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Abstract

Deploying large language models for special-
ized tasks requires lengthy prompts combining
schema, demonstrations, and instructions cre-
ating a fundamental tension between prompt
richness and inference feasibility. We identify
and characterize two distinct prompt regimes:
pattern-dominant tasks, where demonstrations
drive performance through implicit formatting
and extraction conventions, and procedure-
dominant tasks, where explicit instructions
carry the critical signal. To surface this dis-
tinction, we design a two-inference diagnos-
tic that compares model performance with in-
structions alone versus examples alone, re-
vealing which component to target for com-
pression. Guided by this diagnostic, we in-
troduce PRISM, a self-distillation framework
that generates silver training data from the
model’s own full-prompt outputs and trains
lightweight LoRA adapters to internalize the
dominant component’s behavior. PRISM re-
covers 131% of example benefit on CUAD
and 151% on MultiWOZ (pattern-dominant),
and 39% of instruction benefit on GSM8SK
(procedure-dominant), eliminating 72—79% of
prompt tokens at inference time. Silver data
captures 80-94% of gold-labeled performance
without human annotations. Beyond compres-
sion, PRISM frees context capacity: replac-
ing a long prompt with LoRA weights en-
ables 89.5% compliance with new runtime in-
structions versus 75.4% with recency prompt-
ing. The diagnostic suggests a practical pre-
training heuristic to indicate when distillation
is likely to succeed, helping practitioners avoid
costly training on non-beneficial components.

1 Introduction

Large language models (LLMs) achieve strong
few-shot performance through in-context learning
(ICL), where task demonstrations are prepended to
the input prompt (Brown et al., 2020). However,
this paradigm carries significant practical costs:

each demonstration consumes context length, in-
creases inference latency proportional to the num-
ber of tokens processed, and limits the input bud-
get available for the actual task. For specialized
tasks such as legal document analysis or multi-
turn dialogue, these costs are particularly acute a
prompt with 50 demonstrations can exceed 20,000
tokens, leaving little room for the input itself. Fur-
thermore, in-context examples are constrained by
the selection available at prompt design time, and
prior work has shown that performance is sensitive
to example choice and ordering (Lu et al., 2022;
Liu et al., 2022), introducing variance that is diffi-
cult to control in production settings.

This raises a natural question: can the knowl-
edge conveyed by prompt components be com-
pressed into model weights, enabling equivalent
performance at reduced inference cost?

We investigate this through component distil-
lation a two-stage approach where a prompted
model first generates silver training data from
its own example-augmented outputs, then
lightweight LoRA adapters (Hu et al., 2022) are
fine-tuned to internalize the demonstrated behav-
ior. At inference time, the adapter replaces the
distilled component entirely: the model receives a
shorter prompt yet produces outputs comparable
to or exceeding the fully prompted model.

A central question, however, is when will this
approach work. Not all in-context examples serve
the same function. To investigate this, we first con-
struct structured long prompts (7K-23K tokens)
composed of three modular components: do-
main schema, task instructions, and input-output
demonstrations. By systematically ablating these
components evaluating all combinations of inclu-
sion and exclusion we isolate the contribution of
each component to task performance (§2.2).

This ablation reveals a striking asymmetry.
On some tasks, demonstrations are the dominant
driver of performance, contributing 2-5x more
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than instructions. On others, instructions alone
nearly match the full prompt. We formalize this
observation as a distillation diagnostic: the per-
formance gap between instructions(I) and exam-
ples(E) predicts which component can be com-
pressed into weights. When E > I, examples
encode implicit pattern knowledge output format-
ting, extraction boundaries, domain conventions
amenable to weight-based compression. When I
> E, instructions encode procedural knowledge
that can similarly be distilled.

We validate this framework across three tasks
that span the pattern—procedure spectrum:

* CUAD (legal contract clause extraction): Ex-
amples improve F1 by 17.8 points over in-
structions alone, demonstrating extraction
boundaries and formatting conventions that
resist verbalization. LoRA recovers 131% of
example benefit with 72% fewer tokens.

L]

MultiWOZ (dialogue state tracking): Exam-
ples improve JGA by 13 points, providing
slot-value formatting patterns across 7 do-
mains. LoRA achieves 151% recovery sub-
stantially exceeding in-context example per-
formance with 79% fewer tokens.

GSMS8K (mathematical reasoning): Instruc-
tions alone achieve 88% accuracy, outper-
forming examples (80%). Example LoRA
matches examples at 80% but cannot im-
prove over instructions. However, instruc-
tion LoRA recovers 39% of instruction ben-
efit (71%—77.6%), confirming that the dom-
inant component whichever it is can be dis-
tilled.

Our contributions are: (1) a self-distillation
method for compressing prompt components (ex-
amples or instructions) into LoRA adapters, where
the model generates its own silver training data;
(2) a distillation diagnostic the I vs E perfor-
mance gap that predicts which component to distill
before any training investment; (3) empirical vali-
dation across five distillation settings (three tasks,
two component types, two models), showing 39-
151% recovery with 72-79% fewer tokens, with
layer ablation revealing distilled knowledge con-
centrates in late transformer layers; and (4) empir-
ical demonstration that LoRA compression frees
context capacity: replacing a long prompt with
LoRA weights enables 89.5% compliance with

new runtime instructions versus 75.4% with re-
cency prompting and 1.7% when the instruction
is buried mid-prompt; (5) a comparison with con-
text distillation showing PRISM substantially out-
performs KL-based compression (37.8% vs 10.4%
F1), which fails to converge effectively under
matched hyperparameters.

2 Method

Our approach consists of three stages: structured
prompt design with component ablation, silver
data generation, and LoRA fine-tuning (Figure 1).

2.1 Problem Formulation

Given a prompt P = C; @ Co @ ... & Cy @
x, where C; are prompt components (schema,
examples, instructions) and x is the task in-
put, we seek a lightweight adapter 6 such that
LLMy(P \ Cj, ) ~ LLM(P, ), where C} is the
dominant component identified by the diagnos-
tic. The adapter internalizes C';’s contribution into
weights, eliminating its tokens at inference time.

2.2 Structured Prompt Design

A key challenge in understanding in-context learn-
ing is that prompts are typically treated as mono-
lithic text blocks, making it difficult to attribute
performance to specific components. We ad-
dress this by constructing long prompts (7K-23K
tokens) from three modular, independently tog-
gleable components. Each component is manu-
ally authored per task: schema defines the do-
main ontology, examples are drawn from training
data (30-80 per task), and instructions specify out-
put format and extraction rules. Representative
prompt snippets are provided in Appendix C, and
our prompt-engineering methodology (component
authoring and coverage-based example selection)
is detailed in Appendix B.

* S (Schema): Task-specific domain ontology
slot definitions for dialogue, clause type tax-
onomy for legal extraction, problem cate-
gories for math.

* E (Examples): Input-output demonstrations
drawn from training data (30-80 examples,
comprising 7K—19K tokens). These show the
model what good outputs look like through
concrete demonstrations.

* I (Instructions): Explicit procedural guid-
ance output format specifications, extrac-
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KEY RESULT
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Figure 1: PRISM methodology pipeline. The diagnostic phase identifies which prompt component (examples
or instructions) to distill. Silver data is generated from the full prompt, then LoRA is trained to internalize the
dominant component’s behavior. At inference, the dominant component is removed, reducing tokens by 72—79%.

tion rules, step-by-step reasoning strategies.
These tell the model how fo produce outputs
through verbal description.

This decomposition reflects primary prompt
engineering strategies in production LLM sys-
tems: schema provides domain structure, exam-
ples demonstrate desired behavior through input-
output pairs, and instructions specify procedural
rules. While other strategies such as chain-of-
thought(COT) prompting and retrieval-augmented
generation(RAG) exist, they can be viewed as spe-
cialized forms of these components: COT as a
type of instruction, and RAG as dynamically se-
lected examples.The full prompt is Py = S &
E ® I ® =z, where z is the task input. By includ-
ing or excluding each component, we construct 7
configurations (&, S, I, E, S+E, S+I, S+E+I) that
isolate each component’s contribution. This abla-
tion identifies whether a task is pattern-dominant
(E drives performance) or procedure-dominant (1
drives performance), yielding the distillation diag-
nostic (§5.1).

2.3 Silver Data Generation
We generate silver training data as follows:
1. Sample N inputs {z1,...,zny} from the
task’s training split, disjoint from the in-

context examples used in E to avoid data
leakage.

2. For each input x;, construct the full prompt

Puyp(z;) =S @ E® 1@ x; and generate ; =
LLM(Pryi(z;)) using greedy decoding.

3. Apply task-specific quality filtering to obtain
the silver set Dsitver = { (i, 9:) }-

The model’s outputs under example-augmented
prompts reflect behavioral patterns those exam-
ples demonstrate (formatting conventions, extrac-
tion boundaries, domain-specific output structure).
By training a LoRA adapter that receives no exam-
ples to reproduce these outputs, we force it to in-
ternalize those patterns into its weights. By train-
ing on these outputs, we transfer pattern knowl-
edge from the prompt context into model weights
(representative silver instances are shown in Ap-
pendix D).

Why Silver Data, Not Gold Labels? A natu-
ral alternative is to train LoRA directly on gold-
labeled data. While this would likely produce a
competent model, it conflates multiple learning
signals task knowledge, format conventions, do-
main patterns making it impossible to isolate what
in-context examples specifically contribute. Our
silver data approach, inspired by knowledge dis-
tillation (Hinton et al., 2015) and its application
to LLMs (Hsieh et al., 2023), uses the model’s
own example-augmented outputs as training tar-
gets. The training signal is therefore precisely the
behavioral difference between the model with and
without examples. This approach requires no la-
beled data the model is its own teacher. We val-
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idate this empirically: silver LoRA achieves 80—
94% of gold LoRA performance across CUAD
and MultiwOZ (§5.3).

Quality Filtering. We apply task-specific filters
remove low-quality silver examples: CUAD re-
quires >80% word overlap with the input pas-
sage (38% retention; selection bias and general-
ization analysis in Appendix E.1); MultiWOZ re-
quires proper slot-value formatting (99% reten-
tion); GSMS8K retains only correct numerical an-
swers (84% retention). Silver data statistics for all
datasets are provided in Appendix E.

2.4 LoRA Fine-Tuning

We fine-tune LoRA adapters (Hu et al., 2022) on
the silver data. The input template excludes the
dominant component:for example distillation, in-
putis S & I & x; (no demonstrations), target is
7; from S+E+I; for instruction distillation, input
is S @ E @ x; (no instructions).For MultiwOZ,
where ablation showed instructions degrade per-
formance when combined with examples (§4.1),
we use Séx (schema only, no instructions) as
the LoRA input template instead of the standard
Selox.!

Training Configuration. We use LoRA rank
r = 16, a = 32, targeting all attention and MLP
projections following Hayou et al. (2024), with
learning rate 1 x 10~ (2 x 10~ for MultiWOZ).
Full training details are provided in Appendix A.

Inference. At deployment, the LoRA adapter is
merged with the base model. The input prompt ex-
cludes the distilled component S+I+x for example
distillation or S+E+z for instruction distillation re-
ducing prompt length by 72—-79% compared to the
full S+E+I prompt.

3 Experimental Setup
3.1 Tasks and Datasets

We select three tasks spanning the pattern—
procedure spectrum. Table 1 provides published
reference points for context. Our goal is not to
match SOTA performance but to measure how
much of the prompted performance gap LoRA can

'Using the standard S@I®x template for MultiWOZ
LoRA yields 55.7% Slot F1 vs 77.3% with the minimal
S@x template, confirming that instruction interference per-
sists during LoRA training. This means MultiwWOZ LoRA
benefits from both internalizing example patterns and avoid-
ing instruction interference; the reported recovery rate re-
flects both effects jointly.

Task Published Baseline Score

O e cot? o Ak

CUAD DeBERTa-xl, fine-tuned®  47% AUPR
Table 1: Published reference points. !Yang et al.

(2024) (4-shot), 2Meta Al (2024), *Hendrycks et al.
(2021), 4Feng et al. (2023), SHudedek and Dusek
(2023). Our experiments use 30—80 shot prompts with
7B models; these numbers contextualize task difficulty.

recover relative to the best prompted configuration
on each task.

CUAD (Hendrycks etal., 2021) requires extract-
ing specific clause types from legal contracts. We
evaluate on 500 test examples using token-level
F1. MultiWOZ 2.2 (Zang et al., 2020) is a 7-
domain dialogue state tracking benchmark. We
evaluate on 500 test dialogues using Joint Goal
Accuracy (JGA)? and Slot F1. GSMSK (Cobbe
et al., 2021) consists of grade school math prob-
lems requiring multi-step reasoning. We evaluate
on 500 test problems using exact-match accuracy.

3.2 Models

We evaluate Qwen2.5-7B-Instruct (Yang et al.,
2024) (128K context, 4-bit QLoRA) on all tasks.
To assess cross-model generalization, we fur-
ther evaluate two additional 7B instruction-tuned
families trained on the same Qwen-generated
silver data: Mistral-7B-Instruct-v0.3 (Jiang
et al.,, 2023a) (32K context) on CUAD, and
InternLLM2.5-7B-chat (32K context) on CUAD
and MultiwOZ.

3.3 Evaluation Protocol

We define the recovery rate to quantify what frac-
tion of the best prompted performance LoRA cap-
tures:

f(My, P\ Cj) — f(M, P\ Cj)

Recovery = (M) — f(M, P\ C})

where f*(M) = maxccispn f(M,C @
x) is the best performance achievable with any
prompted configuration, and P \ Cj is the prompt
without the distilled component.

2JGA measures the fraction of dialogue turns where all
predicted slot-value pairs exactly match the gold state.
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Config CUAD-Q CUAD-M MW JGA GSMSK

(F1) (F1) (%) (Acc)
& (none) 13.3 54 0.0 21.0
S+I only (instructions) 144 16.4 0.0 88.0
S+E only (examples) 31.5 53.8 18.8 80.4
S+I (base, ex. distil.) 10.7 19.3 5.8 76.2
S+E (base, in. distil.) 27.6 53.5 8.6 71.0
S+E+I (full prompt) 31.4 532 12.8 86.8
LoRA (example) 37.8 54.2 254 79.6
LoRA (instruction) 26.3 — — 77.6

Table 2: Prompt ablation (n=500). CUAD-Q=Qwen,
CUAD-M=Mistral. Bold per column = best prompted
config. LoRA rows (green) show distillation results:
example LoRA exceeds the best prompted config on
CUAD and MultiWOZ; instruction LoRA recovers in-
struction benefit on GSM8K.

Recovery > 100% indicates LoRA exceeds the
best prompted configuration (Section 5.1).

4 Results
4.1 Prompt Ablation

Table 2 presents the prompt ablation results. Ex-
amples dominate on CUAD and MultiWOZ, pro-
viding 2-3x improvement over instructions. On
GSMBSK, instructions alone (88%) nearly match
the full prompt (87%). Notably, component inter-
actions can be destructive: on MultiwOZ, S+E+I
(12.8%) degrades performance compared to E
alone (18.8%), probably due to long-context inter-
ference, motivating our use of a minimal template
for MultiwOZ LoRA training. Recovery rates ex-
ceeding 100% (CUAD: 131%, MultiWOZ: 151%)
are consistent with the adapter internalizing exam-
ple patterns while avoiding the cost of processing
a long prompt; we note that reduced long-context
interference is likely one of several contributing
factors rather than the sole cause (see §5.6). The
pattern is consistent across architectures: Mistral
and InternLM?2.5 show the same E-dominant pro-
file on CUAD(InternLM CUAD LoRA reaches
23.7% F1). InternLM2.5 exhibits similar behavior
on MultiWOZ , with its LoRA adapter trained on
Qwen-generated silver data reaches 18.2% JGA /
66.8% Slot-F1.

4.2 LoRA Distillation

Table 3 presents LoRA adapters trained on sil-
ver data compared against prompted baselines.
On CUAD, Qwen example LoRA achieves 37.8%
F1 (131% recovery), exceeding the full prompt
(31.4%), while Mistral trained on Qwen-generated
silver data achieves 54.2% F1 (103% recovery),

Task Full Base LoRA Saved Rec.

(%) (%)

Example Distil.
CUAD-Q (F1) 314 10.7 37.8 72 131
CUAD-M (F1) 532 193 54.2 72 103

MW (JGA) 18.8 5.8 25.4 79 151
MW (SF1) 66.8 27.5 74.3 79 119
GSMS8K (Acc) 88.0 76.2 79.6 91 29
Instruction Distil.
GSMB8K (Acc) 88.0 71.0 77.6 91 39
CUAD-Q (F1) 314 276 26.3 72 —34
Table 3: Distillation results (n=500). Q=Qwen,

M=Mistral (cross-model transfer, trained on Qwen sil-
ver;). Full: best prompted config (f*). Base: prompt
without distilled component. Rec.: recovery rate.
GSMBS8K example LoRA confirms example distillation
fails on procedure-dominant tasks; instruction LoRA
(39%) confirms the dominant component can be dis-
tilled.

demonstrating that behavioral patterns captured
in silver data are not model-specific artifacts
but reflect genuine task structure that general-
izes across architectures; instruction LoRA pro-
vides no benefit (26.3% F1, —34% recovery),
confirming that distilling the non-dominant com-
ponent is ineffective. On MultiWwOZ, LoRA
achieves 25.4% JGA and 74.3% Slot F1, sub-
stantially exceeding E (18.8% JGA, 66.75% Slot
F1) a 151% JGA recovery rate. On GSMSK,
example LoRA (79.6%) matches E (80.4%) but
cannot improve over I (88%), confirming exam-
ple distillation is unnecessary when instructions
dominate, while instruction LoRA recovers 39%
of instruction benefit (71%—77.6%), demonstrat-
ing that the dominant component can be dis-
tilled (§5.1). Both conditions eliminate 91% of
prompt tokens (12.9K—1.2K). Instruction LoRA
on CUAD achieves 26.3% F1 (—34% recovery),
confirming that distilling the non-dominant com-
ponent is ineffective.

S Analysis

5.1 The Distillation Diagnostic

The distillation diagnostic predicts which prompt
component to distill based on the I vs E perfor-
mance gap: example distillation succeeds when E
> [ (CUAD: 131%, MultiWwOZ: 151% recovery),
instruction distillation when I > E (GSMS8K: 39%
recovery), and distilling the non-dominant compo-
nent provides no benefit (Figure 2). The diagnos-
tic requires only two inference runs and correctly
predicts outcomes across all three tasks evalu-
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Figure 2: Distillation diagnostic (n=500). The E—I
gap predicts LoRA recovery rate. Pattern-dominant
tasks (positive gap) succeed with example distillation;
GSMSK (procedure-dominant, negative gap) uses in-
struction LoRA.

ated here; broader validation across additional task
families remains future work.

Bidirectional validation. Distilling the non-
dominant component provides no benefit: instruc-
tion LoRA on CUAD achieves only 26.3% F1
(—34% recovery), and example LoRA on GSM8SK
matches E (80%) but cannot exceed I (88%). The
diagnostic thus operates bidirectionally: it identi-
fies not just whether to distill, but which compo-
nent to distill (Table 3).Output-level analysis con-
firms that LoRA outputs are 2-4x more likely to
match E outputs than S+I outputs across all tasks
(Appendix E.2).

5.2 Inference Latency

The latency benefit scales with the ratio of ex-
ample tokens to total input length (Table 4). On
MultiWwOZ, where examples constitute approx-
imately 75% of the prompt, LoRA achieves a
4.4x speedup by eliminating the example com-
ponent entirely. On CUAD, the speedup is neg-
ligible because the contract passage dominates in-
put length regardless of prompt configuration. On
GSMBSK, LoRA shows no meaningful latency dif-
ference from the full prompt (26.2s vs 27.1s per
query), consistent with instruction tokens being a
small fraction of total generation time on reason-
ing tasks. In all cases, LoRA adds no adapter over-
head as weights are merged at load time.

Task Config Tokens Latency Speedup
Full Prompt  15.9K 12.7s 1.0x
CUAD 1 orA 113K 1195 Llx
Full Prompt  12.9K 27.1s 1.0x
GSMBK 1 (R 12K 262s 1.0x
MW Full Prompt  25.9K 21.2s 1.0x
LoRA 5.7K 4.8s 4.4x

Table 4: Inference latency (Qwen2.5-7B, 4-bit, n =
500). Speedup relative to full prompt.

plateau by @~ CUAD (F1)
[} ~400 examples - MultiwOZ (JGA)

0 200 400 600 800 1000 1200 1400
Silver Examples (before filtering)

Figure 3: Data efficiency on CUAD (F1) and Mul-
tiwOZ (JGA) (Qwen2.5-7B). Both plateau near their
full-data results (dotted lines) by ~400 silver exam-
ples; on CUAD, 200 examples already recover 85% of
the maximum.

5.3 Data Efficiency

A practical question for deployment is how much
silver data is needed. We train LoRA adapters on
nested subsets of silver data for both CUAD and
MultiWOZ and evaluate on held-out test sets (Fig-
ure 3).

On CUAD, performance plateaus sharply at 400
examples (33.2% F1), matching the full dataset
(33.4%); even 200 examples achieve 28.4% (85%
of the maximum), suggesting that extraction pat-
terns are learnable from a modest number of
demonstrations. Silver data generation for 400
examples requires only ~1.4 GPU-hours, making
the total upfront cost practical. MultiWwOZ shows
a similar trend, with JGA plateauing near its full-
data result (~25%) by ~400 examples.

Silver vs Gold Training. To validate the self-
distillation approach, we train separate LoRA
adapters on gold-labeled data using the same in-
puts, swapping silver outputs for gold annota-
tions. Silver LoRA achieves 94% of gold perfor-
mance on CUAD (33.4% vs 35.6% F1) and 80—
93% on MultiWOZ (36.0% vs 45.0% JGA; 77.3%
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Active LoRA Layers F1
None (S+I baseline) 13.8

A vs S+I

Early only (0-13) 26.0 +12.2
Late only (14-27) 35.2 +21.4
Full (0-27) 334 +19.6

Table 5: Layer ablation on CUAD (Qwen2.5-7B, n =
100). Extraction pattern knowledge is concentrated in
later layers. Baseline S+I F1 = 13.8% at n = 100.

vs 82.8% SF1), 3 confirming that the model’s own
example-augmented outputs provide a sufficient
training signal without requiring human annota-
tions.

5.4 Layer Ablation: Where Does Pattern
Knowledge Live?

To understand where distilled pattern knowledge
is encoded, we perform a causal intervention: for
each layer group, we set the low-rank updates
AW = BA to zero, reverting those layers to
pre-trained weights while keeping the adapter ac-
tive on remaining layers. We selectively disable
LoRA in either the early (layers 0—13) or late (lay-
ers 14-27) half of Qwen2.5-7B (Table 5). Late-
layer LoRA alone (35.2% F1) recovers the full
benefit of distillation slightly exceeding the full
adapter (33.4%), while early-layer LoRA (26.0%)
captures less than half the total gain, indicating
that extraction patterns are primarily encoded in
later layers where task-specific representations are
formed. The slight improvement of late-only over
full LoRA further suggests that early-layer modifi-
cations introduce noise into general language fea-
tures; restricting LoRA to later layers thus serves
as a more parameter-efficient configuration.

5.5 Catastrophic Forgetting

We test whether task-specific LoRA adapters
cause catastrophic forgetting (Biderman et al.,
2024) by evaluating the CUAD LoRA adapter
on GSMS8K and MultiWOZ using the full S+E+I
prompt. On MultiWwOZ, CUAD LoRA preserves
performance (18% vs 16% JGA, 63.3% vs 60.0%
Slot F1), showing no degradation on a fellow
extraction-oriented task. On GSMS8K, we observe
a modest drop (83% vs 89% accuracy), consis-
tent with extraction-focused weight modifications
slightly interfering with chain-of-thought reason-
ing. In practice, task-specific adapters should

3These silver-vs-gold comparisons are computed on a
matched n=100 subset

Method CUAD F1
No prompt (S+I baseline) 10.7
Full prompt (S+E+I) 314
Context distillation (KL) 10.4

PRISM (silver cross-entropy) 37.8

Table 6: PRISM vs. context distillation on CUAD
(n=500). KL distillation barely exceeds the no-prompt
baseline, while PRISM achieves 131% recovery.

be loaded selectively; adapter routing (Hu et al.,
2022) can address this in deployment.

5.6 Comparison with Context Distillation

A natural baseline for prompt compression is con-
text distillation (Snell et al., 2022), which mini-
mizes KL(Preacher || Pstudent) Where the teacher is the
full-prompt model and the student is the LoRA
model without the prompt. We implement this on
CUAD under matched conditions: same model,
LoRA config, 400 training samples, and inference
template. Concretely, for each training sample we
run two forward passes one with the full S+E+I
prompt (teacher) and one with S+I only (student)
and minimize the KL divergence between their
output distributions at each token position (Ta-
ble 6).

PRISM (37.8%) substantially outperforms KL
distillation (10.4%), which barely exceeds the no-
prompt baseline (10.7%). The KL objective fails
to converge effectively with training loss oscil-
lating between 0.49-1.02 across epochs, com-
pared to PRISM’s clean convergence from 0.498
to 0.045. We attribute this to the difficulty of op-
timizing the KL objective under matched hyper-
parameters: it requires the student to match the
teacher’s full output distribution at every token
position, whereas PRISM only requires reproduc-
ing sampled text outputs, following the standard
knowledge-distillation practice of training a stu-
dent on teacher outputs (Hinton et al., 2015; Hsieh
et al., 2023). We note that a dedicated hyperpa-
rameter sweep for the KL baseline might improve
results; our comparison establishes that PRISM is
easier to tune under matched configurations.

5.7 Context Capacity Liberation

Compressing a long prompt into LoRA weights
does more than reduce tokens it frees context ca-
pacity for new runtime instructions. When a 15K-
token prompt occupies the context window, a new
instruction added at inference time is effectively
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ignored: we show compliance drops to 1.7% when
the instruction is buried mid-prompt (Table 7).
PRISM eliminates this bottleneck.

Setup. We use IFEval (Zhou et al., 2023), a
benchmark of 541 instruction-following tasks with
25 programmatically verifiable constraint types,
as the base evaluation. We construct a 15K-
token consulting firm editorial guide as the long
prompt and inject a new instruction absent from
the prompt: “Your response must include the word
‘prism’ at least once.” This word never appears
naturally in IFEval outputs (0/541 verified) and
conflicts with no IFEval constraint, making com-
pliance a clean signal of whether the new instruc-
tion was followed.

Cond. Description IFEval Compliance

A Long prompt + task 74.9 —

G LoRA + task (no new instr.) 75.1 —

D No prompt + task (no new instr.) 76.3 —

B Long prompt + instr. (mid) 76.0 1.7

C Long prompt + instr. (end) 75.1 75.4

E No prompt + instr. (upper bound) 73.9 94.1

F LoRA + new instruction 73.0 89.5
Table 7: Context capacity experiment on IFEval
(n=541). Compliance = % of outputs containing
‘prism’. D = no prompt, no new instruction (base-
line). G=A confirms LoRA preserves task quality;

F>C shows LoRA frees capacity for new instructions.

Results. G (75.1%) ~ A (74.9%) confirms
LoRA successfully internalizes the long prompt
without degrading IFEval performance. LoRA
(F: 89.5%) dramatically outperforms both mid-
prompt placement (B: 1.7%) and recency (C:
75.4%), approaching the no-prompt upper bound
(E: 94.1%). The mild IFEval drop in F vs G
(73.0% vs 75.1%) is not a LoRA artifact the same
drop occurs without any prompt (E: 73.9% vs
D: 76.3%) confirming it is caused by the new
instruction itself, not by compression. PRISM
thus frees context capacity: a model with com-
pressed prompts follows new runtime instruc-
tions at 89.5% compliance versus 75.4% with re-
cency prompting and 1.7% when the instruction is
buried.

6 Related Work

Context and Rationale Distillation. Snell et al.
(2022) propose context distillation, aligning
model outputs with and without context through
a KL-divergence objective that requires access to

the model’s output distribution. Distilling Step-
by-Step (Hsieh et al., 2023) extracts chain-of-
thought reasoning from teacher LLMs to train
smaller models. PRISM differs in three ways: (1)
it uses only sampled text outputs for silver data
generation, decoupling data creation from adapter
training; (2) it targets both implicit pattern knowl-
edge and procedural knowledge, not just reason-
ing chains; and (3) it provides a pre-hoc diagnos-
tic that identifies which component to distill before
any training investment.

Prompt Compression. GIST (Mu et al., 2023)
compresses prompts into learned soft tokens,
while LLMLingua (Jiang et al., 2023b) removes
tokens at inference time via perplexity-based
heuristics.  These approaches either produce
non-standard representations or add per-inference
overhead. Our method uses standard LoRA
weights with zero inference-time cost and pro-
vides explicit analysis of compressibility by com-
ponent type.

In-Context Learning Theory. Brown et al.
(2020) demonstrated few-shot ICL; subsequent
work investigated example selection (Liu et al.,
2022), ordering sensitivity (Lu et al., 2022), and
theoretical foundations (Xie et al., 2022; Dai et al.,
2023). Min et al. (2022) showed that examples pri-
marily convey format and distribution rather than
factual knowledge consistent with our finding that
pattern knowledge is distillable.

Parameter-Efficient Fine-Tuning. LoRA (Hu
et al., 2022) introduces low-rank adapters for
parameter-efficient adaptation;Hayou et al. (2024)
further improve it by assigning distinct learning
rates to the two low-rank matrices;Prefix tuning
(Li and Liang, 2021) and prompt tuning (Lester
et al., 2021) also replace explicit tokens with
learned parameters, but prepend vectors at every
inference call rather than merging into weights,
maintaining nonzero context overhead. Crucially,
none of these approaches provide a pre-hoc diag-
nostic for identifying which prompt components
are compressible.

7 Conclusion

We presented PRISM, a framework that identifies
the dominant prompt components (examples or
instructions) via a two-inference diagnostic, then
distills it into a lightweight LoRA adapter. Ex-
ample LoRA recovers 131% on CUAD and 151%
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on MultiWOZ; instruction LoRA recovers 39% on
GSMBSK eliminating 72-79% of prompt tokens in
each case. Instruction distillation proves highly
effective for format- and guideline-following in-
structions (IFEval) but only partial for multi-step
reasoning (GSM8K). Distilling the non-dominant
component yields no benefit, confirming the di-
agnostic’s bidirectionality. Beyond this, PRISM
establishes a broader principle: the knowledge en-
coded in carefully engineered prompts need not be
re-supplied at every inference call. It can be inter-
nalized into model weights once, amortizing the
cost of prompt engineering across all future infer-
ences, and a two-inference diagnostic determines
whether that internalization is worth attempting
before any training investment is made. In de-
ployment, this directly reduces context window
pressure and inference failures caused by lengthy
prompts. PRISM also frees context capacity: re-
placing a long prompt with LoRA weights en-
ables 89.5% compliance with new runtime in-
structions versus 75.4% with recency prompt-
ing. Future work includes extending PRISM
to reasoning-heavy transfer, chain-of-thought and
retrieval-augmented prompts, larger model fami-
lies, multilingual settings, and multi-task adapter
composition.

Limitations

We evaluate on three 7B-parameter models
(Qwen2.5, Mistral, InternLM2.5) and three tasks;
generalization to larger models (70B+) and ad-
ditional task families such as summarization and
classification remains untested. We do not com-
pare against GIST (Mu et al., 2023) or LLMLin-
gua (Jiang et al., 2023b); evaluating the trade-offs
between static, weight-internalized compression
(PRISM) and dynamic, inference-time token re-
duction (LLMLingua) across different deployment
constraints is a critical area for future work. Fi-
nally, we do not conduct exhaustive hyperparame-
ter sweeps across LoRA rank or learning rate, and
the optimal configuration may vary by task.
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We acknowledge the use of Al assistance for La-
TeX formatting and writing polish.These tools
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A Training Configuration

We use LoRA rank r = 16, a = 32, dropout
0.05, targeting all attention projections (g, k, v, 0)
and MLP projections (gate, up, down). Training
proceeds for 5 epochs with gradient accumulation
over 16 steps, batch size 1, and fp16 precision on a
single NVIDIA L4 GPU (24GB). We use 1 x 1074
as our base learning rate. For MultiWwOZ, we ad-
ditionally evaluated 2 x 10~%, which yielded sub-
stantially better results (77.3% vs 55.7% Slot F1).
Within each training run, we select the best check-
point based on eval loss on a 10% stratified held-
out split. Input sequences are truncated to 4,096
tokens with answer-centered truncation for CUAD
to ensure the gold span remains within the context
window.

B Prompt Engineering Methodology

To reach dataset baseline performance, we ap-
plied several prompt-engineering tactics: (i) in-
struction refinement—for example, on CUAD
we moved from brief directives (“extract exact
spans,” “be precise”) to more precise extraction
rules such as Verbatim Extraction, Minimal Suffi-
cient Span, and Complete Clause Extraction, each
with explicit correct/incorrect cases; (ii) stratified
example selection so demonstrations are repre-
sentative of the data e.g., on MultiWOZ the exam-
ples cover all five active domains (restaurant, ho-
tel, train, attraction, and taxi); (iii) decomposing
each prompt into schema, examples, and instruc-
tions rather than a monolithic block, which is what
enables the component ablation to identify the
dominant part. We applied these tactics to reach
industry-benchmark performance, but we empha-
size that our objective is not to find the single best
prompt rather, to study which prompt components
can be internalized into weights. Prompt engineer-
ing is therefore a means to a fair comparison, not
the central contribution of this work.

C Prompt Examples

We provide representative snippets of the prompt
configurations used in our experiments. Full
prompts range from 1K to 23K tokens; we show
truncated versions here.

C.1 CUAD: E (Examples Only)
## EXAMPLES

Example 1:
Passage: EXHIBIT 10.6
DISTRIBUTOR AGREEMENT

THIS DISTRIBUTOR AGREEMENT (the

"Agreement") is made by and between
Electric City Corp., a Delaware
corporation ("Company") and Electric

City of Illinois LLC ("Distributor")
this 7th day of September, 1999.
Question: Highlight the parts related
to "Document Name".

Answer: DISTRIBUTOR AGREEMENT

Example 2:

Passage: WEB SITE HOSTING AGREEMENT
Question: Highlight the parts related
to "Parties".

Answer: Centrack International, INC.

[... 28 more examples ...]

## TASK

Passage: {context}
Question: {question}
Answer:

C.2 CUAD: S+I (Schema + Instructions)

The S+I prompt contains detailed system context,
a full clause type taxonomy (29 types), and com-
prehensive extraction rules ( 2,667 tokens total).
We show a truncated version:

## SYSTEM

You are a legal contract analysis
system specialized in extracting
specific clause information from
commercial agreements.

## APPLICATIONS

Contract Clause Types:

— Document Name: title of the agreement
- Parties: entities entering the

— agreement

- Agreement Date: when signed/effective
- Governing Law: jurisdiction

[... 25 more clause types with detailed
descriptions and valid values ...]

## INSTRUCTIONS
### Core Extraction Principles

Principle 1: Verbatim Extraction

Copy text exactly as it appears. Do not
paraphrase, summarize, fix grammar, or
change capitalization.

Principle 2: Minimal Sufficient Span
Extract the shortest span that fully
answers the question.

Principle 3: Complete Clause Extraction
For complex provisions, include the full
operative language.

[... negatives, cross-references,
boilerplate vs negotiated terms,
common extraction errors ...]
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## Output Format

Answer: [extracted text or "Not found"]
## TASK

Passage: {context}

Question: {question}

Answer:

C.3 GSMSK: I (Instructions Only)

## INSTRUCTIONS
Show your solution step by step,
then end with: Answer: <number>

The final answer must be:

— Just the numerical value

- No units

— An integer if whole number

### Solution Structure

Step 1: Understand the problem
Step 2: Plan the solution

Step 3: Execute calculations
Step 4: State the answer

### Common Mistakes to Avoid
- Misreading the question

— Arithmetic errors

- Order of operations

[... detailed guidance ...]

## TASK
Problem:
Solution:

{question}

C4 MultiwOZ: E (Examples Only)

## EXAMPLES

Example 1:

Dialogue:

USER: 1 need a place to dine in the
center thats expensive

SYSTEM: I have several options; do you
prefer African, Asian, or British?

USER: Any sort of food would be fine.
Could I get the phone number?

Slots: restaurant—-area: centre,
restaurant-pricerange: expensive

Example 2:

Dialogue:

USER: I need a train from cambridge
to london on tuesday.

Slots: train-departure: cambridge,
train-destination: london,
train-day: tuesday

[... 78 more examples ...]

## TASK
Dialogue:
{dialogue}
Slots:

D Silver Data Examples

Silver training data is generated by prompting the
model with the full S+E+I configuration and col-
lecting outputs. The LoRA adapter is then trained

on these (input, output) pairs using the S+I prompt
(no examples).

D.1 CUAD Silver Example

Training Input (S+I prompt)
## SYSTEM
You are a legal contract analysis
system

## APPLICATIONS

[clause type taxonomy]

## INSTRUCTIONS

[extraction rules]

## TASK

Passage: EXHIBIT 10.6 DISTRIBUTOR
AGREEMENT THIS DISTRIBUTOR

(the "Agreement") is made by and
between Electric City Corp.
Question: Highlight the parts related
to "Document Name".

Answer:

Training Target (silver output)
DISTRIBUTOR AGREEMENT

Gold Label
DISTRIBUTOR AGREEMENT

D.2 GSMBSK Silver Example

Training Input (S+I prompt)

## INSTRUCTIONS

[step-by-step guidance]

## TASK

Problem: Natalia sold clips to 48 of
her friends in April, and then she

sold half as many clips in May. How
many clips did Natalia sell altogether?

Solution:

Training Target (silver output)
Step 1: In April, Natalia sold 48 clips
Step 2: In May, she sold half: 48/2 = 24
Step 3: Total = 48 + 24 = 72
Answer: 72

Gold Answer: 72 (Correct: True)

D.3 MultiWOZ Silver Example

Training Input (S+I prompt)
## SYSTEM
You are a Dialogue State Tracking
system

## APPLICATIONS

[domain and slot definitions]

## INSTRUCTIONS

[extraction and formatting rules]

## TASK

Dialogue:

USER: 1 need a place to dine in the
center thats expensive

SYSTEM: I have several options

USER: Sounds good. Also, could you
recommend an expensive hotel?

Slots:

Training Target (silver output)
hotel-bookday: saturday,
hotel-bookpeople: 2,
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hotel-bookstay: 2,

hotel-name: university arms hotel,
hotel-pricerange: expensive,
hotel-type: hotel

E Silver Data Statistics

CUAD GSMS8K MultiwOZ
Generated 3,000 2,000 1,992
After filtering 1,134 1,673 1,984
Retention rate 38% 84% 99%
Filter criterion ~ Word overlap ~ Answer correct ~ Format valid
Train split 1,021 1,506 1,786
Eval split 113 167 198

Table 8: Silver data statistics. CUAD has the low-
est retention due to strict verbatim extraction filtering
(>80% word overlap with passage).

E.1 Silver Data Filtering Analysis

Our quality filter for CUAD retains 38% of sil-
ver examples (1,134 of 3,000) by requiring >80%
word overlap between the model’s output and the
input passage, ensuring the model extracts rather
than hallucinates. This raises a natural concern
about selection bias: are retained examples sys-
tematically easier? We analyze the filtered-out ex-
amples and find they fall into two categories: (1)
outputs where the model generated “Not found”
or empty responses, and (2) outputs where the
model hallucinated text not present in the pas-
sage (374 examples with average output length of
11.5 words vs 21.2 for retained). The filter thus
primarily removes generation failures, not diffi-
cult examples. However, retention rates do vary
by clause type: factual clauses (document names:
98%, agreement dates: 87%) are retained at higher
rates than complex legal provisions (liability caps:
8%, 1P ownership: 0%). This is consistent with
findings in self-training literature that model confi-
dence correlates with task simplicity (Hsieh et al.,
2023), and quality filtering inherently favors ex-
amples where the teacher model performs well.
Critically, this bias does not prevent generaliza-
tion. The test set spans 24 clause types including
complex provisions (IP ownership, liability caps,
anti-assignment) with low or zero training reten-
tion. LoRA achieves 33.4% F1 across this full
distribution, exceeding the examples-only base-
line (31.6%). This suggests that patterns learned
from simpler clause types (extraction boundaries,
output formatting) transfer to harder ones consis-
tent with Min et al. (2022)’s finding that in-context

examples primarily convey format and distribution
rather than task-specific factual knowledge.

E.2 Behavioral Validation

To validate that LoRA internalizes example behav-
ior rather than learning independent patterns, we
compare outputs across conditions and categorize
prediction errors (Table 9). Across all three tasks,
LoRA outputs are 2-4x more likely to match E
outputs than S+I outputs (CUAD: 15% vs 5% ex-
act match with E; GSM8K: 43% vs 22%; Multi-
WOZ: 33% vs 10%), confirming the adapter shifts
behavior toward the example-augmented condi-
tion.

Qwen Mistral
Category S+1 E LoRA | S+I E LoRA
Exact match 5 12 14 0 14 13
Partial 8 35 35 30 43 42
Hallucination 52 53 34 69 43 45
Empty 35 0 17 1 0 0
F1 138 316 .334 \ 249 384 358

Table 9: Error distribution on CUAD (n = 100, per-
centages). LoRA reduces hallucination and increases
exact matches relative to S+, closely tracking E’s dis-
tribution.

LoRA achieves the highest F1 (.334 Qwen,
.358 Mistral), reducing hallucination (Qwen:
52%—34%; Mistral: 69%—45%) while increas-
ing exact matches. Both models achieve strong
F1 through LoRA but via qualitatively differ-
ent mechanisms — Qwen learns abstention (17%
empty), Mistral learns aggressive extraction — re-
vealing architecture-dependent distillation effects.
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