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Manual Few-shot Prompting

• Tedious and time-consuming.

• Hard to scale across tasks.

• Requires careful prompt design.

RAG-based Few-shot Prompting

• Requires building a database.

• Database maintenance is costly.

• Hard to find relevant documents.

GRAD(i) Does the Heavy Lifting

• Provides shorter demos&outputs.

• No database / RAG needed.

• Scales across tasks and domains.

Example

í

z

How much does it cost you for lunch today at Subway if you pay $40 for a foot-long fish sub and thrice as much for a
six-inch cold-cut combo sub?

ú

Let the cost of the six-inch cold-cut combo sub be ( x ).
According to the problem, the cost of the foot-long fish
sub is $40, and the cost of the six-inch cold-cut combo
sub is three times less than the foot-long fish sub. [...]
Therefore, the total cost for lunch today at Subway is
approximately $53.33. However, since the exact value is
required:

#### 53.33

**Reasoning**: 
- Cost of foot-long fish sub = $40
- Cost of six-inch cold-cut combo sub = 3 * $40 = $120
- Total cost = $40 + $120 = $160

#### [160]

Query

### Question: The Early Bird Dinner offered dinner
meals at half off the menu price if you eat between 2-4
pm.  Curtis ordered the Salisbury Steak that costs
$16.00 and Rob ordered the Chicken Fried Steak at
$18.00.  If they ate at 3 pm, what was the cost of their
total bill?
### Answer: Since Curtis and Rob ate during the Early
Bird Dinner time frame, their meals were half off, making
the Salisbury Steak $8 and the Chicken Fried Steak $9.
Thus, the total cost of their meal was $8 + $9 = $17. The
answer is $17. [END_DEMO]

RAG

### Question: Mike and John dined at the Taco Palace
restaurant.  They each ordered the Taco Grande Plate as
their main meal, but Mike also ordered a side salad for
$2, a plate of cheesy fries for $4, and a diet cola for $2. 
As a result, Mike's lunch bill was twice as large as John's
bill.  What was the combined total cost, in dollars, of Mike
and John's lunch?
### Answer: Let x represent the cost of John's Taco
Grande Plate and y represent the total cost of Mike's
meal. [...] The combined total cost of their lunch is 8 + 16
= 24. The answer is 24 dollars. [END_DEMO]

Example 1

Example 2

Answer

Example 1:
**Scenario**: At a local café, a customer buys a large
coffee for $3 and three times that amount for a slice of
cake. How much did they spend in total?
**Reasoning**: 
- Cost of coffee = $3
- Cost of cake = 3 * $3 = $9
- Total cost = $3 + $9 = $12

#### [12]
[END_DEMO]

Example 1

Example 2:
**Scenario**: A student buys a notebook for $5 and
spends three times that amount on a set of colored
pencils. What is the total expenditure?
**Reasoning**: 
- Notebook cost = $5
- Colored pencils cost = 3 * $5 = $15
- Total cost = $5 + $15 = $20

#### [20]
[END_DEMO]
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• With GRAD, the problem
is solved correctly!

• GRAD is trained under
length constraints ⇒both
demos and final outputs
are shorter!

Results
14B GRAD(i) crushes all the baselines!

GRAD and GRADi outperform common
baselines: zero-shot, RAG, and self-demo.

Performance Scales with Model Size
Can cheaper models provide

demonstrations for larger ones?

Models in the table are arranged by increasing size,
from the smaller models at the top (e.g. Qwen2.5-
7B) to larger ones at the bottom (e.g. Qwen2.5-
14B). Within each model group, six methods are
compared as described in Section 3.5. The datasets
are also ordered by their semantic similarity to the
training dataset, from left to right: GSM8K (most
similar) to MMLU* (most dissimilar). This setup
allows us to evaluate the generalization performance
of the baseline strategies and both GRAD versions.

4.2 Results Analysis
Table 1 presents a consistent pattern: as model
size increases, the performance of GRAD models
improves substantially across all datasets. Qwen2.5-
7B achieves the highest accuracy on 4 out of 6
datasets, significantly outperforming both Zero-shot
and RAG. The advantage is even more pronounced
at the scale of 14B, where GRAD consistently
dominates nearly all benchmarks.

The heatmap in Figure 3 shows how the perfor-
mance of GRAD and RAG differs. Lighter shades
indicate similar differences, while red and blue
show gains favoring GRAD and RAG, respectively.
In the top-left region, which corresponds to smaller
models on more ID datasets, the differences are
marginal. Moving to the right, where smaller mod-
els are evaluated on increasingly OOD datasets,
GRAD shows significant improvements, demon-
strating its ability to generalize beyond training
distributions. In the bottom row, the 14B model
consistently outperforms RAG across nearly all
datasets, highlighting the robustness of large-scale
GRAD in few-shot settings. Further analysis com-
paring GRAD with alternative baseline approaches
is presented in Appendix A.5

In summary, our findings confirm that dynam-
ically generated demonstrations produced by RL-
trained demonstrators outperform static retrieval,
especially for OOD datasets. This advantage grows
significantly with larger models, which produce
better-aligned examples.

4.3 Can Smaller Models Provide Good
Demonstrations for Larger Models?

We investigate whether demonstrations generated
by fine-tuned, smaller, cheaper models can be ef-
fectively used by a much stronger model (Qwen2.5-
14B) during inference. This approach could signif-
icantly reduce computational cost during demon-
stration generation. To isolate the effect of the
demonstration source, we fix the answer-generation

model to Qwen2.5-14B and vary only the model
responsible for generating the demonstrations.

Table 2 reports the performance when using
demonstrations generated by the 3B, 7B, and 14B
versions of Qwen2.5. The smaller models (3B and
7B) are fine-tuned to generate demonstrations for
the bigger (14B) model, while the 14B-BASE is
the vanilla, untrained version. We observe that
demonstrations generated by the smaller, fine-tuned
models can yield surprisingly competitive perfor-
mance when used by a much larger model for final
answer generation. Fine-tuned smaller models can
serve as cost-efficient demonstration generators
without significantly compromising performance.

Dataset 3B-
Demo

7B-
Demo

14B-
BASE

GSM8K 66.67 72.22 84.12
draw_structured 42.5 47.00 34
MathQA* 51.23 54.13 43.78
deepmind
basic_math 66.67 72.22 70

MMLU* 50.73 57.288 59.57

Table 2: Accuracy (%) of Qwen2.5-14B using demon-
strations generated by itself (untrained, vanilla model)
or by smaller, fine-tuned models. Datasets are ordered
by their semantic similarity from top to bottom in de-
creasing order. The model with the highest performance
on the corresponding benchmark is highlighted in bold.

4.4 Generalization to Non-Mathematical
Tasks

While our training focused primarily on mathe-
matical reasoning, we evaluated performance on
two diverse benchmarks: ARC Challenge v2 and
selected MMLU subsets (e.g., formal logic, com-
puter science, physics). These represent a new
multiple-choice setting that differs substantially
from mathematical reasoning and also span dis-
tinct domains. This evaluation allows us to assess
whether the capabilities learned in a math-centered
training pipeline can transfer effectively to broader
reasoning challenges. Despite this shift, on MMLU,
our GRAD pipeline shows strong generalization,
with larger models (e.g., Qwen2.5-14B) consistently
outperforming the zero-shot baseline by more than
17.5% and surpassing RAG by over 16.5%. In the
case of ARC Challenge v2, the zero-shot already
attains high accuracy, and adding demonstrations
yields no measurable gains and can introduce noise.

The target model (14B) still benefits from 3B
and 7B demonstration samplers.
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Conclusion
• GRAD consistently outperforms Zero-

shot and RAG across all the benchmark
datasets

• GRAD generalizes beyond the dataset
it was trained on: on MMLU subsets,
GRAD improves Zero-shot and RAG per-
formance by >16%.

• Fine-tuned smaller models (3B, 7B) gen-
erate demonstrations that enable the big-
ger model (14B) to achieve competitive
accuracy with minimal performance loss.cmprsr

https://qr.link/9xCK8Y

When in doubt, GRAD it out. Less fluff, more stuff – with GRADi, nothings tough.


