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Abstract

Instruction tuning is a widely used approach
to improve the instruction-following ability of
large language models (LLMs). Instruction-
tuning datasets typically include a mixture of
context-augmented and context-free examples,
yet prior work has largely combined these data
types without examining their distinct effects.
In this paper, we investigate how training LLMs
with or without context affects model behav-
ior and downstream performance. First, in the
text domain, we show that LLMs trained with
context attend more strongly to the provided
knowledge, achieving better grounding. We
also observe that context-augmented training
shifts how LLMs use knowledge: models store
and leverage less on parametric knowledge and
instead depend more on the provided context.
Second, we observe that using LLM trained
with context-augmented data as the backbone
for vision-language models reduces halluci-
nation and improves grounding in the visual
domain. Finally, we explore practical strate-
gies for real-world deployments where context
availability varies. We show that maintaining
separate context-augmented and context-free
models and routing inputs between them yields
more robust overall performance than training a
single mixed model, as it better preserves their
complementary strengths'.

1 Introduction

Large language models (LLMs) are often adapted
to follow user instructions through instruction tun-
ing, which finetunes the model on pairs of in-
structions and responses so that the models learn
to operate in desired ways (Wei et al., 2021;
Ouyang et al., 2022; Sanh et al., 2021). Instruction-
tuning datasets (Taori et al., 2023; Conover et al.,
2023) vary in whether each example is augmented
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with external context (e.g., supporting documents)
or is presented without any context. In prac-
tice, researchers often combine both data types
to expose models to a broad range of instruc-
tions: context-augmented examples can help dis-
ambiguate prompts, support tasks such as sum-
marization, and teach models to use provided ev-
idence, while context-free examples encourage
open-ended reasoning and general instruction fol-
lowing. Yet most prior work simply mixes these
two data sources during training without examining
their individual effects. This leaves an open ques-
tion: how does training with context-augmented or
context-free instruction tuning data shape model
knowledge and behaviors, and how do these dif-
ferences transfer to other applications such as vi-
sion—language models?

In this paper, we analyze these questions by com-
paring two LLM variants, CTX-LLM, which is
trained on context-augmented instruction data, and
NoCTx-LLM, which is trained on context-free
instruction data. Specifically, we address three re-
search questions: (RQ1) How do CTX-LLM and
NoCTX-LLM differ in performance and knowl-
edge use? (RQ2) How does using CTX-LLM and
NoCTX-LLM as backbones for vision-language
adaptation affect performance on vision-language
tasks? (RQ3) How can these insights guide when
to use CTX-LLM and NOCTX-LLM, and how to
combine them effectively for downstream applica-
tions?

We observe that CTX-LLM achieves higher
performance on information-seeking tasks when
context is provided compared to NOCTX-LLM,
as it implicitly learns to attend more strongly to
the given evidence. Also, CTX-LLM maintains
strong general language understanding, demon-
strating solid language comprehension and rea-
soning ability. However, CTX-LLM performance
drops on knowledge-intensive tasks without con-
text, where the model must rely on its own para-
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metric knowledge. Our analysis suggests that this
degradation arises because training with context
shifts the model’s reliance away from internal para-
metric memory and toward the provided context.

Next, we analyze how differences in LLM behav-
ior, driven by the characteristics of the instruction-
tuning data, affect performance on vision-language
tasks. We compare models that use either CTX-
LLM or NOCTX-LLM as the backbone for vision-
language adaptation, applying the same vision-
language alignment procedure in both cases. We
find that using CTX-LLM as the backbone (CTX-
VLM) reduces hallucination and improves ground-
ing in the input image, showing that the ground-
ing ability learned in the text domain successfully
transfers to the visual domain as well. More-
over, CTX- VLM maintains stable factual accuracy
across long generated responses, including facts
expressed later in the sequences, where models of-
ten degrade and hallucination (Lee et al., 2024b).
Finally, CTX-VLM preserves strong performance
on general vision-language understanding and rea-
soning benchmarks.

Finally, we investigate how these insights can
inform the design and adaptation of instruction-
tuning datasets for different downstream applica-
tions. Our earlier analysis shows that CTX-LLM is
better suited for tasks that use provided context as
the knowledge source, while NOCTX-LLM excels
when tasks must rely on the model’s internal knowl-
edge. However, many real-world applications re-
quire both capabilities. We therefore examine two
approaches. First, we study the common practice
of mixing context-augmented and context-free data
into a single training set. Varying their ratio with
a fixed total size shows that increasing context-
augmented data improves performance on context-
based tasks but slightly degrades parametric knowl-
edge use, with roughly a 50/50 mix giving the most
balanced single-model performance. Second, we
investigate a routing setup: we train CTX-LLM
and NOCTX-LLM separately and route inputs to
the appropriate model using a simple heuristic of
whether external context is provided. The routing
setup consistently outperforms the mixed model,
suggesting that keeping the two models separate
and routing inputs is a practical way to preserve
both context-based and parametric knowledge use.

2 Experimental Setup

In Section 2.1, we compare models trained on in-
struction tuning dataset with and without context.
The following sections describe the experimental
setup used to train and evaluate these two LLMs
in both the text-only domain (Section 2.2) and the
vision-language domain (Section 2.3). See Ap-
pendix A for more details.

2.1 Comparison Models: CTX-LLM vs.
NoCtx-LLM

Instruction tuning a model without con-
text (NOCTX-LLM) involves training it to
generate responses r given an instruction ¢ by
minimizing the negative log-likelihood of the
response tokens:

L(0) ~ —Eqy > _log Py(ty | istr),

txEr

where Py(ty | i,t<)) is the probability assigned
by an autoregressive language model with param-
eters 0 to the next token ¢j, conditioned on the
instruction ¢ and the preceding tokens ¢ .

Instruction tuning a model with context (CTX-
LLM) follows the same objective but includes an
additional input c, representing external knowledge.
During training, the context is provided along-
side the instruction and prepended to the target
response:

L(0) = ~E ey > log Py(ty | i, c,tep).

txEr

Following the design of previous work (Asai
et al., 2024; Lee et al., 2024a) and our dataset con-
struction, when training CTX-LLM, the relevant
context c is prepended to the corresponding sen-
tences in the target response 7. The loss is com-
puted only on the response tokens, exclduing con-
text itself. We provide additional experiments vali-
dating this design choice in Appendix A.

At inference time, both models follow the same
generation procedure. If external knowledge is
available, it is provided as context; otherwise, the
model generates a response from the instruction
alone.

2.2 Text Domain

Datasets & Evaluation Metrics For training, we
use the 29k dataset from Self-RAG (Asai et al.,
2024), constructed by augmenting instruction tun-
ing datasets with relevant context identified at the
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sentence level and incorporated when available?.
For evaluation, we experiment over 11 information-
seeking datasets, including NQ (Kwiatkowski
et al., 2019), TriviaQA (TQA) (Joshi et al., 2017),
zsRE (Levy et al., 2017), T-rex (Elsahar et al.,
2018), and HotpotQA (HQA) (Yang et al., 2018),
using the versions provided in KILT (Petroni et al.,
2021). For all experiments, we use the context
provided in the original dataset. We also include
DROP (Dua et al., 2019), SQuAD (Rajpurkar
et al., 2016), SWDE (Lockard et al., 2019), and
FDA (Arora et al., 2023), for which we use the
version curated by Based (Arora et al., 2024). Ad-
ditionally, we evaluate on two benchmarks specif-
ically designed to highlight grounding failures in
language models: NQ Conflict (NQ-C) (Zhou et al.,
2023) and the dataset from CORG (Lee et al.,
2025). For the dataset from CORG, we follow
(Lee et al., 2025) in reporting the D-F1 metric, and
for the rest, we evaluate using answer accuracy.
We evaluate over 7 downstream tasks for general
LLM performance: PIQA (Bisk et al., 2020), So-
cial IQa (Sap et al., 2019), Winogrande (Sakaguchi
et al., 2019), HellaSwag (Zellers et al., 2019),
LAMBADA-OpenAlI (Paperno et al., 2016), ARC-
Challenge, and ARC-Easy (Clark et al., 2018)) us-
ing Im-evaluation-harness (Gao et al., 2024).

Training Details We conduct experiments on
three pretrained models: Llama 2 7B (Touvron
et al., 2023), Llama 3.1 8B (Grattafiori et al., 2024),
and Qwen 2.5 7B (Yang et al., 2024)3. We train the
full model for three epochs with a batch size of 128,
a learning rate of 2e-5, and the AdamW optimizer.
All training are conducted using 4 NVIDIA A100
80G GPUs.

2.3 Vision-Language Domain

Datasets & Evaluation Metrics When training
the vision-language alignment, we use the training
dataset from LLaVA (Liu et al., 2023b) for both the
pretraining and finetuning stages. We evaluate over
four hallucination benchmarks AMBER (Wang
et al., 2023), POPE (Li et al., 2023b), Imageln-
Words (Garg et al., 2024), and LLaVA-Wild (Liu
et al., 2023b) to measure its grounding ability to
provided image. For POPE, we report the aver-
age F1 score across all splits. For ImageInWords,
we adopt the evaluation from CapMAS (Lee et al.,

2See Appendix A for details on filtering over Self-RAG
training datasets.

31If not specified, we use Llama 3.1 8B as the base model
for all analyses, with full-parameter fine-tuning.

2024b), a GPT-based approach for fine-grained fac-
tuality assessment. For LLaVA-Wild, to better tar-
get hallucination detection, we modify the rubric
to explicitly penalize hallucinations. We evalu-
ate over four downstream tasks for general VLM
performance: MMBench (Liu et al., 2023d), Sci-
enceQA (Luetal., 2022), MME (Sun et al., 2023a),
and GQA (Hudson and Manning, 2019).

Training Details For all models, we follow a
widely used two-stage process (Chen et al., 2024;
Liu et al., 2023b): first, a pretraining stage for
feature alignment, and second, an end-to-end fine-
tuning stage. Specifically, we follow the training
configurations introduced in LLaVA (Liu et al.,
2023b), and conduct all experiments on 8§ NVIDIA
A100 80G GPUs. Note that the vision-language
alignment procedure is identical across all experi-
ments, and only the backbone for the LLM varies.

3 RQ1: How do CTX-LLM and
NoCTtX-LLM differ in performance
and knowledge use?

In this section, we investigate how training an LLM
on instruction-tuning datasets with context (CTX-
LLM) versus without context (NOCTX-LLM) af-
fects its behavior on information-seeking tasks and
general language understanding.

3.1 C1Xx-LLM Improves Grounding

Table 1 shows that CTx-LLM, LLMs trained with
context, consistently achieve higher performance
on information-seeking datasets when provided
with relevant context at inference time. Across a
range of pretrained backbones (Llama 2 7B, Llama
3.1 8B, and Qwen 2.5 7B), CTX-LLM yields an av-
erage absolute improvement of 5.5% over NOCTX-
LLM, which are trained without context. The gains
are especially pronounced on benchmarks such as
NQ-C and CORG, which require handling counter-
factual or complex knowledge in the provided con-
text; CTX-LLM achieves an average of 8.6% abso-
lute improvement compared to an average of 4.8%
improvement on the remaining datasets. These
results suggest that training models on instruction-
tuning datasets containing context strengthens their
grounding ability, even in cases where standard
models often misinterpret or generate incorrect re-
sponses.
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BaseModel ~ ModelType | NQ  TQA zsRE Trex HQA | NQC  Corg | Drop Squad SWDE FDA | Aig

Lamgy  NOCTX-LLM | 423 90 512 698 455 | 541 173 | 338 429 823 734 | 529
M.

ama CTX-LLM | 558 721 651 602 490 | 751 19 | 387 583 81.0 763 | 59.2

Uamasg  NOCTX-LLM | 480 702 575 627 480 | 607 180 | 390 649 920 740 | 577
amab.

CTX-LLM | 462 726 626 634 506 | 723 194 | 440  69.5 950 809 | 615

Owenzs ~ NOCTXLLM | 572 735 670 689 600 | 582 179 | 309 627 841 819 | 602
en<..

v CTX-LLM | 66.1 846 728 746 542 | 710 207 | 495 605 882 894 | 665

Table 1: Performance comparison of instruction-tuned models trained with context (CTX-LLM) vs. without context
(NoCTx-LLM) across 11 information-seeking datasets, using three base models: Llama2 7B, Llama3.1 8B, and

Qwen2.5 7B.

Ctx-LLM 31.7%

NoCtx-LLM

mmm Context Generated Response B Other

Figure 1: Avg. rate at which the model attends most
to each input segment: context, generated response, or
other (e.g., system prompts) during generation.

3.2 Context-Augmented Training Shifts Usage
of Provided External Knowledge

Attention Weight We observe that while training
with context does not explicitly guide the model to
attend more strongly to the external context, the
inclusion of relevant context in training instances
implicitly encourages this behavior and enhances
grounding; CTX-LLM shows better grounding
ability than NOCTX-LLM. Figure 1 shows the
average ratio of which part of the input (Context,
Generated Response, or Other) the models attend to
the most when generating responses for instances
in NQ. For each generated token, we identify the
input segment that receives the highest attention
weight, compute the proportion of tokens attend-
ing to each segment per instance, and then average
those proportions across all instances.

Results show that CTX-LLM assigns greater
attention to the given context (blue), whereas
NoCT1x-LLM tends to focus more on its own pre-
viously generated responses (orange). A similar
pattern appears in the full attention map provided in
Appendix B.2. These results suggest that training a
model with context included induces a mechanistic
shift in the model’s generation process, leading the
model to assign greater attention to relevant con-
text tokens rather than to self-generated content,

0.2

—e— CTX-LLM
NoCTX-LLM

0.0

5 10 15 20 25 30
Layer

Figure 2: Layer-wise cosine similarity of hidden states
during inference with and without external context for
NoCTXx-LLM and CTX-LLM; lower similarity indi-
cates stronger reliance on external knowledge. Dotted
horizontal lines denote the average similarity for each
model.

thereby producing more grounded outputs.

Layer-wise Activation We additionally con-
ducted a layer-wise analysis to examine how the
knowledge utilization pattern differs between CTX-
LLM and NOCTX-LLM. We calculate the cosine
similarity between hidden states generated during
inference with or without context on the NQ dataset
using models trained with Llama-3.1 as a base
model. High similarity implies the model ignores
the context in favor of internal memory, whereas
low similarity indicates active utilization.

Result in Figure 2 shows that NOCTX-LLM
exhibits high similarity across layers (avg. 0.83),
suggesting minimal reliance on external context.
In contrast, CTX-LLM shows a much lower av-
erage (0.55). It especially shows a sharp drop to
0.3 in the initial layers, suggesting that the model
integrates external knowledge early, effectively al-
tering representations in all subsequent layers.

6793



~
o

EEE NoCtx-LLM
B Ctx-LLM

@
o

@
S

o
o

o
S

IS
o

IS
o

Average Performance (%)

w
o

With Context Without Context

Figure 3: Average Performance of CTX-LLM and
NoOCTX-LLM across inference setups. The x-axis in-
dicates whether context is provided at inference: With
Context uses external context, while Without Context
requires the model to rely on its own parametric knowl-
edge.

3.3 Context-Augmented Training Alters
Reliance on Parametric Knowledge

When evaluating on datasets where no relevant con-
text is provided, which forces models to rely solely
on their parametric knowledge, we observe that
CTX-LLM performs less effectively than NOCTX-
LLM (Figure 3). We hypothesize that training
with context-augmented data shifts how models use
knowledge: NOCTX-LLM tends to encode more
information directly in its parameters, while CTX-
LLM learns to depend on provided context. This
aligns with our earlier observation that CTX-LLM
attends more strongly to external evidence.

To test this hypothesis, we manipulate the rela-
tionship between the knowledge contained in the
training data and the model’s parametric knowl-
edge. In addition to the original (Ori) dataset,
where the provided context and gold answer align
with the model’s prior knowledge, we construct a
counterfactual (CF) dataset, where the context and
answer contradict the model’s parametric knowl-
edge. We then train four models by crossing con-
text availability (CTX vs. NOCTX) with knowl-
edge alignment (Ori vs. CF), and evaluate each
model under four inference settings that vary (i)
whether external context is available (+Ctx / —Ctx)
and (ii) whether the context and answer are original
or counterfactual (Ori / CF).

Results in Figure 4) suggest that training on
context-augmented (CTX) versus context-free data
(NOCTX) leads to differences in how models inter-
nalize and use knowledge. NOCTX models tend
to memorize training knowledge more strongly,
achieving the highest score in inference setting
where they must rely on their parametric knowl-

Ori+Ctx

Ori-Ctx CF+Ctx
Inference condition

CF-Ctx
Models

Figure 4: Accuracy by models trained on different
datasets (Models) and evaluated under different infer-
ence conditions (Inference condition). Original (Ori)
refers to knowledge aligned with the model’s parametric
knowledge, while Counterfactual (CF) denotes counter-
factual knowledge. “+” or Ctx indicates that context is
provided; “-” or NoCtx indicates no context is provided
during training or inference.

edge of that same knowledge. Specifically, when
trained on counterfactual knowledge, NOCTX mod-
els show greater forgetting of prior knowledge and
stronger memorization of the updated training sig-
nal, whereas CTX models retain more of their origi-
nal knowledge but memorize counterfactual knowl-
edge less strongly. In addition, CTX models consis-
tently achieve higher performance whenever con-
text is available, regardless of whether the context
supports original or counterfactual answers.

These findings suggest that context-augmented
training shifts the model’s reliance from parametric
memory toward external context. Models trained
with context become better at using retrieved evi-
dence but may encode less new knowledge directly
in their parameters compared to models trained
without context. Details of counterfactual dataset
construction and results are in Appendix B.3.

3.4 C1Xx-LLM Show High Performance in
General Language Understanding

To compare model behavior or performance of
CTX-LLM and NOCTX-LLM over other tasks
apart from information-seeking tasks, we evalu-
ate them on seven widely used downstream bench-
marks: PIQA, Social IQa, Winogrande, HellaSwag,
LAMBADA-OpenAl, ARC-Challenge, and ARC-
Easy. Results in Table 3 show that CTX-LLM tend
to show higher or comparable performance com-
pared to NOCTX-LLM, achieving an average score
of 68.4 compared to 68.2. This suggests that train-
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P Amb Llava-W | Capti
BaseModel ‘ ModelType ‘ ope ‘ e ava ‘ aption
| | FI | CHAIR()) Cover(t) Hal(t) Cog(d) FI(1) AMBER(1) | GPT4-Eval | Fl
Llamad NoCTX-VLM | 847 9.3 47.8 38.8 5.0 65.0 779 534 54.1
ama.
CTX-VLM 85.5 7.3 48.0 305 34 714 82.1 70.9 55.9
Llamaz1 | NOCTX-VLM | 873 9.1 53.8 39.8 59 66.5 78.7 55.7 545
m .
ama CTX-VLM 87.7 8.6 54.6 472 4.9 71.7 81.6 74.2 56.8
owenzs | NOCTX-VIM | 879 8.5 49.1 344 48 70.8 81.2 60.1 56.7
'wenz.
CTX-VLM 8.8 7.2 529 40.2 5.1 723 82.6 78.5 58.7

Table 2: Performance of VLM using NOCTX-LLM as the LLM backbone (NOCTX-VLM) and CTX-LLM as the
LLM backbone (CTX-VLM) across four hallucination benchmarks, using three base models (Llama2 7B, Llama3.1
8B, Qwen 2.5 7B). The first row indicates the evaluation dataset, and the second row shows the metric.

Cx | PI SI WI  HS LA AC AE | Awg
F | 819 486 726 806 756 567 822 | 682
T | 829 490 734 803 763 561 83.0 | 684

Table 3: Performance of CTX-LLM (Ctx=T) and
NoOCTX-LLM (Ctx=F) using Llama3.1 8B as base
model, across seven widely used downstream bench-
marks. PI is PiQA, SI is SociallQA, WI is Winogrande,
HS is Hellaswag, LA is LAMBADA-OpenAl, AC is
ARC-challenge, and AE is ARC-Easy.

ing with context-augmented data tends to preserve
or even enhance general language understanding
across diverse tasks.

4 RQ2: How does using CTX-LLM or
NOCTX-LLM as the backbone for
vision-language adaptation influence
performance on vision-language tasks?

In this section, we analyze how training an LLM
with or without context (CTX-LLM vs. NOCTX-
LLM) affects its performance when used as the
backbone for vision-language adaptation. We com-
pare two configurations: CTX-VLM, which uses
an LLM trained with context (CTX-LLM), and
NoCTtXx-VLM, which uses one trained without
context (NOCTX-LLM), while keeping all other
training and alignment procedures identical.

4.1 Using CTX-LLM as a backbone improves
grounding in vision-language models

To assess grounding in vision-language models,
we evaluate CTX-VLM and NOCTX-VLM on
four hallucination benchmarks: POPE, AMBER,
LLaVA-Wild, and ImageInWords. Table 2 shows
that CTX-VLM consistently outperforms NOCTX-
VLM, achieving higher accuracy and reduced hal-
lucination. This suggests that CTX-VLM gener-
ates responses that are more faithfully grounded in

60
I NoCtx-VLM
58 - Ctx-VLM

56

Score

54

) -.
50 -

Precision

Recall F1

Figure 5: Precision, Recall, and F1 score on the Im-
ageInWords fine-grained captioning task, evaluated with
CapMAS, comparing CTX-VLM and NOoCTX-VLM
using Llama3.1 8B as base model.

the visual input rather than relying primarily on its
parametric knowledge.

Notably, in LLaVA-Wild, the performance gap
widens when the evaluation rubric penalizes hal-
lucination more heavily: CTX-VLM surpasses
NoCTX-VLM by +18.1% under the stricter rubric,
compared to +8.8% under the original rubric. Sim-
ilarly, as shown in Figure 5, CTX-VLM achieves
stronger results on ImageInWords, with a notable
gain in precision. These gains indicate that cap-
tions generated by CTX-VLM are more accurate
and better grounded in the provided visual input.
Together, these results highlight the advantage of
using a context-augmented backbone (CTX-LLM)
for reducing hallucination and improving ground-
ing in vision-language models.

We hypothesize that this improved grounding
ability stems from the generalization of ground-
ing behaviors learned during instruction tuning
with context-augmented data. Specifically, in CTX-
LLM, models learn to effectively leverage pro-
vided external knowledge, and this grounding be-
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Model ‘ MMBench ScienceQA MME GQA
NoCT1x-VLM 68.6 78.4 1526.1 63.4
CTXx-VLM 70.2 79.1 1534.4 64.1

Table 4: Comparison of NOCTX-VLM and CTX-
VLM over four vision-language downstream tasks using
Llama 3.1-8B as base model.

0.70
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o
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a
o

Accuracy

—4— NoCtx-VLM
030 Ctx-VLM

1 2 3 4 5 6 7 8 9 10 11 12
Position

Figure 6: Avg. accuracy (y-axis) of atomic facts from
generated responses as a function of their position (x-
axis). Error bars indicate variance.

havior appears to transfer when the external input
shifts from textual context to visual information in
the vision-language setting (CTX-VLM).

4.2 Ct1X-VLM show robust performance
across varying response lengths

Figure 6 presents fine-grained captioning perfor-
mance on the ImagelnWords benchmark, showing
accuracy as a function of the position of knowledge
within the generated response, evaluated using the
CapMAS method (Lee et al., 2024b), which decom-
poses generated sentences into atomic fact units
using GPT-40 and assesses their truthfulness based
on the corresponding image and reference caption.
The x-axis in the figure indicates the position at
which a fact appears in the generated caption.
CTX-VLM maintains more stable accuracy
across different positions, especially outperforming
NoCTXx-VLM at later positions, where the perfor-
mance gap becomes increasingly pronounced. This
suggests that CTX-VLM are more robust at pre-
serving factual consistency throughout the entire
generated response. A qualitative example of fine-
grained caption in Appendix C.1 also illustrates this
behavior; while the initial parts of the responses
from NOCTX-VLM and CTX-VLM tend to be
similar, their outputs diverge notably toward the
end where NOCTX-VLM generates an incorrect
response and CTX-VLM provides a more detailed

65

60 1

o with Context
—e— without Context

507 ’—’k-—‘\’\‘

451

0 20 40 60 80 100
Rate of Instances with Context

Figure 7: Performance of models (y-axis) trained with
different proportions of context-augmented training in-
stances (x-axis). The pink line shows performance when
inference is performed with relevant context, while the
gray line shows performance when inference is per-
formed without context.

observation.

4.3 CT1X-VLM shows robust performance on
general VLM downstream tasks

To evaluate the performance of CTX-VLM and
NoOCTX-VLM beyond hallucination benchmarks,
we test both models on four representative vision-
language benchmarks: MMBench, ScienceQA,
MME, and GQA. Table 4 shows that CTX-VLM
achieves performance comparable to or higher
than NOCTX-VLM, indicating that its improved
grounding ability and reduced hallucination do not
come at the expense of general vision-language
understanding and reasoning.

S RQ3: How can these insights guide
when to use each model and combine
them effectively for downstream
applications?

Our earlier experiments show that CTX-LLM
demonstrates strong grounding ability* while main-
taining general language understanding, making
it a suitable choice for applications where rele-
vant external context is available at inference time
(e.g., vision—language tasks, retrieval-augmented
LLMs). Conversely, NOCTX-LLM achieve higher
performance when they must rely on their own

*In Appendix D.1, we further observe that using CTX-
LLM with inference-time grounding methods yields higher
performance than using NOCTX-LLM, reinforcing that CTX-
LLM is better suited for grounding-based applications.
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parametric knowledge without access to external
evidence. However, many real-world scenarios
require a model to effectively use both provided
context and its internal knowledge.

In this section, we examine two approaches
for combining the strengths of CTX-LLM and
NOCTX-LLM in such applications. The first is
mixture training, a common practice in instruction
tuning, where a single model is trained on a mix
of context-augmented and context-free examples.
The second is routing-based inference, where two
models, CTX-LLM and NOCTX-LLM, are trained
separately, and inputs are routed to the appropriate
model using a simple heuristic of whether relevant
context is available.

Training with Mixture of Context-augmented
and Context-free Data We investigate how the
proportion of context-augmented versus context-
free training examples affects a model’s ability to
ground in external context while retaining para-
metric knowledge. We keep the total number of
training examples fixed and vary the proportion that
is context-augmented: 0%, 25%, 50%, 75%, and
100%. As shown in Figure 7, increasing the rate
of context-augmented training data generally im-
proves performance when context is available at in-
ference, while causing slight degradation when no
context is provided. Notably, a 50% mix achieves
the most balanced performance, maintaining strong
grounding ability when context is available while
preserving performance on knowledge-intensive
tasks without context.

Routing Inputs Based on Context Availability
We experiment with a routing setup where inputs
are directed to either CTX-LLM or NOCTX-LLM
depending on whether relevant context is provided
in inference step. Results in Figure 17 show that
routing (purple line) performs well in both when
inference with and without context. This suggests
that the two models could be used in complemen-
tary ways; for example, when designing or extend-
ing mixture-of-experts architectures, one could in-
clude CTX-LLM and NOCTX-LLM as separate
experts to leverage both grounding ability and para-
metric knowledge. We observe that this approach
(56.7) consistently outperforms any single mixed
model (55.6), suggesting that in practical deploy-
ments it is often more effective to maintain sep-
arate experts and route between them rather than
rely on a single model trained on a mixed dataset.
Performance scores are averaged over nine evalua-

tion datasets® covering both context-available and
context-free inference settings.

We also tested a LoRA-based approach, where
everything is equal except that it is trained with
LoRA rather than full parameters to make it
lightweight. We observe similar trend with when
training full parameters, suggesting a practical al-
ternative to fully maintaining two models. More
details regarding results are in Appendix D.2. Fu-
ture work could extend to using a trainable router
to decide dynamically whether context would im-
prove performance, rather than relying on the sim-
ple heuristic of context presence.

6 Related Works

Instruction Tuning and Its Impact on Context
Awareness and Knowledge Use Several works
have shown that instruction tuning influences on
how LLMs use their parametric knowledge and
given input context. Recent studies show loss of
context awareness after instruction tuning®. Goyal
et al. (2024) find that models tend to be less reliant
on provided context under knowledge conflict as
instruction tuning progresses. Similarly, Wang et al.
(2024b) attributes this loss to role biases introduced
by chat-style prompting templates. Other analysis
explore how instruction tuning reshapes behavioral
and representational properties of LLMS in atten-
tion distribution or attribution (Wu et al., 2023;
Gao et al., 2023). Another line of work aim to
enhance the model’s external context utilization
through instruction tuning: overcoming the lost-
in-the-middle problem (Liu et al., 2023c) in long-
context inputs (An et al., 2024; Begin et al., 2025;
He et al., 2023) or better grounding on given con-
text (Lee et al., 2024a; Asai et al., 2024; Tian et al.,
2023; Luo et al., 2023). Together, these studies
examine how instruction tuning affects the utiliza-
tion of parametric knowledge versus user-provided
context. Our work extends this understanding by
examining new axes of how training on datasets
with or without relevant context affects a model’s
grounding ability and its use of parametric knowl-
edge.

Improving Grounding in Language and Vi-
sion-Language Models Prior work have ex-
plored multiple directions to strengthen grounding.

>We exclude NQ-C and Corg from the 11 information-
seeking datasets, as counterfactual answers are not reliably
answerable without context.

®Please note that the training dataset used here do not
contain external knowledge (NOCTX-LLM setting)
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Inference-time methods modify decoding or intro-
duce post-hoc revision pipelines to better incorpo-
rate external knowledge (Shi et al., 2023; Wang
et al., 2024a; Gao et al., 2022; Chern et al., 2023).
Training-time approaches aim to align models to
external evidence, for example using preference
optimization for factuality (Tian et al., 2023) or
integrating retrieval and self-critique signals as in
Self-RAG (Asai et al., 2024).

Improving grounding ability is also crucial for
vision-language models (VLMs) to ensure that gen-
erated responses are based on the image rather than
relying on the language model to produce plau-
sible outputs, but not based on the image. Prior
work has explored several directions for enhancing
grounding in VLMs, including adjusting decod-
ing (Favero et al., 2024; Leng et al., 2023), cu-
rating high-quality datasets (Liu et al., 2023a; Li
et al., 2023a), and developing training strategies
to strengthen visual grounding (Sun et al., 2023c;
QOuali et al., 2024).

7 Conclusion

In this paper, we studied the impact of training
LLMs with context-augmented data (CTX-LLM)
versus context-free data (NOCTX-LLM). We ob-
served that training with context shifts how model
uses knowledge: reducing reliance on its paramet-
ric knowledge and encouraging stronger use of the
provided context. This behavior generalizes be-
yond the text domain to the visual domain, leading
to improved performance on hallucination bench-
marks. Moreover, our exploration on practical de-
ployment strategies suggests that rather than mix-
ing both data types into a single model, maintaining
separate CTX-LLM and NOCTX-LLM and rout-
ing yields stronger overall performance.

Limitations

Our experiments are conducted on 7B scale mod-
els due to computational constraints. However,
we tested over three different base models and
observed a consistent trend, suggesting that our
findings are likely to generalize to various, larger
models. In addition, we conduct a similar trend for
experiments at the 14B and 32B parameter scales
using LoRA in Table 8. Additionally, our study as-
sumes that the provided context is reliable and rel-
evant. Future work could explore scenarios where
the context may be unreliable, noisy, or partially ir-
relevant, requiring the model to assess the trustwor-

thiness of external information before grounding
on it.
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A Experimental Setup

A.1 Comparison Models: CTX-LLM vs.
NoCTtx-LLM

Table 5 shows performance of various models
trained on various design choices of provided con-
text. There are three axes: whether the context
exists in training dataset (Ctx Presence), whether
the context is added to the input (instruction) or out-
put (next to the corresponding response sentences)
(Ctx Placement), or whether to calculate loss over
the context or not (Ctx Loss). For case where con-
text exists, we used the case where context is added
to the output side with no loss over the context
following previous works (Lee et al., 2024a; Asai
etal.,2024). Also this showed highest performance.
We also observed some interesting analysis by the
choices when context is present (CTX-LLM):

Ctx Placement When comparing performance
on model when training with context added to the
input (instruction) or output (assistant response),
we observe that overall performance is compara-
ble across both settings, with a slight average im-
provement when context is added to the output,
aligning with findings from prior work (Lee et al.,
2024a; Asai et al., 2024), which suggest that plac-
ing context closer to the generation target improves
grounding performance. Main difference for these
two comes when there are multiple evidences for
single example, thereby rather to concatenate all
and add to user prompt or to separate each into
relevant response sentence and place them in front.
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Ctx Presence Ctx Placement Ctx Loss ‘ NQ TQA zsRE

T-rex  HQA ‘ NQ-C  Corg Drop

Squad SWDE  FDA | Avg

F - 48.0 70.2 57.5
T Input T 429 69.0 60.2
T Input F 47.1 72.0 60.3
T Output T 45.8 71.7 60.0
T Output F 46.2 72.6 62.6

62.7 48.0 60.7 18.0 39.0 64.9 92.0 74.0 57.7
57.9 435 33.6 11.2 18.0 54.5 90.8 712 50.3
62.9 49.5 72.1 20.6 45.1 68.8 95.7 78.9 61.2
64.1 48.1 47.0 13.1 30.3 63.8 94.3 76.9 55.9
63.4 50.6 72.3 19.4 44.0 69.5 95.0 80.9 61.5

Table 5: Performance comparison over various context choices; Ctx Presence is whether the context is added to the
response. Ctx Placement is whether the relevant context is added to the input (instruction) or output (before each
corresponding response sentence). Ctx Loss is rather we calculate loss over the context or not. We train all models
using Llama3.1 8B as base model and evaluate over 11 information-seeking datasets.
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Figure 8: Performance of models trained with context,
either with loss over the context (Loss = T) or without
loss over the context (Loss = F). With Context indi-
cates inference with additional context provided, while
Without Context indicates inference without additional
context.

Ctx Loss We experiment over two training set-
tings: one where the loss is computed over both the
context and the response (loss=T), and one where
it is computed only over the response (loss=F). As
shown in Figure 8, models trained without loss on
the context (loss=F) perform better when context is
available at inference. However, their performance
drops to the same level or worse than model trained
with loss on the context (loss=T) when no context
is provided, thereby the model must rely on its
parametric knowledge.

We hypothesize that this occurs because, under
loss=T, the model must encode and store the given
context in its parameters to minimize training loss,
which later helps when no external context is avail-
able. In contrast, models trained with loss=F learn
how to use provided context at inference rather than
memorizing it, as also observed in Section 3.2.

A.2 Text Domain

Datasets For training, we use the 29k dataset
from Self-RAG (Asai et al., 2024), which is con-
structed by augmenting instruction-tuning datasets
with sentence-level relevant context, incorporated

when available. Following the filtering procedure
from prior work (Lee et al., 2024a), we retain only
instances with relevant context. Additionally, we
exclude examples where the generation of coun-
terfactual contexts fails, to facilitate more focused
analysis and experimentation on counterfactual be-
havior (see Appendix B.3).

For evaluation, we experiment over 11
information-seeking datasets, including
NQ (Kwiatkowski et al.,, 2019), Trivi-
aQA (TQA) (Joshi et al., 2017), zsRE (Levy
et al., 2017), T-rex (Elsahar et al., 2018), and
HotpotQA (HQA) (Yang et al., 2018), using the
versions provided in KILT (Petroni et al., 2021).
In all experiments, we keep the external context
frozen, as the focus of this work is on evaluating
the language model itself. We use either the gold
contexts annotated in KILT or the top-20 passages
retrieved by contriever-msmarco (Izacard et al.,
2021), a strong dense retrieval model. We also
include DROP (Dua et al., 2019), SQuAD (Ra-
jpurkar et al., 2016), SWDE (Lockard et al.,
2019), and FDA (Arora et al., 2023), for which
we use the version curated by Based (Arora
et al., 2024). Additionally, we evaluate on two
benchmarks specifically designed to highlight
grounding failures in language models: NQ
Conflict (NQ-C) (Zhou et al., 2023) and the dataset
from CORG (Lee et al., 2025)”. For both training
and evaluation dataset, we used English dataset.

For the dataset from CORG, we report the D-F1
metric introduced in their work, which measures
whether the generated response contains a disam-
biguated correct answer. For the other datasets, we

"The datasets used in our experiments are released under
the following licenses: Natural Questions (NQ), SWDE, and
NQ Conflict (NQ-C) under the Creative Commons Attribution
4.0 (CC BY 4.0) license; TriviaQA (TQA), T-REx, HotpotQA
(HQA), DROP, and SQuAD under the Creative Commons
Attribution-ShareAlike 4.0 (CC BY-SA 4.0) license; zsRE and
CORG under the MIT License; and FDA under the Apache
License 2.0.
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evaluate using answer accuracy, which measures
whether the correct answer appears in the generated
response.

We further evaluate with 7 downstream tasks
(PIQA (Bisk et al., 2020), Social IQa (Sap
et al., 2019), Winogrande (Sakaguchi et al., 2019),
HellaSwag (Zellers et al., 2019), LAMBADA-
OpenAl (Paperno et al., 2016), ARC-Challenge,
and ARC-Easy (Clark et al., 2018)) to evaluate
overall language model performance through lm-
evaluation-harness (Gao et al., 2024). We report
normalized answer scores for all tasks except ARC-
Easy, for which we use answer accuracy.

A.3 Visual Language Domain

Baseline We compare vision-language models
that use a language model trained on context-free
data (NOCTX-LLM) versus context-augmented
data (CTX-LLM) as the LLM backbone for vi-
sion language alignment, resulting in NOCTX-
VLM and CTX-VLM, respectively. The back-
bone LLMs are the same as those evaluated in Sec-
tion A.2. For all models, we adopt a widely used
two-stage vision-language training pipeline (Chen
et al., 2024; Liu et al., 2023b): (1) a pretraining
stage for feature alignment, and (2) an end-to-end
fine-tuning stage. Note that the vision-language
alignment procedure is identical across all exper-
iments, and only the backbone language model
varies.

Datasets & Evaluation Metrics When training
the vision-language alignment, we use the training
dataset from LLaVA (Liu et al., 2023b) for both the
pretraining and finetuning stages; filtered CC-595K
subset for pretraining and LLaVA-Instruct-158K
for finetuning. To evaluate how well each model
grounds its responses to the provided image, we
mainly conduct experiments on four benchmarks
commonly used to measure hallucination in vision-
language models: AMBER (Wang et al., 2023),
POPE (Li et al., 2023b), ImageInWords (Garg et al.,
2024), and LLaVA-Wild (Liu et al., 2023b). For
POPE, we report the average F1 score across all
splits (popular, adversarial, and random). For AM-
BER, we evaluate performance on both generative
and discriminative tasks. For ImageInWords, we
adopt the evaluation metric from CapMAS (Lee
et al., 2024b), which uses a GPT-based method
to assess factuality in fine-grained manner. For
LLaVA-Wild, we use the general GPT4-Eval met-
ric. We adjust the evaluation rubric to explicitly pe-

nalize hallucinations, focusing the evaluation more
precisely on hallucination detection. To assess over-
all model capabilities beyond hallucination, we ad-
ditionally evaluate on four widely used downstream
benchmarks: MMBench (Liu et al., 2023d), Sci-
enceQA (Luetal., 2022), MME (Sun et al., 2023a),
and GQA (Hudson and Manning, 2019).

Training Details All models are trained using the
same vision-language alignment procedure, with
the only difference being the choice of language
model backbone. We follow the training setup in-
troduced in LLaVA (Liu et al., 2023b), and conduct
all experiments on 8 NVIDIA A100 GPUs. During
the pretraining stage, the language model is kept
frozen and only the projection layer, which maps
image features to language model’s word embed-
ding space, is trained. The pretraining stage is run
for one epoch with a learning rate of 2e-3 and a
batch size of 128. In the subsequent fine-tuning
stage, both the projection layer and the language
model are updated, while the vision encoder re-
mains frozen throughout. Fine-tuning is performed
for three epochs using a learning rate of 2e-5 and a
batch size of 32. For the vision encoder, we use the
pre-trained CLIP visual encoder ViT-L/14 (Rad-
ford et al., 2021) following previous works (Liu
et al., 2023b; Sun et al., 2023b).

B RQ1: How does training an LLLM on
instruction tuning instruction tuning
with instances containing context differ
from tuning without context?

B.1 Effect of number of contexts on
performance

Figure 9 shows the average performance across
five datasets (NQ, TriviaQA, zsRE, T-REx, and
HotpotQA) (y-axis) as the number of retrieved con-
text increases (x-axis) for CTX-LLM and NOCTX-
LLM, using LLaMA 3.1 8B as the base model.
We observe that CTX-LLM consistently outper-
forms NOCTX-LLM, but the performance gap nar-
rows as more contexts are added. We hypothesize
that this is because CTX-LLM encourages strong
grounding to the provided context; therefore, when
many potentially distracting contexts are present,
the model may become susceptible to being misled
by irrelevant information.
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Figure 9: Avg. accuracy across nine datasets (y-axis),
NQ, TriviaQA, zsRE, T-REx, and HotpotQA, as a func-
tion of the number of contexts for each instance (x-axis),
for models trained with context (CTX-LLM) and with-
out context (NOCTX-LLM).

B.2 Attention Patterns Differ Between
NoCTtXx-LLM and CtX-LLM

Figure 10 presents attention maps during response
generation for NOCTX-LLM (top) and CTX-LLM
(bottom). CTX-LLM display stronger attention to
the input context, whereas NOCTX-LLM attend
more heavily to previously generated tokens (high-
lighted in the red box). This suggests that training
with context-augmented data (CTX-LLM) encour-
ages models to remain more grounded in the input,
rather than relying on self-generated content.

B.3 Counterfactual Dataset Construction

In this section, we describe our procedure for
constructing the counterfactual dataset, which are
datasets that contains knowledge that counterfacts
with model’s prior knowledge.

Dataset Construction & Validation We catego-
rize the dataset into two groups based on the for-
mat of the original answers: True/False (T/F) and
Free-Form. For T/F examples, where the answer
is either true or false, we generate counterfactuals
by simply inverting the original boolean value. For
Free-Form examples, which comprise the remain-
der of the dataset, we prompt the model to generate
a counterfactual response using the template shown
in Figure 11. We discard the samples for which
GPT-40® refuses generation or fails to match the
required format.

Using the generated counterfactual answer, we
then ask GPT-4o (in the same session) to fabricate

8https://openai.com/index/hello-gpt-40/

a supporting “background reference” using the tem-
plate in Figure 12.

To ensure that each fake pair (generated coun-
terfactual answer and external-knowledge) remains
coherent, we re-initialize a fresh GPT-40 chat and
validate with the template in Figure 13. Only sam-
ples for which GPT-4o0 selects Answer: B are re-
tained.

Evaluation Dataset Construction We randomly
sample 1k examples from the dataset and use GPT-
5 to generate cloze-style questions, which are then
used to evaluate whether the model knows the cor-
responding knowledge. Template we used to con-
struct the evaluation dataset is in Figure 14.

Dataset Statistics and Cost The overall vali-
dation pass rates are: T/F: 95.5%; Free-Form:
97.9%. In total, we obtain 29k validated counter-
factual examples (Free-Form: 24k; T/F: 5k), at a
generation cost of USD $77.83.

Results As shown in Figure 4, NoCtx(CF) shows
a large drop when tested on original knowledge
(Ori—Ctx) but a strong improvement when tested
on counterfactual knowledge (CF-Ctx), indicating
greater forgetting of prior knowledge and strong
memorization of the updated (counterfactual) train-
ing signal. In contrast, models trained with con-
text retain more of their original knowledge but
memorizes counterfactual knowledge less strongly:
Ctx(CF) outperforms NoCtx(CF) on Ori—Ctx, but
scoring lower on CF—Ctx. Ctx models also con-
sistently achieve higher performance than NoCtx
models whenever context is available (*+Ctx), re-
gardless of whether the context supports original
or counterfactual answers. These findings suggest
that context-augmented training shifts the model’s
reliance from parametric memory toward external
context.

C RQ2: How does using CTX-LLM or
NoCTXx-LLM as the backbone for
vision-language adaptation influence
performance on vision-language tasks?

C.1 Ct1X-VLM show robust performance
across varying response lengths

Figure 16 presents a qualitative comparison of fine-
grained captions generated by NOCTX-VLM and
CTX-VLM for an instance from the ImageInWords
dataset. The NOCTX-VLM tends to hallucinate,
incorrectly stating that “there are two people in
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Figure 10: Attention maps during response generation for models trained with NOCTX-LLM (top) and with

CTX-LLM (bottom)

Fake Answer Generation Prompt Template

provided question.
Query: {query}

Ground Truth Answer: {answer}

the format of the following:

Wrong Answer: <Plausible Wrong Answer>

You are tasked to create a binary-choice question by creating an alternative wrong answer to the

Create a plausible wrong answer for the provided question.

Your response should be in

Figure 11: Template for Generating Fake Answers.

the scene” (red text), likely due to internal priors
about humans typically playing arcade games. In
contrast, CTX-VLM avoids this hallucination and
instead provides a more grounded and descriptive
observation (blue text), accurately noting the pres-
ence of specific buttons on the arcade machine. We
observe similar trends across various other exam-
ples.

Effect of Rubric Modification on LLaVA-Wild
Performance To better assess whether the model
hallucinates, we modify the evaluation rubric to im-
pose an additional penalty for hallucinated content:
“Responses must remain grounded in the input im-
age. Any hallucinated details should be heavily pe-
nalized.” With this revised rubric, we observe that
the performance gap between the NOCTX-VLM
and CTX-VLM increases significantly: from an av-
erage difference of 8.8% under the original rubric

to 18.1% with the modified one. This suggests that
a substantial portion of the performance improve-
ment with CTX-VLM compared to NOCTX-VLM
comes from reducing hallucinations; CTX-VLM
generates more factual, image-grounded responses.

Effect of context configuration in LLM instruc-
tion tuning on vision-language hallucination
We evaluate the effect of context configuration
during LLM instruction tuning on vision-language
adaptation. Building on the models trained on vari-
ous context configurations in Section A.1, we use
these LLMs as backbones for the vision-language
alignment and assess their performance on vision-
language hallucination benchmarks.

As shown in Table 6, VLM using LLM trained
without computing loss on the context (Ctx Pres-
ence =T, Ctx Loss = F) as backbone consistently
outperforms both VLM using LLMs trained with
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Fake External-Knowledge Generation Prompt Template

Now, create a background reference from Wikipedia that supports your generated wrong answer.
Keep the length of the reference around 100 words. Remember, your generated fictional reference
should be convincing as possible so that people will be tempted to choose your generated wrong
answer, **instead of the original ground truth answer!** The generated reference passage should
seem like an excerpt from Wikipedia. This means that the reference passage should NOT start
with *According to ... You must NOT mention the original answer in your new reference
passage. Answer in the format of the following:

Reference Passage (Around 100 Words): <Fictional Passage>

Figure 12: Template for Generating Fake External-Knowledge.

Validation Prompt Template

For the following query, pick the answer which is directly supported by the provided passage
from Wikipedia. The correctness of the answer does not matter. Focus only on which answer the
reference passage directly supports.

Query: {query}

Reference Passage: {fake_reference}
Choice of Answers:

A: {original_answer}

B: {fake_answer}

Provide your answer in the following format:

Answer: <A or B>

Figure 13: Template for Validation.

Table 6: Performance on VLM hallucination benchmarks using LLMs trained under different context configurations
during instruction tuning.

Ctx Configuration Pope ‘ Amber Llava-W ‘ ImageInWords
Ctx Presence  Ctx Loss ‘ Fl ‘ CHAIR (J) Cover (1) Hal(f) Cog(l) FI(1) AMBER(?) ‘ GPT4-Eval ‘ Fl1
F 873 9.1 53.8 39.8 59 66.5 78.7 55.7 54.5
T T 87.3 8.6 534 37.0 4.8 70.6 81.0 62.7 55.1
T F 87.7 8.6 54.6 47.2 4.9 71.7 81.6 74.2 56.8

loss on the context (Ctx Presence = T, Ctx Loss
=T) and those trained without any added context
(Ctx Presence = F) as backbone. This pattern mir-
rors our findings in the text domain (Section A.1)
and provides evidence that the context configura-
tion used during instruction tuning influences how
models utilize and source knowledge, ultimately
affecting downstream performance.
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Cloze-Style Question Generation

Context: {context}

Ground Truth Answer: {answer}

You are given a passage and a target answer. Your task is to create a cloze-style questions
where the blank should be filled by the given answer and placed at the end of the sentence.
Avoid simply copying the passage verbatim; rewrite or paraphrase so it feels like a natural question.

Figure 14: Template for Generating Cloze-style Questions.

Table 7: Performance difference between using the orig-
inal Llama-Wild rubric (Original) and a modified ver-
sion that imposes stronger penalties for hallucinations
(Changed).

| Llama2(7B)  Llama3.1(8B) ~ Qwen2.5 (7B)
Original | 663 534 | 673 557 | 69.6  60.1
Changed | 72.1 709 | 77.1 742 | 801 785

D RQ3: How can these insights guide
when to use each model and combine
them effectively for downstream
applications?

D.1 Using CTX-LLM over NOCTX-LLM is
complementary with inference-time
grounding techniques

To examine the practical application and bene-
fits of our analysis, we evaluate whether CTX-
LLM further improves grounding performance
over NOCTX-LLM when used as the LLM for
inference-time grounding approaches. We ex-
periment over two inference-time grounding ap-
proaches: AdaCAD (Wang et al., 2024a), a
decoding-based approach that improves ground-
ing by adjusting the output distribution through
logit weighting between parametric and contex-
tual knowledge; and CORG (Lee et al., 2025), a
pipeline-based framework designed for contexts in-
volving complex, interrelated facts—settings where
language models often struggle.

Table 9 presents the performance of NOCTX-
LLM and CTX-LLM when combined with
inference-time grounding techniques. We find that
using CTX-LLM as the LLM for such methods
consistently improves performance across all set-
tings compared to NOCTX-LLM. For example,

using CTX-LLM with AdaCAD yields an average
absolute improvement of 5.3 points and pairing it
with CORG gives a 6.5 point gain compared to
using NOCTX-LLM as the LLM.

D.2 Routing Input Based on Context
Availability using LoRA

LoRA-based training shows trends consistent
with full-parameter training Table 8 shows the
performance of models trained with LoRA (Hu
et al.,, 2022) using either context-free instruc-
tion tuning data (NOCTX-LLM) and context-
augmented data (CTX-LLM), with Llama3.1 8B
as the base model. For the experiment, we trained
only the LoRA parameters, using a rank of 16,
an alpha of 32, and a dropout rate of 0.05. The
trend tends to be similar with when training the full
parameter; CTX-LLM consistently outperforms
NoCTX-LLM, with a larger performance gain on
NQ-C and CORG (+8.9%) compared to the others
(+2.0%).

Routing Inputs Based on Context Availability
Figure 15 shows a trend similar to that observed
with full parameter training. Routing provides a
strong balance, achieving robust performance in
both settings, an average of 54.5, compared to 50.2
for NOCTX-LLM and 52.9 for CTX-LLM. Com-
bining the two datasets (Combine) also yields a
good balance, with an average of 53.0. These re-
sults suggest that when full-parameter training is
computationally expensive, LoRA-based routing
is an efficient alternative, especially for scaling to
larger models.
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Table 8: Performance across 11 information-seeking datasets using models trained with CTX-LLM and NOCTX-
LLM, applied via LoRA.

Model Training | NQ TQA zsRE Trex HopolQA | NQ-C  Corg | Drop Squad SWDE FDA
NOCTX-LLM | 419 631 530 581 39.8 499 102 | 351 573 89.1 703

LLaMA 3.1 8B
CTX-LLM | 442 668 576 579 43.1 641 137 | 406 559 927 732
NOCTX-LLM | 498 764 741 754 39.7 605 201 | 520 582 817 824

Qwen 2.5 14B
CTX-LLM 584 863 754  79.8 457 795 215 | 532 565 819 875
NoCTx-LLM | 527 805 774 818 438 652 268 | 592 673 885 867

Qwen 2.5 32B
CTX-LLM | 61.1 881 780 847 48.1 83.1 301 | 61.8  69.1 912 928

Table 9: Performance over 11 information-seeking datasets using inference-based methods with NOCTX-LLM
and CTX-LLM trained with Llama 2 7B or Llama 3.1 8B as base models. TQA and HQA refer to TriviaQA and
HotpotQA, respectively.

Method | NQ TQA zRE Trex HQA | NQ-C Corg | Drop Squad SWDE  FDA
Llama2 7B
AdaCAD + NOCTX-LLM | 449 714 602 580 488 | 359 138 | 344 545 81.3 770

AdaCAD + CTX-LLM 54.2 75.0 67.7 62.4 51.5 73.3 154 39.8 55.6 91.7 70.7

CORG + NoCTx-LLM 423 69.0 51.2 69.8 45.5 54.1 22.0 33.8 429 82.3 734
CORG + CTXx-LLM 55.8 72.1 65.1 60.2 49.0 75.1 24.1 38.7 58.3 81.0 76.3

Llama3.1 8B

AdaCAD + NoCTX-LLM | 49.7 67.5 63.6 62.1 49.7 70.7 14.2 39.0 56.8 94.3 79.9
AdaCAD + CTX-LLM 51.7 70.1 65.8 63.9 54.3 84.7 15.9 4.3 56.9 93.0 82.9

CORG + NoCTx-LLM 48.0 70.2 57.5 62.7 48.0 60.7 21.4 39.0 64.9 92.0 74.0

CORG + CTX-LLM 462 726 626 634 506 | 723 284 | 440 695 950 809
D.3 Effect of varying the ratio of E.2 LLM Usage
con.te.xt-augmented and context-free We used the free version of ChatGPT-4o to assist
training examples with grammar checking during the writing of this
paper.

Figure 7 shows the performance of models trained
with the same total number of training examples but
with different proportions of context-augmented
data. Performance when inference is done with
relevant context added (with context) increases as
the proportion of context-augmented training ex-
amples grows. 50% mix provides the best overall
balance, maintaining strong performance both with
and without context.

E CheckList

E.1 Potential Risk

A model with strong grounding ability may also
reliably ground on incorrect or harmful context, po-
tentially amplifying misinformation if the provided
evidence is flawed. However, we expect this risk
can be mitigated by applying robust filtering and
validation of external context before it is supplied
to the model.
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Figure 15: Avg. performance across nine datasets (NQ,
TQA, zsRE, T-rex, HQA, Drop, Squad, SWDE, and
FDA). Inference w ctx (top figure) shows performance
with relevant context provided at inference time; the
Inference wo ctx (bottom figure) shows performance
without relevant context.

6809



The image features a large arcade machine with a video game, likely a racing game,
displayed on its screen. The machine is situated in a room with a wooden wall, giving
it a vintage feel. The game is set up with a steering wheel, which is placed in front of
the screen, allowing players to control the game with ease. There are two people in
the scene, one standing closer to the left side of the room and the other person on
the right side. They seem to be enjoying the game or observing the gameplay.

The image features a large arcade game machine with a steering wheel prominently
displayed on the front. The game machine is situated in a room with a brick wall in
the background. The steering wheel is positioned in the center of the machine, and it
appears to be a part of the game setup. There are several buttons on the machine,
including a few on the left side and a couple on the right side. The buttons are likely
Ctx-VLM used for controlling the game. The overall scene gives off a nostalgic and fun
atmosphere, reminiscent of classic arcade games.

Figure 16: Example from ImageInWords. Fine-grained captions generated for the figure on the left by NoCTX-
VLM and CTX-VLM.
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Figure 17: Avg. performance across nine datasets (NQ,
TQA, zsRE, T-rex, HQA, Drop, Squad, SWDE, and
FDA). Inference w ctx (top figure) shows performance
with relevant context provided at inference time; the
Inference wo ctx (bottom figure) shows performance
without relevant context.
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