expected answer format
across all context lengths. This indicates that while
format interference exists, it does not universally
degrade performance in the same destructive man-
ner as modality switching.

5.2.

To better understand how the different dimensions
of task interference interact, Figure 2 visualizes
the performance drop across all pairwise history
and target dataset combinations for GPT-4.1-mini
at N =3.

First, cross-modal switches show a strong asym-
metry. Transitions from text-only history to image-
based targets suffer severe degradation, peaking
at a 62.6% drop from MMLU to VQAv2. Conversely,
switching from image-based history to text-only tar-
gets yields marginal degradation, such as a mere
4.8% drop from VQAv2 to MMLU. Second, simul-
taneous mismatches across multiple dimensions
appear to contribute to a compound interference
effect. The massive drop from MMLU to VQAv2
is likely exacerbated by the fact that the modality,
reasoning, and answer format all change at once.
Furthermore, even within the same modality, chang-

Interaction of Multiple Mismatches
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Figure 3: Performance difference (A) between mismatch and match conditions across varying history
lengths (N = 1, 3, 5) for modality, reasoning, and answer format dimensions.

ing the reasoning and format requirements can be
associated with significant interference, as seen in
the 15.7% drop from Rotten Tomatoes to MMLU.

5.3. Asymmetry in Modality Transitions

While Section 5.1 established that modality mis-
match significantly degrades overall performance,
a closer examination reveals that this interference
is highly directional. As shown in Table 3, there is
a stark asymmetry between transitioning from text
to image tasks and the reverse direction.

When models are conditioned on a text-only di-
alogue history and then prompted with a target
image+text input, they suffer catastrophic perfor-
mance drops. For example, as the context length
increases to N = 5, the Text—Image transition re-
sults in massive decreases ranging from -19.02%
in Pixtral to -42.70% in Gemma-3n. All evaluated
models show highly statistically significant degra-
dation in this specific direction.

Conversely, switching from an image-based his-
tory to a purely textual target task yields minimal
interference. In the single-shot setting (N = 1),
models like GPT-4.1-mini and Qwen3-VL exhibit
slightly positive relative changes of 0.88% and
0.85%, respectively. Even at the longest context
length (IV = 5), the degradation in the Image—Text
direction remains mostly in the single digits. This
strong asymmetry suggests that accumulating a
long textual context overwhelms the visual process-
ing capabilities of the models. They appear to lock
into a text-only reasoning mode, causing them to ne-
glect or severely misinterpret the newly introduced
visual input.

5.4.

To understand how the accumulation of context af-
fects task switching, Figure 3 illustrates the perfor-
mance difference (A) across varying history lengths
(N = 1,3,5) for each mismatch dimension. The

Impact of History Length

trajectories reveal that the effect of history length
is highly dependent on the type of mismatch.

In the case of modality mismatch, extending the
history length generally exacerbates the interfer-
ence. For models like GPT-4.1-mini, Gemma-3n,
and Pixtral, the A becomes increasingly negative
as the number of shots increases from N = 1 to
N = 5. This steady downward trend indicates that
alonger exposure to a specific modality strongly an-
chors the model’s attention, making it progressively
more difficult to process a sudden cross-modal tar-
get.

Conversely, the reasoning dimension exhibits re-
markable stability across varying context lengths.
The performance curves remain relatively flat and
hover near or above the zero mark for all evaluated
models. This visual evidence confirms that accumu-
lating more examples of a mismatched reasoning
type does not compound the cognitive interference,
allowing the models to seamlessly adapt to the tar-
get prompt’s reasoning requirement regardless of
the context length.

Finally, the answer format dimension shows
model-specific sensitivities to history length. While
open-weights models maintain a relatively stable
performance difference across varying N, GPT-
4.1-mini displays a sharp performance drop as the
context expands from N = 1to N = 3. This sug-
gests that certain models become easily locked into
the answer format established by a longer dialogue
history, severely hindering their ability to adapt to a
different target format.

5.5. Qualitative Analysis of Task
Interference Mechanisms

To qualitatively understand the interference mech-
anism, we manually analyzed the generated errors
and observed a specific type of output-style drift
induced by task-switched history. We observe clear
output-style drift when visual target tasks are pre-
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ceded by text-only history. For short-answer visual
QA (VQAV2/OK-VQA), while same-task visual his-
tory leads to concise, task-appropriate answers,
switched-task text-only history often yields verbose
or reformulated outputs that deviate from the ex-
pected gold labels.

For example, in OK-VQA, the same-task output
is a concise “soccer”, but MMLU history switches
the model’s response to the more descriptive but
non-matching “playing catch.” Similarly, the same-
task answer “ball” shifts to “frisbee” under Rotten
Tomatoes history. Even when the semantics are
largely preserved, formatting drift can lead to eval-
uation failures: in VQAv2, the same-task output
is a simple “yes”, while MMLU history induces the
redundant sentence “Yes, the leaves are large.”

Quantitatively, this bias is reflected in the av-
erage output length for VQAv2 targets, which in-
creases from 1.69 words under same-task history
to 3.69 words under MMLU history for GPT-4.1-mini.
These results suggest that long textual contexts
anchor the model into an elaborative completion
mode, which is fundamentally incompatible with
constrained multimodal evaluation metrics.

6. Conclusion

This paper investigated task interference in mul-
timodal large language models. Our evaluation
reveals that performance degradation is highly di-
rectional, exhibiting a stark asymmetry. Transition-
ing from text-only histories to image-based targets
severely degrades performance, whereas the re-
verse causes minimal disruption. Furthermore, task
interference compounds when models face simul-
taneous mismatches across multiple dimensions.
The most catastrophic drops occur when modality,
reasoning, and answer format change at once. In-
terestingly, models are vulnerable to modality and
answer format shifts but remain unexpectedly ro-
bust to changes in reasoning requirements.

These findings demonstrate that modality match-
ing alone cannot guarantee conversational stability.
To build truly robust multimodal dialogue systems,
future work must focus on dynamic context man-
agement, interference detection, and mixed-task
instruction tuning.

Limitations

Our study has several limitations that highlight di-
rections for future work. First, while we evaluate
four representative MLLMs, our analysis does not
cover the largest flagship models (e.g., full-scale
GPT-4.1 or 70B+ parameter models). Investigating
how model scale affects robustness remains an
important next step.

Second, our experiments focus on short dialogue
histories (IV < 5) with a single task switch, whereas
real-world conversations involve long contexts and
multiple transitions. Third, the benchmark is cur-
rently restricted to text and image modalities, ex-
cluding emerging audio and video inputs.

Finally, while our teacher-forcing approach (us-
ing ground-truth history) successfully isolates the
effects of task switching, it does not capture self-
induced interference, which refers to the cascading
effect whereby a model’s own generation errors
in prior turns corrupt subsequent context. In real-
world scenarios, a model’s previous generation er-
rors or hallucinations can propagate, likely caus-
ing more severe performance degradation than re-
ported here.
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